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Summary 
 

 

 

UNCERTAINTY IN MODELING ACTIVITY-TRAVEL 
DEMAND IN COMPLEX URBAN SYSTEMS 

 

Models of travel demand forecasting are commonly used in urban and transportation 

planning practice to predict the demand for infrastructure and urban facilities and 

assess the likely effects of new projects and urban-transportation policies on household 

activity-travel patterns and a series of derived performance indicators, such as total 

kilometers travelled, trip-tour ratios, emissions, energy consumption and transportation 

mode shares. Common applications involve the use of single model run outcomes and 

associated performance indicators, assuming that both the input data and the model 

are valid. 

However, in reality, these forecasts are subject to various sources of error. The 

input data may contain errors, the sample may be biased, the model itself may be 

stochastic, and also the scenarios used for model forecasting may not necessarily be 

consistent with the actual evolution of the urban-transportation system. Consequently, 

the forecasts of travel demand models will exhibit a certain degree of uncertainty that 

requires further investigation to qualify the model forecasts and better support the 

transportation planning process. 

Surprisingly, although uncertainty in model forecasts is inherent to activity-based 

models and better knowledge of the degree of uncertainty may be very valuable not 

only for the model specification process, but also for the sampling process and the 

value of particular model outcomes for policy scenario development and plan 

evaluation, very few studies have assessed the degree of uncertainty in models of travel 

demand. Moreover, with the exception of the work of one research group, all existing 

studies have been concerned with the classic four-step travel demand model or simple 

discrete choice models. This observation is important because academia has moved 

away from the four-step model to advanced activity-based models of travel demand, 

applied to complex urban systems. Moreover, these activity-based model systems are 

moving to practice, implying one would expect professionals to need a better 
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understanding of the uncertainty properties that are associated with these activity-

based models. 

Motivated by these developments and considerations, the aim of this PhD study is 

to develop and apply a formal uncertainty analysis of an activity-based model of travel 

demand. The Albatross model system (Arentze & Timmermans, 2004) is used for that 

purpose. Because this model is based on probabilistic decision tables, this study is also 

the first comprehensive study that examines the degree of uncertainty in rule-based 

models of activity-travel demand. 

Uncertainty in model forecasts may be the result of input uncertainty, model 

uncertainty or both. Theoretically, uncertainty is reduced with an increasing number of 

model runs and with an increasing sample size. In the context of activity-based travel 

demand models, the latter is directly related to the choice of the fraction of the 

synthetic population that constitutes the basis for model simulations. Although in 

principle simulations can be applied to the full population and increased computing 

power may turn that into common practice, currently forecasts are still often based on a 

sample fraction. Moreover, because rule-based activity-travel demand models generate 

predicted individual activity-travel sequences, these predicted outcomes can be 

aggregated in time and space to derive different types of predictions that are useful for 

different policy assessments. Typically, these aggregations include destination totals, 

origin-destination tables and various aggregate, system-wide performance measures, 

such as mobility rates, total miles travelled, shares of transportation modes, etc. 

This study involves a systematic uncertainty analysis, considering model 

uncertainty, input uncertainty and a combination of these, for a set of model outputs 

that vary in terms of spatial and temporal aggregation. Uncertainty assessments are 

based on multiple Monte Carlo draws of the relevant probability distributions. The 

degree of uncertainty is reflected in differences in model predictions and quantified in 

terms of the coefficient of variation. Because this approach cannot be applied to 

measure the degree of uncertainty in predicted activity-travel sequences, an alternative 

approach is suggested. This approach calculates the degree of variation and, therefore, 

uncertainty in Levenshtein distances that are calculated on the basis of multi-

dimensional sequence alignment of pairs of predicted activity-travel schedules. Because 

the number of pairs may be very high, the performance of a set of suggested heuristic 

approaches is evaluated. Because the use of a synthetic population in complex activity-

based travel demand forecasting models precludes the use of the full population, at 

least in larger metropolitan areas, model applications are typically based on a sample of 
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the synthetic population. This raises the need to infer the degree of uncertainty for the 

population at large using the results of the sample fraction of the synthetic population. 

In contrast to prior research on uncertainty analysis in travel demand modeling, which 

has ignored this problem, this inference is included in this PhD study. 

To shed light on the optimal strategy to estimate the degree of uncertainty, this 

study also compares the influence of the number of model runs on the degree of 

uncertainty for the selected set of model outputs, for different sample fractions of the 

synthetic population. More specifically, uncertainty analysis is conducted for respectively 

10%, 30% and 50% of the synthetic population of the City of Rotterdam. 

The findings of the study demonstrate that the degree of uncertainty depends on 

the inherent variability in the data, the sample fraction size, and the number of model 

runs. Results also demonstrate that for some model outputs a high number of model 

runs is required, potentially implying long computation times. This finding indicates that 

uncertainty analysis of these complex model systems cannot be conducted as part of 

real-time policy development and plan evaluation sessions. 

An important consideration of applications of activity-based models of travel 

demand in transportation planning practice, thus, is to choose the right sample fraction 

size, model runs and model specification to approximate the true, but lowest, 

uncertainty in model forecasts in the most efficient way, involving least computing 

times. In addition, to stimulate integral consideration of uncertainty in (real-time) 

scenario development session, a solution should be found for the prohibitive computing 

times that come with complex activity-based models of travel demand.  

As possible solutions to this problem, three options are explored in this PhD study, 

all hitherto (largely) unexplored in travel behavior analysis. The first involves replacing 

random Monte Carlo draws with more sophisticated sampling schemes, particularly 

Halton draws. These schemes have the potential advantage that they cover the 

probability space more efficiently, implying that a smaller number of model runs is 

required to obtain stable estimates of uncertainty. The second is to build an emulator, 

which is a statistical model that captures the relationship between input and predictions. 

If an emulator provides a good description of this relationship, running the full process 

model can be avoided, which may substantially reduce computing times. The final 

suggested option is to use model ensembles. As the different members of the ensemble 

may pick up different components of uncertainty, the uncertainty associated with 

ensembles of decision trees may be less than the uncertainty of a single decision tree. 

The thesis discusses the potential advantages and limitations of each of these possible 
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solutions. Moreover, their empirical performance is assessed for selected model 

outcomes. 

The study leads to the following main conclusions. First, the degree of uncertainty 

pertaining to any model output tends to decrease with (i) less inherent uncertainty in 

the input, (ii) an increasing number of observations in the data set, (iii) an increasing 

number of model runs, and (iv) higher level of spatial and temporal aggregation. Thus, 

ceteris paribus, the degree of uncertainty becomes higher if the focus of interest shifts 

from aggregate, system-wide performance indicators via OD-matrices to disaggregated 

space-time sequences and performance indicators. Second, generally, uncertainty is 

reduced with an increasing fraction size of the synthetic population, but this regularity is 

non-linear. In the present case study, a 10% fraction of the synthetic population was 

too small in the sense that results suggested a further reduction in uncertainty in model 

outcomes could still be obtained by increasing the sample fraction. Differences in 

uncertainty between the 30% and the 50% fractions became small in many instances. 

Third, the results demonstrate that especially when the fraction of the population is 

small (10%) an increasing number of runs has a smaller effect than increasing the 

population fraction. This is due to the fact that a small sample fraction of the population 

(in the current study 10%) leads to some empty or very low frequency cells in the 

multi-way table of socio-demographic characteristics in the different zones. This causes 

very high uncertainty for those specific categories, which consequently lead to high 

uncertainty in overall performance indicators. Increasing the number of runs does not 

really help in decreasing the uncertainty in this case. Fourth, substantial differences can 

be observed for different activity types, the differences varying for different sources of 

uncertainty. However, generally, fixed activities such as Work, Bring and Get children 

and other secondary fixed activities show a lower degree of uncertainty compared to 

the other flexible activities. In most cases, shopping and touring are the activity types 

that have the highest variation. As for transportation mode, using private car as 

passenger proved to have high coefficients of variation in all types of uncertainty 

analysis, while slow mode has the highest variability for the number of trip indicator 

under model uncertainty and public transportation is the mode with a high coefficient of 

variation in case of input and combined model and input uncertainty. The uncertainty 

related to the females’ performance indicators is higher for input and combined model 

and input uncertainty and lower for model uncertainty.  
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Introduction 
 

 

 

 

1.1 Motivation 

Forecasting travel demand and traffic flows has traditionally been an essential part of 

urban and transportation planning. Over the years, many different models have been 

formulated and applied in transportation planning practice. In this context, a model is a 

formal representation of the researcher’s assumptions of the phenomenon that is being 

modeled. Usually these assumptions are presented in terms of a functional relationship 

between objective characteristics of the environment and some aspect of travel 

behavior. These functional relationships involve a set of parameters, which need to be 

estimated. Next, the goodness-of-fit of the model is assessed. If satisfactory, the 

researcher has collected evidence that his set of assumptions is valid for the data and 

study area considered. Assuming the estimated functional relationships are invariant 

over time (for cross-sectional models), autonomous or planned change in the 

environment can be translated into the independent variables of the model and the 

effects of such change can be predicted. 

Thus, forecasting models are an essential component of feasibility and impact 

studies. The purpose of a feasibility study is to assess whether a project can achieve 

(financially or otherwise) a targeted performance. Performance measures often require 

a forecast of the number of people using the planned infrastructure or facility. Unless 

the new project attracts more people or expenditure from a larger market area than the 

minimum required to achieve feasibility, it will compete with the existing facilities in the 

market area. In that case, it is relevant not only to assess feasibility, but also the impact 

the project will have on each of the competing facilities. Although under such 
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conditions, the impact will be negative, the policy question is how negative and how the 

effects are distributed across the existing facilities. 

Most applications of travel demand forecasting models in urban and transportation 

practice only report a single predicted model outcome for each type of indicator. In a 

transportation study, the outcomes of the model will be quantities such as number of 

trips, origin-destination matrix, distribution of transportation modes and distribution of 

the traffic on the network. Sometimes, these predicted numbers are linked to 

performance indicators such as value of travel time, emissions, energy consumption, 

etc. allowing an evaluation of projects, plans and scenarios in terms of such 

performance indicators. 

The reliance on these forecasted single numbers might signal more than what one 

can realistically expect. Often, the described practice is criticized because it is argued 

that the future cannot be predicted, which implicitly implies that the forecasts are taken 

as absolute forecasts. However, the modeling approach implies that models produce 

conditional forecasts: the forecasts are only valid to the extent that the model is correct, 

that the model is invariant over time, that the scenarios on which the forecasts are 

based are correct and that the data used to estimate the model are correct. In reality, 

none of the conditions will be entirely met; all or part may be violated. The input data 

will contain error due to mistakes in coding, respondent bias, and other problems in the 

data collection process. In addition, the model itself will not be perfect. Usually, models 

are stochastic; they have error terms which means that different runs of the model will 

lead to different predictions. Scenarios, describing some state of the future system, may 

envisage a future that will not be realized. In other words, any modeling process from 

data collection to application is sensitive to multiple uncertainties and, therefore, model 

predictions are also uncertain. 

Does this mean that the model becomes worthless? The contention, defended in 

this thesis, is “no”, if it is realized that the forecasts are conditional to start with. 

However, the modeling community has only scarcely addressed the issue of uncertainty, 

and has rarely attempted to analyze uncertainty in model forecasts in any systematic 

manner. At best, sensitivity analyses have been conducted. For simple models, the 

uncertainty in model outcomes can be analytically deducted, using simple mathematics. 

However, for complex systems, the issue anything but straightforward as it is not 

evident how errors propagate across different sub-models. Consequently, uncertainty in 

activity-based models of travel demand, as an example of such complex models needs 

dedicated approaches as uncertainty is characterized by multiple interdependencies. 
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1.2 Aims and objectives 

The aim of this PhD study is to examine uncertainty in travel demand forecasts of 

activity-based models. As the major sources of uncertainty are errors in the data and 

the uncertainty inherently associated with the stochastic nature of activity-based 

models, uncertainty is examined for both input and model uncertainty. In addition, the 

uncertainty due to combination of two sources of uncertainty is examined. All analyses 

will be based on the Albatross model system, perhaps the most comprehensive activity-

based model of travel demand (Arentze & Timmermans, 2000, 2004a, 2004b, 2005). 

A distinct feature of some advanced activity-based models of travel demand, 

including Albatross, is that they predict a series of activity and travel episodes. It implies 

that a full assessment of the uncertainty of the predictions should also address the 

sequential information in the predictions. Because no standard approach for such 

assessment has been proposed in the literature, a second objective of this study is to 

develop an approach for measuring uncertainty in predicted activity-travel sequences. 

As will be described in more detail later, the assessment of uncertainty in model 

forecasts is based on multiple model runs, commonly based on Monte Carlo simulation. 

Knowing that a single run of an activity-based model may already take many hours if 

not longer, it should be realized that uncertainty analysis of these advanced models 

may take many weeks or months to complete, unless one has access to 

supercomputers or to many computers that can run at the same time. Consequently, a 

research frontier is to develop and test concepts that would reduce computing times 

and/or a priori reduce the amount of uncertainty. In this context, several of such ideas 

are examined. In particular, we will explore the impact of using more advanced 

sampling schemes, as an alternative to Monte Carlo sampling. In addition, we will 

examine whether emulators and ensembles can be fruitfully used. An emulator is a 

statistical model of input-output relationship of an underlying process model. It would 

avoid having to run the original model multiple times in any new policy assessment 

session. Ensembles are combinations of models, which therefore may reduce the 

uncertainty that is associated with any single model. 

Thus, a third objective is to explore the potential value of alternative sampling 

schemes, emulators and ensembles in uncertainty assessment of activity-based models 

of travel demand. Positive findings on the usefulness of the above mentioned 

approaches in capturing/quantifying uncertainty in a shorter time as well as reducing 

the amount of uncertainty would pave the way to easier application of uncertain 

analysis of complex model systems to urban and transportation planning practice. 
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1.3 Contributions 

As we evidence later in this thesis, the number of studies on uncertainty analysis in 

urban and transportation research is still very small. Moreover, in travel demand 

forecasting, virtually all previous studies have been concerned with the classic four-step 

model of activity-travel demand or with simple discrete choice models. Thus, a first 

contribution of this thesis to the state-of-the-art concerns the fact that it addresses a 

largely still unexplored problem in activity-based models. As will be discussed later, only 

a limited number of studies of very small scale has studied uncertainty associated with 

other types of travel demand forecasting models. Secondly, because Albatross is based 

on probabilistic decision tables, whereas all other activity-based models of travel 

demand use algebraic formalisms, this is also the first major study in transportation and 

urban planning research that examines model uncertainty in probabilistic decision 

tables. Only the Hasselt Group has conducted similar, but significantly more modest, 

studies. 

The third contribution of the current study, therefore, concerns the scale of 

uncertainty assessment in terms of number of model runs, and number and nature of 

indicators. Confidence levels of uncertainty estimates, for instance, are examined in the 

current study for the first time in transportation research. 

As discussed, because the sequential information is essential for activity-based 

models of travel demand, and the limited number of previous studies on uncertainty did 

not take the sequential nature of activity travel patterns into account, the suggested 

approach to quantifying the degree of uncertainty in sequential activity-travel patterns 

is unique. 

Finally, a systematic literature search in all main transportation journals and 

conferences did not indicate any studies in this field of research on the development 

and application of emulators and model ensembles. Although there is a small literature 

on the application of sampling schemes, other than Monte Carlo draws, particularly in 

estimating heterogeneity in discrete choice models, to the best of our knowledge, the 

application of alternative sampling schemes has not been examined in connection with 

uncertainty in travel demand forecasts. 

1.4 Organization of thesis 

This thesis addresses the problem of uncertainty in outcomes of complex activity-based 

models of travel demand, using Albatross as an example. Thus, key concepts underlying 

this thesis are travel demand forecasting, activity-based models and uncertainty 
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analysis. To allow readers, new to these fields of study, understand the core contents of 

the thesis, we first discuss the state of the art related to these topics.1 

Chapter 1 gives a summary of the development of activity-based models of travel 

demand. Discussing the potential weaknesses of the classic four-step models, it 

identifies the promises made and then reviews recent developments. In addition, an 

agenda for future research is outlined. Originally, this chapter was an invited paper and 

thus had a different focus. However, the review of the developments and achievements 

of activity-based modeling is still useful in sketching the wider context of this thesis. 

The conclusion part of the original article has been adjusted to provide an introduction 

to the problem of uncertainty of activity-based models of travel demand. 

Having discussed developments in activity-based modeling, Chapter 2 then shifts 

the focus of attention to uncertainty analysis by providing basic definitions and an 

overview of previous studies on uncertainty analysis in travel demand forecasting. It 

leads to the conclusion that the number of studies that has appeared in the 

transportation journals is very limited, and moreover that virtually none of these studies 

has been concerned with complex activity-based models of travel demand. 

Chapter 2 zooms in on key ideas underlying uncertainty analysis. It explains that 

uncertainty analysis involves running the model multiple times. Each run results in a 

different prediction. Uncertainty that relates to the variability in these predictions is 

usually captured in terms of the coefficient of variation, which is defined as the ratio of 

the standard deviation of the forecasts to the mean of the forecast. The different model 

runs can be based on different input data or on different draws of the error distribution 

of the model. Most commonly, Monte Carlo draws are used to simulate the realizations 

of the random distributions. In addition, the chapter outlines some statistics to estimate 

the reliability of the estimated uncertainty statistics. Even though these have not been 

applied in previous studies on uncertainty analysis in transportation research they can 

nicely complement more commonly used approaches. 

                                                     

1 Those parts of the project that were ready at an earlier stage have been published in academic 

journals. We have used the expression that chapters are “based on” journal articles to indicate that 

chapters have been updated with more recent key publications. Moreover, the original articles have 

been partly rewritten and revised to better justify, where necessary, operational decisions made, 

emphasize and elaborate dependencies between chapters, reduce too much overlap between 

chapters, and more intensively reflect and discuss implications for the larger study.  
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Before discussing the core of the thesis, Chapter 3 first outlines the design of the 

project. Uncertainty analysis is applied to the Albatross model system. This model 

predicts daily activity-travel sequences and associated performance indicators based on 

a decision process model. This process model involves 27 subsequent decisions. Each 

decision is modeled in terms of a probabilistic decision table, which represents a 

decision heuristic. That is, it specifies which action an individual of a certain socio-

economic profile will take under a set of conditions. Input to these tables is a set of 

socio-economic variables, attributes of choice alternatives, plus the decision outcomes 

of some decision tables that are activated earlier in the process model. The action 

states of the decision tables are probabilistic, emerging from the heterogeneity 

between/ within individuals caused by the unobserved/missing condition variables. The 

chapter provides further details of the specification of the Albatross model system and 

the underlying process model. The City of Rotterdam, the Netherlands serves as the 

case study area. Chapter 4 describes some features of the study area. The basis of the 

model is a synthetic population of  Rotterdam . 

A limitation of the current state of the art in uncertainty analysis is that the 

sequential information embedded in activity-travel patterns is not considered. Yet, a key 

distinction between activity-based demand forecasting models and the traditional four-

step model is that the former predict the sequence of activity and travel episodes. 

Hence, the uncertainty in these sequences also needs to be considered. Chapter 5, 

therefore, proposes a new approach to measuring uncertainty in activity-travel 

sequences. It is based on multi-dimensional sequence alignment, which previously has 

been used for segmenting activity-travel patterns or as a measure of goodness-of-fit, 

but to the best of our knowledge it has never been used before in the context of 

uncertainty analysis. Moreover, because computing times can be prohibitive, it explores 

the performance of various heuristic algorithms in this context. Results suggest that the 

proposed approach and algorithms are a potentially valuable way of addressing 

uncertainty in activity-travel sequences. 

The next chapters then present the results of the uncertainty analysis of Albatross 

for the Rotterdam area. Chapter 6 discusses the results of model uncertainty. Due to 

the probabilistic nature of the decision tables, every run of the model may result in a 

different predicted daily activity pattern. The variability in these predicted patterns, 

measured in terms of the coefficient of variation, thus indicates the degree of 

uncertainty in model forecasts. It is expected that an increasing number of model runs 

will reduce uncertainty, but the exact relationship between uncertainty and number of 
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runs is not a priori known and will vary by activity type. To breakdown uncertainty in 

complex activity-based models, the results will be presented according to a decreasing 

level of aggregation. First, the results pertaining to aggregate performance indicators 

such as total travel time and total kilometers travelled will be discussed. Next, 

uncertainty that relates to origin-destination tables and particularly to destination totals 

will be discussed. The third level is the individual level, which includes uncertainty in 

activity-travel sequences. In addition to overall results, the chapter also reports 

uncertainty assessment for different activity types, transportation modes and gender. All 

these analyses will be based on a constant 10 per cent fraction of the synthetic 

population of Rotterdam. 

Chapter 7 is concerned with input uncertainty. In this case, the different model 

runs are not based on different Monte Carlo draws from the probabilistic decision tables, 

but rather on different realizations, generated by Monte Carlo draws, of the input data. 

In particular, travel time and number of employees in daily goods retailing which serves 

as an attraction variable are assumed to contain error as they come either from the 

experts’ assessment in case of average travel time or from other models (LMS/ NRM). 

These errors are represented in terms of a probability distribution. Similar to Chapter 6, 

results are described at varying levels of aggregation, from aggregate system-wide 

performance indicators to individual-level activity travel sequences. Again, all these 

analysis will be based on a 10 per cent fraction of the synthesized population. 

Because model applications are subject to both model and input uncertainty, 

Chapter 8 describes the results of the joint effect of these two sources of uncertainty. 

The same structure for discussing the results is used. The chapter starts with aggregate 

performance indicators, then focuses on origin-destination tables and destination totals, 

and finally discusses combined model and input uncertainty at the level of individual 

activity-travel sequences. As in the previous chapters, the findings are based on a 10 

per cent fraction of the synthetic population. 

If the uncertainty in model forecasts is considered too high or unstable, 

researchers may consider increasing the number of model runs and/or increasing the 

fraction of the synthetic population. The effects of increasing the fraction of the 

synthetic population are discussed in Chapter 9. To examine these effects, the model 

was run for respectively 10, 30 and 50 per cent of the synthetic population. Because 

both an increasing number of model runs and an increasing fraction of the synthesized 

population tend to reduce uncertainty, researchers may decide which combination of 

number of model runs and sample fraction size to use. Increasing the number of model 
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runs will enhance the probability distribution of the action states of the probabilistic 

decision tables, where an enlarged sample fraction size will improve the representation 

of the heterogeneous synthetic population. 

These core chapters of the thesis will make clear that the combination of the 

required size of the synthesized population and the number of model runs required to 

obtain stable results and/or acceptable uncertainty in model forecasts implies that a 

huge amount of computing time is needed to produce sufficiently certain model 

forecasts. These computing times may prohibit any serious uncertainty analysis in real-

time policy development assessment sessions with commonly available computer 

apparatus. Hence, there is a clear need to develop approaches and tools to reduce such 

prohibitive computing times. 

The next three chapters explore the potential value of three such ideas that are 

new to activity-travel demand forecasting: alternative sampling schemes, emulators and 

ensembles. Alternative sampling schemes may be relevant to the extent they would 

reduce the number of draws required to obtain a stable estimate of uncertainty. 

Emulators represents an attempt to build a summary model which can be applied in real 

time, while ensembles are combinations of model specifications that may pick up 

different sources of uncertainty, inherent in the data. These ideas will be introduced 

and illustrated.  

First, Chapter 10 explores the potential of using sampling schemes other than 

random Monte Carlo draws. Although Monte Carlo draws are easy to implement, they 

have the disadvantage that parameter space is not covered equally, which means that 

an unnecessarily large number of draws is required. In particular, the chapter compares 

the performance of Halton draws against the performance of random Monte Carlo 

draws. 

Second, based on the notion that the outcomes of the different runs of the 

complex model may have some systematic relationship with its input, Chapter 11 

explores the feasibility of using emulators in real-time policy development sessions. An 

emulator is a statistical model of a much more complex underlying richer process 

model. Thus, it summarizes an input-output relationship in the complex model by 

ignoring the underlying process. The results of such an emulator, developed for model 

uncertainty are discussed in this chapter. 

Third, based on the idea that every model is uncertain, but that different models 

may capture a different component of uncertainty, Chapter 12 reports the results of an 

ensemble of different decision tables that was used to generate predicted activity-travel 
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patterns. Analyses also focus on the relationship between the number of decision trees 

in the ensemble and the degree of uncertainty. 

The thesis is completed with a discussion of the main results of the various 

analyses, their implications for travel demand forecasting in both academic and applied 

research and a logically deducted series of research questions that need to be 

addressed in future research. 
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2 

 

 Activity-Based Models2 
 

 

 

 

2.1 Introduction 

The aim of this study is to develop and apply a comprehensive and integrative 

framework for uncertainty analysis of activity-based model of travel demand. The 

choice of activity-based models is driven by the fact that this type of travel demand 

forecasting model constitute the latest generation of models and because these models 

require some innovative solutions to issues about uncertainty, which they do not share 

with earlier generations of travel demand models. Thus, to describe and explain the 

larger context of this study, we start with a review of the evolution of activity-based 

models of travel demand. 

The formulation and application of activity-based models of travel demand gained 

significant impetus in the early 1990s when several pilot projects in the United States 

were funded. The number of papers about activity-based analysis of travel behavior 

and the development of comprehensive large-scale models rapidly gained momentum 

among academics. In addition, activity-based models slowly started to move to 

practice, although the current state of practice still differs widely between countries. For 

example, while there is evidence of increasing adoption of activity-based models by US 

MPO’s, the application of activity-based models in Europe seems to stagnate. In South 

                                                     

2 This chapter is based on S. Rasouli & H.J.P. Timmermans (2014a), Activity-based models of 
travel demand, International Journal of Urban Sciences, 18, 31-60. 
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Korea, intense discussion about the need to replace four-step models by activity-based 

models continues, while to date other countries have demonstrated a complete lack of 

interest in these models. 

Activity-based models have been promoted as a superior alternative to four-step 

models, avoiding some of the inherent limitations of the latter type of models. This 

begs the question whether activity-based models have delivered what has been 

promised? Is there evidence that activity-based model indeed outperform four-step and 

tour-based models? Do activity-based models indeed provide a solution to the 

theoretical and practical limitations of four-step models? How much progress has been 

made, and which issues deserve further attention? What new types of problems have 

emerged due to the introduction of activity-based models? 

This chapter, based on an invited article, seeks to give an answer to these 

questions. It starts with a discussion of the promises of activity-based modeling; the 

challenges and issues that were addressed in an attempt to solve some fundamental 

limitations and concerns of four-step models of travel demand. Next, progress in the 

formulation and application of activity-based models of travel demand will be reviewed. 

This review will be structured in terms of some main lines of development, which 

differentiate activity-based models of travel demand from classic four-step models. The 

combination of promises and progress then gives the munitions to reflect on the 

relative value of current activity-based models of travel demand and identify problems 

that still have not been addressed and, therefore, need further research and 

development. We complete this chapter by discussing prospects of activity-based 

models and formulating a research agenda for future research. 

2.2 Activity-based models: Promises 

Since the 1970s, increasingly more scholars in behavioral geography, urban planning 

and regional science advocated the development of behavioral models, which should 

replace the aggregate spatial interaction models that have been dominant in both 

academic and applied research since the 1950s. The need to develop activity-based 

models of travel demand to replace the classic four-step model was voiced strongly in 

travel behavior research in the early 1990s. In this context, it should be realized that 

the four-step model was nothing but a special application of spatial interaction models 

and thus shares the same theoretical underpinnings. Four-step models of travel 

demand predict travel demand and traffic flows based on a sequence of largely 

independent sub-models. In the first step, a regression model is used to predict the 
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total number of trips emanating from a set of traffic zones as a function of land use and 

socio-demographic characteristics of the zones. In some applied models, the number of 

trips is broken down by motive or travel purpose (shopping, work, social, etc.). To 

appreciate the significance of activity-based models, it should be emphasized that four-

step models are aggregate in nature – the unit of measurement is not an individual, but 

rather the number of trips emanating from any particular zone. Once the total number 

of trips for the traffic zones has been predicted, these aggregate numbers of trips are 

allocated to a set of destinations. To that end, a production-constrained spatial 

interaction model is typically used. This model assumes that the probability of a trip 

ending at a particular destination is (i) proportional to some measure of attractiveness 

of that destination, (ii) inversely proportional to some function of travel time or distance 

(distance decay function), and (iii) inversely proportional to the overall appeal of the 

competing destinations. The theoretical foundation of this model stems from social 

physics: it is assumed that the laws of thermodynamics equally apply to social and 

physical systems. The model is analogue to models in physics and does not involve any 

behavioral mechanisms, representing how individuals and households make choices 

when choosing a particular destination. The result of this second sub-model is an 

origin-destination matrix, which specifies the number of trips between traffic zones. The 

third sub-model then predicts the distribution of transportation modes for these trips, 

considering travel times or travel distances. Finally, the OD-matrices by transportation 

mode are assigned to the transportation network to predict traffic intensities and traffic 

flows on the network. 

The plea to develop activity-based models of travel demand was founded in 

several arguments, some fundamental, others more applied in nature (e.g. Kitamura, 

1988; Bhat & Koppelman, 2000). First, four-step models lack integrity, referring to the 

need for consistency and congruence of the various sub-models. As an example of lack 

of integrity, the distance decay function in the destination sub-model of the four-step 

model is not necessarily consistent with the function that stems from the assignment 

model. Similarly, travel times that result from the assignment model are not necessarily 

consistent with travel times that were used as input to the prediction of trip 

destinations. 

A second fundamental criticism of four-step models, related to the previous 

argument, concerns the simple assumption of independency between the four-steps. 

Four-step models do not capture any dependency between trips belonging to the same 

trip chain, or between different trips (trip chains) during the day. Similarly, because 
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four-step models are based on person-trips, they do not capture any dependency 

between different members of the same household. However, it should be realized that 

a single person might make a trip on behalf of the complete household (e.g. grocery 

shopping). Moreover, in case of car-deficient households, predictions of transportation 

mode choices for the various household members should be strongly linked. Also, 

transportation mode choice is modeled independently of the trip choice, implying that 

different modes can be predicted for different trips of the same chain. Trip generation 

and destination choice is independent of the state of the network. Other similar 

examples, showing independence of different choice facets, can be given. The 

assumption of independency implies that four-step models only predict primary policy 

effects and cannot cope with the more realistic assumption that a change in one facet 

of a daily activity program may cause subsequent shifts in other facets and/or shifts in 

the travel behavior of other household members. Four-step models are fundamentally 

inadequate to predict such secondary effects and complex behavioral adaptation 

patterns in response to external policies. 

A third argument is related to the strong aggregate nature of four-step models, 

both in time and space. All trip origins and destinations are treated as a single point in 

space; four-step models tend to differentiate only between peak and off-peak periods, 

assuming that the proportion of trips in each period is constant; all households in a 

zone are treated as identical or are segmented along a few variables at best. It was 

realized that all these types of aggregation cause significant aggregation bias because 

spatial interaction models are fundamentally nonlinear, and consequently the probability 

of an average is not necessarily equal to the average of the probabilities across 

individual underlying values. 

While the impact of these fundamental shortcomings may be relatively small in the 

context of investment decisions of large-scale infrastructure (the typical application 

domain of four-step models) the 1990s was the era of the emergence of different policy 

domains. In particular, the rapidly increasing importance of travel demand management 

programs necessitated the need for considerably more disaggregate modeling 

approaches to make the model much more sensitive to the very nature of such policies. 

Most of these criticisms are related to a fourth argument – the lack of behavioral 

realism of four-step models. It is realistic to assume that individuals and households 

wish to realize their needs and desires, subject to the constraints they face and the 

imperfect knowledge they have about their environment. Four-step models are not 

based on any such behavioral constructs and choice mechanisms. Moreover, constraints 
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on behavior are not considered, further adding to the potential lack of integrity in model 

forecasts. For example, if the time budget of an individual is limited, the allocation 

module of the four-step model may predict a destination that makes the individual’s 

schedule infeasible. 

Activity-based models were advocated as an alternative to the four-step models 

(e.g., Kitamura, 1988). Logically, therefore, these models promised to avoid the 

theoretical and applied limitations of four-step models, improving predictions and 

making the models more sensitive to a wider set of policies. Based on the 

understanding that travel is derived from the necessity to participate in activities, which 

in turn reflect needs, desires and commitments of individuals and households, the 

fundamental aim of activity-based models is predicting which sequence of activities and 

associated travel is conducted by (all) individuals of a household, where, when, for how 

long, the chains of transportation modes involved, and possibly with and for whom, 

subject to a set of spatial, temporal, institutional, spatial-temporal and possibly budget 

constraints. Thus, the classic focus on destination and transportation mode is 

complemented by timing and travel party decisions. The organizing principle is activity 

participation, which arguably is the same as motive. Few activity-based models include 

route choice. However, activity-based models generate time-dependent O-D matrices 

and, if predictions of traffic flows are needed, these matrices serve as input to 

conventional route assignment algorithms.  Thus, from this perspective, the difference 

between four-step and activity-based models appears to be small. The true difference, 

however, is related to integrity, allowance for complex dependencies, higher spatial and 

temporal resolution and time as a coherent framework for the model. The focus is not 

on the aggregated total number of trips, but rather on comprehensive, integral activity-

travel patterns, involving task and resource allocation, travel arrangements, joint 

activity participation, tours, and single trips. 

Activity-based models imply a shift from aggregate quantities and relationships to 

disaggregate models and micro simulations. The focus on the individual and household 

as the decision-making unit in a space-time configuration is essential to maintain 

integrity in model forecasts. The use of time as the integrating framework at the 

individual resp. household level achieves, at least in principle, intra-person integrity 

because the predicted multidimensional sequence of activity and travel episodes, 

defined in terms of start and end times, durations, locations, etc. is both consistent and 

feasible within the space-time constraints of the individual, and temporal, spatial and 

institutional constraints set by the environment. Intra-household integrity is achieved by 
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coordinating individual daily activity-travel patterns at the household level, considering 

task and resource allocation, joint activities and joint travel. Vovsha, et al. (2005), in 

addition, drew attention to downward and upward integrity, meaning that all lower-

level decisions in the choice model are properly conditional upon upper-level decisions 

and vice versa, but these requirements seem to be relevant only for hierarchical 

models. 

In addition to improved integrity, activity-based models also promised increased 

interdependencies between the various facets underlying a daily activity-travel pattern. 

Examples include consistency in transportation mode used during a tour, dependencies 

between different segments of a daily activity-travel pattern, dependencies between 

activity-travel generation, travel time and the state of the environment, dependencies 

between out-of-home and in-home activities. Increased interdependencies also concern 

the synchronized and coordinated daily activity-travel patterns of different household 

members. 

To become more sensitive to newly emerging policies, another promise underlying 

activity-based models of transport demand concerns significantly higher temporal and 

spatial resolutions. Predicting the impact of policies in terms of indicators such as 

emissions and exposure requires higher spatial resolution. Similarly, useful impact 

assessment of travel demand management programs requires much higher temporal 

resolution than the common peak-off peak categorization. 

Finally, the change from aggregate modeling to disaggregate or individual level 

modeling entails the promise of formulating appealing behavioral theories of choice and 

decision-making. Concepts used should be valid at the level of individual and household 

decision-making. 

2.3 Activity-based models: Progress 

2.3.1  Seminal work 

The 1990s marked the start of substantial progress in the development of activity-

based models of travel demand in reaction to the voiced limitations of previous 

generations of models. Instrumental to this shift to an activity-based paradigm were the 

1990 Clean Air Act Amendments in the United States, which called for the inclusion of 

transportation control measures in transportation improvement programs in heavily 

polluted non-attainment areas and, by state law, for all non-attainment areas in 

California (e.g., Bhat & Koppelman, 1999a). In particular, non-capital improvement 

measures such as congesting pricing, teleworking, and ridesharing incentives required a 
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different type of travel demand model. Moreover, the clear air amendments demanded 

forecasts of mobile emission levels at a much higher level of spatial and temporal 

resolution. Activity-based models are more appropriate to incorporate these 

requirements. 

To trigger the development of such models, the Federal Travel Model 

Improvement Program funded the development of the TRANSIMS and AMOS models. 

General interest in activity-based modeling then grew rapidly, due to a dedicated 

conference in Maastricht, The Netherlands 1995, the 1996 FMIP New Orleans 

conference and a special issue in Transportation in 1996. The relevant research 

community grew rapidly and the number of papers on activity-based analysis that 

appeared in the literature and that was presented at major conferences started to 

increase substantially. The first fully operational models became available around 2000, 

and various workshops, training programs and courses were organized to move activity-

based models to practice. In the United States, the TRB taskforce of the same name 

has been highly instrumental in this valorization process. To date, the activity-based 

paradigm still dominates the international academic research community in travel 

behavior research. 

Although major impetus thus occurred in travel behavior research in the United 

States in the 1990s, key concepts of activity-based analysis can be traced back to the 

1970s. Of paramount importance in this context has been the work in urban planning 

and time geography. The contribution of leading authors in these fields should be 

understood against the dominance of formal normative economic location theories in 

these disciplines at that time. Urban structure was explained in terms of isotropic 

conditions and utility and profit-maximizing behavior, as exemplified by central place 

and other economic location theories. Theories of spatial movement were either based 

on analogues to physics models such as for example aggregate spatial interaction 

models, or on empirically-oriented economic theories of that era that were based on the 

notion that observed behavior reflects individual preferences (the belief that it is only in 

the act of choice that people express their preferences!). Time geography emphasized 

the fact that individuals are part of social, institutionalized systems and that 

consequently individual behavior is strongly constrained. 

Chapin (1968, 1971) and Chapin & Hightower (1965) in the urban planning 

literature, argued that most land uses and transportation routes do not exist for their 

own sake, but because they allow people to conduct their desired activities. He argued 

that whereas movements are the key component of transportation planning, activities 
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are fundamental to land use planning and constitute the link between the city and the 

people. The study of activity patterns, recurrent in time and space may ultimately yield 

better theoretical explanations for urbanists and improved predictive tools for planners. 

Spatial patterns are the outcome of location behavior, which in turn is prompted by 

daily activity patterns. Thus, he argued that we should not rely on normative location 

theories, but rather on the identification of activity patterns. Chapin contended that 

activity behavior is strongly influenced by motivations, reflecting security, achievement, 

status, and other needs essential to a sense of well being. His conceptualization 

primarily focused on people choosing between options based on these motivations. 

Constraints only entered the picture to the extent these were driven by income, 

lifecycle and awareness of available options. 

Central to his conceptualization is the argument that some behaviors are 

physiologically driven, while others are learned. The latter type of behavior is the result 

of many choices individuals make. Chapin identifies four important sources: propensity, 

opportunity, situation and environmental context. Propensity describes the likelihood 

that individuals will become involved in a particular activity. It is influenced by pre-

dispositioning (needs stimulating people to act in a certain way) and preconditioning 

factors (propensity of individuals to limit certain choices, e.g. due to lifecycle, health 

etc.). Opportunities are defined by physical and spatial factors enabling individuals to 

exhibit certain behavior and become engaged in particular activities. Situation dictates 

whether the circumstances are appropriate to become engaged in the activities. For 

example, the time elapsed since conducting an activity will influence the next 

occurrence. Finally, the environmental context consists of all other factors influencing 

choice behavior. 

Hägerstrand (1970) in his keynote address to the regional science association also 

emphasized the need to consider individual behavior as opposed to the dominant focus 

at that time in regional science, geography and urban planning on aggregate 

relationships. In contrast to Chapin, however, he argued that individuals face many 

constraints, limiting their choices. In particular, his suggested the following taxonomy of 

constraints: 'Capability constraints', 'Coupling constraints' and 'Authority constraints'. 

'Capability constraints' are those, which limit the activities of an individual for biological 

reasons. The necessity of sleeping a minimum number of hours at regular intervals and 

the necessity of eating strongly influence the timing of activities. Similarly, space-time 

prisms, defined as the area that an individual can reach within a certain time window, 

constraint the destination and timing choices that an individual can make. He also 
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argued that the paths inside these daily prisms are strongly ruled by 'Coupling 

constraints', which define where, when, and for how long, different people can meet for 

a joint activity. 'Authority constraints' are those that are under the control of an 

individual or group because of his/their power or legal status. Viewed from a time-

space perspective, Hägerstrand (1970) distinguished two diverse systems in interaction. 

One is the predominantly time-directed warp of individual life-paths, which makes up 

the population of an area and concomitant capability constraints. The other is the more 

space-oriented set of imposed constraints of domains and bundles to which the 

individual may or may not have access according to his needs and desires. 

Cullen & Godson (1975) developed a theoretical framework that combines 

elements of Chapin and Hägerstrand arguments. They contended that individuals’ 

decisions are inevitably based on imperfect knowledge and bounded cognitive ability 

under conditions of uncertainty. Moreover, they argued that although behavior cannot 

be viewed as consistently rational in the classical economist’s sense, it contains highly 

organized episodes, which give structure and pattern to daily activity behavior. In line 

with Hägerstrand, they articulated that individuals operate in a context that is 

fundamentally structured by physical patterns and needs, which are to a large extent 

institutionalized by the availability of services and norms, expectations and habits 

acquired by individuals themselves.  

They assume that given these constraints, individuals choose from the set of 

feasible activities by an order of priorities. Priority depends on such factors as planning 

horizon, importance of the activity in financial, strategic, physical or other terms, 

presence of participants and their characteristics (e.g. relationship to the decision-

maker, frequency of contact, distance travelled), the order in which activities are 

planned and actual likes and dislikes for some activities. As with priorities, constraints 

on choice are suggested to operate differently in different planning horizons. An 

individual’s action space is limited by economical, physical, institutional, conventional, 

and accessibility constraints. Any specific activity has a subjective flexibility rating 

according to the degree of commitment associated with it. The extent to which it is 

constrained in time and space Four kinds of commitments activities are identified, 

ranging from routine activities, which are fixed in time and space, and completely 

unexpected activities. A variable proportion of the individual’s day is scheduled to 

facilitate synchronization of activities and movements and conserve time. The 

scheduling is carried out in accordance with the flexibility ratings and estimates of 

activity durations and travel times. Activities to which the individual is strongly 
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committed and which are both space and time fixed tend to act as pegs around which 

the ordering of other activities is arranged and shuffled according to their flexibility 

ratings. 

Jones, et al. (1983) combined these ideas in a major project in Banbury, 

Oxfordshire. Conceptually, they combined certain components of Chapin and 

Hägerstrand. Their starting point was that the various physiological, psychological, 

economic, social and role requirements of household members lead to a set of activities 

that households need to schedule across the day. Because activities are not equally 

important, they differentiated between obligatory and discretionary activities and 

argued that a household’s daily routines tend to be built around the obligatory activities 

of its members. This demand is matched against the supply, subject to several 

constraints. They identified four kinds of constraints: (i) The activities (some activities 

require a fixed amount of time or have to be undertaken with a specified periodicity; (ii) 

Facilities (some activities require to be carried out at certain times or places; many are 

only available between set hours or at specific times); (iii) The household (some 

activities are obligatory-resources will limit the types of activities which members can 

access or afford; individuals have to take into account the needs and constraints of 

other household members); (iv) The person (obligatory activities; people perceive only 

a subset of facilities; as circumstances changes habit and inertia will tend to further 

limit the scope of adjustment). If interaction between facilities and patterns of activities 

within households come into play, scheduling constraints further restrict daily behavior, 

both at the individual level and at the household level. 

2.3.2   Modeling approaches 

In line with seminal theoretical notions, three different activity-based models of travel 

demand can be distinguished: (i) constraints-based models, (ii) utility-maximizing 

models, and (iii) computational process models (Timmermans, et al., 2002). Prominent 

examples of these modeling approaches will be discussed in this section. It should be 

emphasized from the outset, that we do not wish to give a complete overview, but 

rather focus on exemplary, fully operational models that found a critical following, and 

models that have been instrumental in the historical development of this line of 

research. A recent, more detailed overview is presented in Henson, et al. (2009). Two 

models that do not fit nicely into this classification should be mentioned here as they 

are characterized by incremental improvement. The first is HAPP (Recker, 1995; Recker 

& Parimi, 1999; Chow & Recker, 2012; Gan & Recker, 2008, 2012; Allahviranhoo & 

Recker, 2013a, 2013b; Kang & Recker, 2013), formulated as an optimizing model of 
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household activity scheduling behavior. The second is MATSIM (e.g., Balmer, et al., 

2008, 2009), which primarily is an agent-based traffic simulation model, which in its 

original formulation was relatively weak in its demand generating functionality. Ongoing 

and planning work, however, aims at improving the model along these lines, and 

combining it with full-fledged activity-based models such as ALBATROSS. 

 

Constraints-based models 

These models represent the first type of activity-based models. Unlike later modeling 

approaches, the primary purpose of constraints-based models is not to predict 

individual and household activity-travel patterns, but rather to check whether any given 

activity agenda is feasible in a specific space-time context. Inputs to these models are 

activity programs, which describe a set of activities of certain duration that can be 

performed at certain times. The space-time context is defined in terms of locations, 

their attributes, available transportation modes and travel times between locations by 

different transportation modes. One of the attributes of interest is the opening/closing 

hours of the facilities at that location. A combinatorial algorithm is typically used to 

generate all possible activity sequences. The feasibility of each sequence is examined 

by checking whether (i) the interval between the end time of the previous activity and 

the start time of the next activity is sufficient to perform the activity, specified in terms 

of a minimum duration, and to travel to that destination, based on the required travel 

time by the transportation mode used (ii) the activity can start after the earliest 

possible start time and be finished before the latest possible end time, (iii) conditions 

about the sequencing of activities are not violated. 

Examples of constraints-based models include PESASP (Lenntorp, 1976), CARLA 

(Jones, et al., 1983), BSP (Huigen, 1986), MAGIC (Dijst, 1995; Dijst & Vidakovic, 1997), 

and GISICAS (Kwan, 1997). These models have in common that they check the 

feasibility of observed activity agendas, given a (new) set of spatial-temporal 

constraints. They differ in terms of the resolution of the spatial and network 

representation, the specific kind of constraints imposed and whether the feasibility is 

examined at the individual or household level. For example, Huigen (1986) and Kwan 

(1997) include a more detailed representation of the transport network. While most of 

these models focus on individual accessibility, Jones, et al. (1983) assess household 

accessibility. As indicated, these models have become known primarily because they 

check the feasibility of activity schedules. It should be mentioned, however, that most 

also contain rudimental behavioral principles to predict adaptations to policies. For 



2. Activity-based models    

 22

example, Jones, et al. (1983) assume that individuals when reacting to policy change 

will choose the feasible pattern that is most similar to their current one, measured in 

terms of the percentage of the number of minutes across the day the two schedules are 

the same. The behavioral principle underlying BSP is minimization of waiting time.  

Nevertheless, constraints-based models are behaviorally weak compared to competing 

approaches in predicting activity-travel patterns. 

Thus, the strength of these constraints-based models is their ability to identify 

infeasible activity schedules in a changing time-space context. The classic models also 

share some common limitations. First, most models consider individual accessibility not 

household accessibility. However, for applications to travel demand modeling, it is 

sufficient if only one household member can conduct household tasks. Secondly, most 

models and applications have been based on deterministic representations of the urban 

and travel environment: opening hours are fixed, travel times are fixed, space-time 

prisms tend to be derived from the maximum speed, etc. In reality, however, these 

properties of the urban and transportation system show variability in both time and 

space. Thirdly, classic space-time prisms assume isotropic conditions in the sense that 

travel is equally easy in all directions. It is this assumption that gives rise to the well-

behaving geometric entities that are associated with this approach. However, the 

assumption of isotropic conditions is not met in reality (Miller, 1991), which will typically 

demonstrate considerable spatial and temporal variability. Finally, the conceptualization 

of individual and household choice behavior does not include any mechanisms related 

to choice behavior under uncertainty. 

Recent years have witnessed a revival of time geographic concepts: active 

research groups have addressed these limitations, suggested improvements and 

elaborations and also applied classic concepts to new application domains. Neutens, et 

al. (2008) and Soo, et al. (2009b) suggested extensions of individual-level measures of 

accessibility to household-level measures based on space-time prisms. Both suggested 

a three-step approach. First, household members consider possible task allocations. 

Second, the feasibility of the resulting schedules are examined, using commonly used 

concepts. Finally, individual’s utility as a measure of accessibility is combined in some 

manner to arrive at a household utility measure, which is then interpreted as a 

household-level measure of accessibility. 

The two approaches differ in terms of operational decisions. Neutens, et al. (2008) 

did not explicitly consider task allocation within household, whereas Soo, et al. (2009b) 

started with possible agendas that result from task allocation. In addition, Neutens, et 
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al. (2008) only considered the space-time prism to examine the feasibility of a 

schedule, whereas Soo, et al. (2009b) also took into account time windows, travel time 

ratios, minimum duration and travel costs. Finally, Neutens, et al. (2008b) used the 

simple sum of individual utilities, whereas Soo, et al. (2009b) apply a more complex 

function, originally introduced in travel behavior research by Zhang & Fujiwara (2006), 

which accounts for interactions between household members and interactions between 

activities. Liao, et al. (2013b) suggested a more powerful framework, based on multi-

state supernetwork to simulate household accessibility (see also Liao, et al., 2010, 

2011, 2015; Liu, et al., 2015). 

The assumption of isotropic conditions is a second limitation of classic time 

geographic approaches. If the maximum speed is the same in any direction, the 

potential path area takes the well-known shape of a spatial ellipse. However, as argued 

by Kwan (1998) the activity space of an individual is not only dictated by the home and 

job location. Moreover, the typology and properties of the network imply differences in 

speed, one-way directions, etc. Some of the classic constraint-based models such as 

BSP already included such details, but more recently several algorithms to identify 

space-time prisms under such non-isotropic conditions have been developed (Kwan & 

Hong 1998). Similar work includes Kwan (2000), Wu & Miller (2001), Weber & Kwan 

(2002), Miller (1999, 2005a, 2005b), Neutens, et al. (2008), Yu & Shaw (2008), Shaw & 

Yu (2009), and Miller & Bridwell (2009). As a consequence, potential paths become 

context-specific. Fang, et al.  (2011) provided a nice illustration of a time-varying 

network prism, an approach that is also underlying the Albatross model system 

(Arentze & Timmermans, 2000, 2004a, 2004b, 2005). More recently, Downs & Horner 

(2012, 2014) suggested and illustrated the concept of adaptive velocity density 

estimation, which allows the velocity to vary in time and space. Their approach involves 

breaking down the space-time path into discrete segments and allowing the maximum 

speed to vary between segments of the space-time path. 

Space-time prisms delineate all reachable locations between two known locations 

and times given maximum travel velocities. These known locations or ‘anchor points’ 

can represent observed locations or mandatory locations because of scheduling 

constraints. The classic space-time prism assumes that these anchor points are 

perfectly known or fixed. As argued by Neutens, et al. (2007) Kuijpers, et al. (2010) in 

reality, however, observations of anchor points can have error, or the scheduling 

constraints may have some degree of flexibility. They therefore generalized the concept 

of anchor points to anchor regions: This approach, based on rough sets, involves 
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constructing a lower and an upper bound, representing respectively an individual’s 

minimum and maximum space-time prisms under travel time uncertainty. The locations 

inside the lower bound are certainly reachable, while the area outside the upper bound 

represents space-time locations that are certainly unreachable. Chen, et al. (2013) 

generalized this notion in their reliable space-time prism model, defined as the set of 

space-time locations where an individual can participate in an activity and arrive at the 

destination with at least α  on-time arrival probability. Their model can represent 

individuals’ space-time extents under various on-time arrival probabilities (i.e. ∀	 ∈

0,1  and therefore is a generalization of Neutens, et al. (2007), which only describes 

the minimum and maximum space-time extents (i.e.	 	 0 α ≈ 0 and 	 1). 

Another limitation of time geographic approaches concerns the lack of any explicit 

mechanism of decision under uncertainty. Yet, the variability in travel times, for 

example, implies that travellers cannot be certain how long it takes to travel between 

activity locations and consequently about the time of arrival. The field would benefit if 

time geographic concepts would be reformulated or extended in terms of decision-

making under uncertainty. Ettema & Timmermans (2007) considered the implications 

for measurement of accessibility, using Burns (1979) representation of accessibility and 

examined the effects of activity duration adjustment, travel time uncertainty and travel 

time information on accessibility. For the case of three activities, they derived equations 

for fixed resp. free end time of the first activity, fixed respectively free duration of the 

second activity and free resp. fixed start time of the third activity. Behaviorally, 

following Polak (1987), and Noland & Small (1995) they assumed that uncertain travel 

times can be represented in terms of the effects of early or late arrival at a destination 

on utility, which in turn influence choice probabilities. Rasouli & Timmermans (2014b) 

simulated schedule adaptations due to travel time uncertainty. 

The recent literature has also evidenced some interesting generalizations of the 

classic space-time prism concept. Neutens, et al. (2008) and Kang & Scott (2008) 

derived overlapping prisms for two persons, later generalized to the concept of social 

interaction potential (Farber, et al., 2012, 2014). Space-time prisms are also 

increasingly used to define choice sets (Arentze & Timmermans, 2000; Scott & He, 

2012; Yoon, et al., 2012; Chen & Kwan, 2012), and have been extended to include ICT 

(e.g., Kwan, et al., 2007; Yu & Shaw, 2008; Schwanen & Kwan, 2008; Yin, et al., 

2011). The first approach augments the spatial nature of choice sets with a temporal 

component to define the alternatives that can be reach within space-time constraints. 
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Utility-maximizing models 

In line with Hägerstrand theoretical orientation, constraints-based models of activity-

travel behavior emphasize the role of constraints in daily activity scheduling. A second 

stream of models focused on preferences and was based on the premise that 

individuals maximize utility in choosing between activity-travel pattern alternatives. 

These models extended the complexity of discrete choice models (in particular the 

nested logit model) that were developed earlier to model for example destination-

transportation mode decisions to include more nests and choice options. Early 

applications were straightforward extensions in the sense that logit models were used 

to predict the probability of an individual choosing a multi-faceted activity-travel profile 

(e.g. Adler & Ben-Akiva, 1979; Recker, et al., 1986a, 1986b). 

A more advanced model that constituted the basis for many later applications in 

transportation planning practice is the daily activity schedule model (Ben-Akiva, et al., 

1996; Ben-Akiva & Bowman, 1998; Bowman, 1995, 1998; Bowman & Ben-Akiva, 2000; 

Bowman, et al., 1998). This is a nested logit model consisting of five nests: (i) activity 

pattern, representing a choice of a pattern with and one without travel, plus a system 

of conditional tours defined by four tiers: (ii) primary tour time of day, (iii) primary 

destination and mode, (iv) secondary tour time of day, and (v) secondary tour 

destination and mode. A primary activity, a primary tour type and the number and 

purpose of secondary tours define each activity pattern with travel. The primary activity 

is categorized into home, work, school or other. Number, purpose and sequence of 

activity stops on the tour define tour type. Tour types are (a) tour from home to work 

and back (hwh) (b) tour with at least 1 additional stop for another activity (hwh+) and 

(c) tour with a work-based sub-tour for another activity as well as any number 

(including zero) of additional stops for other activities (hw+wh). Two additional work 

tour categories involve mid-tour returns home, one with no additional activity stops 

(hwhwh) and another with one or more additional stops (hwhwh+). Two purposes and 

3 frequencies are distinguished for secondary tours: constrained and unconstrained 

purposes and 0, 1 and 2 or more secondary tours. 

MNL models are used to predict choice of tour time, separately for primary and 

secondary tours. A total of 16 choice alternatives is defined by combining 4 time 

periods for departure from home and 4 time periods for departure returning home. 

These 4 time periods include AM peak (6:30-9:29 AM), midday (9:30 AM-3:59 PM), PM 

peak (4:00-6:59 PM), and other (7:00 PM-6:29 AM).  Tour destination and mode choice 

models are estimated to predict destination and mode choice. 
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PCATS (The Prism-Constrained Activity Travel Simulator - Kitamura & Fujii, 1998) 

is another activity-based model, which also takes into account prism constraints, 

availability of travel modes, and recognition of potential activity locations. It 

differentiates between open and blocked period. Individuals have commitments for the 

blocked periods. The model then uses space-time prisms to delineate the feasible area 

for travel and activities during the open periods. Activity type, duration, location and 

transportation mode are modeled sequentially, subject to the prism constraints. 

Activity-travel decisions are decomposed into a series of conditional activities. A nested 

logit model is used to predict activity-type choice, with the upper nest representing the 

choice of an in-home activity, an activity at or near the location of the fixed activity and 

a general out-of-home activity. The second tier under the in-home activity includes 

engage in an out-of-home activity subsequently and do not engage in an out-of-home 

activity in the current open period. The explanatory variables include socio-

demographics and the probability that activity duration fits the open period. Duration 

depends on activity type, personal attributes, driver’s license, time of day, prior activity 

engagement, start time of in-home activity, start time of the next activity, location type 

and time availability. Another nested logit model is specified for destination (first tier) 

and transportation mode choice (second tier). Municipalities are used for destination 

choice, while a distinction is made between car, public transit, bicycle and walk for 

transportation mode choice. Explanatory variables include zonal population, number of 

commercial establishments, a dummy variable for intra-zonal trips, minimum travel 

time, probability that activity duration will fit the open time period, driver’s license, 

household income, number of available vehicles, time of day, travel time and cost by 

mode, number of transfers, and location type indicator. 

Another comprehensive model simulation system is CEMDAP (Bhat, et al., 2004). 

It simulates activity-travel patterns of a population, differentiating between workers and 

non-workers, as a function of various land-use, socio-demographic, and transportation 

level-of-service attributes. The model system consists of three layers: pattern, tour and 

stops. The characteristics of each of these are modeled separately using a set of 30 

advanced econometric models (logit, regression, ordered probit, and hazard models). A 

simulator ties together the results of these models. 

The daily activity-travel patterns of workers (students) is divided into five periods: 

(1) the before-work (BW) period (from 3 AM until departure to work); (2) the home-to-

work (HW) commute (from departure time from home to work to work start time); (3) 

the work-based (WB) period (from work start time to work end time); (4) the work-to-
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home (WH) commute (from work end-time to the arrival-time at home); and (5) the 

after-work (AW) period (from the arrival time back home from work to 3 AM of the 

following day).  By contrast, a non-workers’ daily activity travel pattern simply consists 

of a sequence of home-based tours. A set of choice models is used to predict activity 

participation, starting with mandatory activities (work and school) followed respectively 

by household maintenance activities (shopping: participation, task allocation) and 

flexible, discretionary activities. Having predicted these participation choices, a 

scheduling model system for workers starts with the pattern level. First, for the HW 

commute, transportation mode, number of stops, and commute duration are modeled. 

Next, the same set of choice facets is modeled for the WH commutes. If the worker is 

simulated to participate in other activities, the number of tours to be undertaken during 

each of the BW, WB and AW periods is modeled, subject to temporal constraints. 

Having predicted the number of tours, the tour-level model system predicts 

transportation mode, number of stops and tour duration for each of the tours in the 

BW, WB and AW periods, again subject to time constraints in the tour duration and 

home-stay duration models. Knowing the number of stops, finally, for each stop, 

activity type, stop duration, travel time to stop, and stop location are modeled. The 

scheduling model system for non-workers follows a similar logic, except that the 

process starts by predicting the total number of tours in the pattern-level model 

system. 

The three models, discussed in this section, cover the best-known and commonly-

used approach to activity-based models of travel demand, based on discrete choice 

models and the concept of random utility, although it should be noted that some of 

these model systems also include other concepts, such as space-time prism, and other 

econometric models. Since their introduction, progress has been mainly related to 

improvements across the various versions of these models, applications to planning 

practice and elaborations of these models to incorporate a wider spectrum of 

performance indicators. These indicators do not only pertain to mobility, but also to 

environmental indicators such as emissions. For example, PCATS has been inspirational 

to an activity-based model, called FAMOS, which has been developed for Florida 

(Pendyala, et al., 2005). Similarly, CEMDAP has been one of the core models of the 

SIMAGENT model system, developed for Southern California (Goulias, et al., 2012). This 

model system starts with a population synthesis that describes the entire population of 

Southern California, including locations for residences, workplaces, and schools for each 

household member. It also predicts car ownership, type of vehicle and main driver for 

each vehicle. CEMDAP is used to simulate daily activity-travel schedules, reflecting 
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intra-household activity coordination. These schedules are aggregated into time-

dependent O-D matrices, which in turn are assigned to the transportation network. 

Next, EMFAC is used to estimate the amount of fuel consumed and emissions by vehicle 

class. Note that this loose coupling of models is much akin to the four-step models, 

except for the scheduling model. Various components of this model system have been 

documented in the literature (e.g., Eluru, et al., 2008; Chen, et al., 2011; Bhat, et al., 

2012; Hu, et al., 2012a, 2012b, 2012c; Vyas, et al., 2012). 

 

Computational process models 

To relax the strict and behaviorally unrealistic assumption of utility-maximizing 

behavior, some scholars suggested the formulation of rule-based models to depict 

decision heuristics. Often, these models were formulated in the context of 

computational process models, which mimic the underlying decision making process. 

Gärling, et al. (1989) conducted seminal work in this line of research by developing 

SCHEDULER. It is primarily a conceptual framework for understanding the process by 

which individuals organize their daily activities. In line with earlier theoretical notions of 

time geography, individuals and households are assumed to conduct activities to attain 

certain goals. Preferences drive the choice of activity participation, jointly with prior 

commitments and constraints. These activities need to be scheduled interactively with 

other (household) individuals to decide who will participate in the activities, when, 

where, for how long, and how to travel between locations where the activities can be 

performed.  

The model, operationalized as a production system, has been applied to predict 

the activity patterns of commuters after the introduction of tele-commuting (Golledge, 

et al., 1994). In a series of separate papers, parts of the model were further 

elaborated. Gärling, et al. (1999) for example, investigated the role of anticipated time 

pressure in activity scheduling. Unfortunately, a fully operational version never been 

developed, but the conceptual stimulates many other scholars in formulating their 

models. 

Another model system that bears some resemblance with computational process 

modeling is AMOS, a dynamic micro-simulator of household activities and travel over 

time and space (Pendyala, et al., 1997, 1998). AMOS has been developed to simulate 

consumer response to travel demand management measures, such as parking 

surcharge, bicycle/pedestrian improvements, parking pricing with employer-paid 

voucher and congestion pricing. Core is a response generator, which simulates 
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consumer response to such measures. Options include: do nothing differently, change 

departure time to work, switch to transit, switch to carpool/van, switch to bike, switch 

to walk, and work at home.  A neural network is used to predict the probability that an 

individual will choose each of these responses. An activity-travel pattern modifier is use 

to simulate secondary responses, allowing for activity re-sequencing, activity re-linking, 

mode and destination assignment and trip timing adjustment. The acceptance of a 

modified schedule is based on a time use utility function. 

The most comprehensive computational process model of travel demand is 

ALBATROSS (Arentze & Timmermans, 2000, 2004a, 2004b, 2005). It is a rule-based 

system that predicts for the adults of a household which activities are conducted, 

where, when, for how long, with whom and the transportation mode involved, subject 

to a set of household, spatial-temporal, spatial, temporal and institutional constraints. 

The system handles the (consistency of the) data, the derivation of choice heuristics 

from activity diary data, the simulation of activity-travel patterns, the assessment and 

reporting of model performance, the calculation of various system performance 

indicators, and the evaluation of alternative model scenarios.  

The core of the system is the scheduling engine. It controls the scheduling 

processes in terms of a sequence of 27 steps. For each step, a decision tree, 

representing heuristic decision making, indicates the probability of a particular choice, 

linking context, personal characteristics and previous choice of the simulated individual 

and spouse. Choice sets, delineated on the basis of space-time prisms and other 

constraints, are updated dynamically during the scheduling process. Over the years, a 

series of small-scale studies have examined alternative specifications and the sensitivity 

of the model system (Arentze, et al., 2000; Janssens, et al., 2004, 2006; Moons, et al., 

2005a, 2005b; Sammour, et al., 2012; Wets, et al., 2000). 

Over the last decade, the Albatross model system has been improved and 

extended in multiple ways. The prototype model based on a small data set has been 

replaced by a version that is based on the Dutch national travel survey (Arentze & 

Timmermans, 2005a, 2005b). Several versions of the destination choice modules have 

been developed to obtain a more robust version with good transferability properties 

(Arentze & Timmermans, 2007). Although from the very beginning the model has been 

based on household decision making as opposed to individual decision making, a major 

overhaul has been implemented to better and more systematically deal with task and 

resource allocation and joint activities (Anggraini, et al., 2007, 2012; Timmermans & 

Zhang 2009b). The model has also been developed for Flanders, Belgium and in this 
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process a general platform (Feathers) has been created (Janssens, et al., 2007; 

Bellemans, et al., 2010). Predicted activity-travel sequences have been used as input to 

simulate emissions, exposure, and energy consumption (Beckx, et al., 2007, 2009; 

Pebesma, et al., 2013; Yang, et al., 2010a, 2010b, 2015; Yang & Timmermans, 2012, 

2013, 2014).  

A limitation of Albatross is that the scheduling process is based on a priori 

assumptions of the researchers. The process is not validated using empirical data. 

Elaborating methods and models that have been suggested to observe scheduling 

processes (e.g. Ettema, et al., 1993, 2000), other computational process models have 

emphasized the different planning horizons art which scheduling decisions are being 

made. The first of these models is Tasha (Miller & Roorda, 2003; Roorda, 2005; Roorda 

& Miller, 2005; Roorda, et al., 2005, 2008).  

Different from Albatross, which uses decision heuristics, Tasha generates activity 

agenda and their attributes (start time, duration) drawing from empirical distributions. 

These activities are then put dynamically into a project agenda and person schedules. 

Thus, the process of scheduling and rescheduling across multiple time horizons is 

explicitly modeled. Ad hoc rules are used to resolve scheduling conflict, using priority 

and precedence as key concepts. Priority reflects the importance of the activity and 

commitment to other parties. Precedence is the degree to which an activity has been 

planned earlier than other activity. Given a schedule, the model then uses conventional 

tour based models and assignment algorithm to predict transportation mode and route 

choice. 

A second model, very similar in flavor, which simulates the dynamics of activity 

planning behavior through the concept of planning horizons, is Adapts (Auld, et al., 

2009, 2011; Auld & Mohammadian, 2009, 2011, 2013).  The main difference is that it 

uses different models to predict the different choice facets underlying the schedule and 

replaced decision rules with econometric models, adding components of the utility-

maximizing models. For example, a multinomial logit model is used to predict 

destination choices using space-time and planning constraints, dependent on what has 

previously been planned, to dynamically delineate choice sets. Similarly, an ordered 

probit model is used to predict activity planning across four time horizons (impulsive, 

same day, same week, preplan) using individual, activity-type and schedule-level data 

as input. A competing hazard model is used to predict the effects of socio-

demographics and activity competition on inter-activity duration for each different 

activity types. 
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2.4 Activity-based models: Prospects 

Considering the progress made in developing activity-based models of travel demand 

along the stipulated three lines of development, the question is to what extent this 

progress provides evidence that promises have been delivered. To the extent this is not 

yet the case, a research agenda and prospects can be defined. 

We have argued that the activity-based approach is based on four major 

promises: achieving higher spatial and temporal resolution, improved behavioral 

underpinnings, improving the integrity of the model system, and alleviating the 

assumption of independence of the various choice facets underlying activity-travel 

scheduling decisions. We will argue in this section that although some progress has 

been made with respect to each of these issues, differential progress has been made 

and there certainly is room for further improvements. 

Without doubt, it can be concluded that virtually all activity-based models of 

activity-travel demand are based on higher spatial and temporal resolution. Aggregate 

traffic zones have been replaced with high-resolution zip code areas or in some cases 

(Erath & Axhausen, 2011; Erath, et al., 2012) even with parcel-level information. 

Temporally, the common distinction between peak-off peak episodes has been replaced 

with either more distinct time periods or even with a continuous representation of time, 

such as for example in the Albatross case. An exception here is Cemdap, which is more 

similar to classic four-step model in its definition of a priori time blocks. It should be 

noted, however, that in many cases the sample size that provides input to the model 

has not been increased. Virtually all activity-based models rely on the concept of a 

synthetic population, which means that many details required in the input data are 

based on imputation. This raises the issue of uncertainty in the predictions of activity-

based models.  

A second concern of traditional four-step models was the lack of behavioral 

underpinnings. This criticism stems from the fact that these models are based on 

aggregate information, and that O-D matrices are generated on the basis of concepts 

borrowed from physics; they are not derived from behavioral principles. In that sense, 

because all activity-based models are based on individuals and not on aggregates, one 

may argue that activity-based models are more strongly based on concepts of individual 

behavior. Most discrete choice models can be derived from the principle of utility-

maximizing behavior, computational process models attempt to derive context-

dependent choice heuristics from empirical data. 
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Upon closer reflection, however, the behavioral foundations of activity-based 

models should be further scrutinized. First, the dominant multinomial logit model can be 

derived from different behavioral principles. In addition to the principle of utility-

maximizing behavior, the equation can be derived from Luce’s choice principle, and also 

from the principle of choice behavior under uncertainty. It means that a single 

mathematical equation does not necessarily have a unique behavioral interpretation. 

Vice versa, one also cannot claim behavioral validity. The principle one attaches to the 

equation may also have strong ramifications for the assumptions that are implicitly 

made. Luce’s axiom assumed deterministic preferences and stochastic choice behavior, 

whereas the principle of utility-maximizing behavior assumes stochastic preferences 

with interpreting the error term as the heterogeneity in the preference, but 

deterministic choice behavior. This discussion assumes that the specification of the 

utility function in general and the error terms in particular reflect a theory of individual 

decision making, but increasingly more scholars motivate the specification in terms of a 

modeling process. 

If we do interpret the mathematical specification to reflect utilities and choice 

behavior, several limitations of commonly used models become evident. First, because 

the set of included variables is the same for all individuals, existing models are based 

on the unrealistic assumption of homogeneous representations of the decision-making 

problem and, for most models, on the same set of weights. The mixed logit model has 

relaxed the latter assumption. One might argue that if the weight would be equal to 

zero, the corresponding attribute is not considered. However, in general, the nature of 

the utility function, reflecting different kinds of decision-making processes is identical 

across individuals in the common utility based modeling frameworks. This is highly 

unrealistic; not only decision-making processes differ between individuals; it is also very 

likely that mental decision-making processes will be context-dependent and thus vary 

for the same individual. Related to this issue, the assumption of utility-maximizing 

behavior may be too strict to account for this variety in context-dependent decision 

making processes. It may be a valid representation of decision-making processes in 

learned situations and high involvement decisions, but not for one-shot, low 

involvement decisions under time pressure. In this context, it is interesting that 

Arentze, et al. (2008, 2013) found evidence of context-dependent mental 

representations of decision-making processes. 

The specifications used in the comprehensive activity-based model systems 

typically are examples of choice models under conditions of certainty. While this may a 
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non-issue, at least operationally, if the model is applied to long-term forecasting, the 

application of these models to transportation management issue may be better 

characterized as choice under conditions of uncertainty. Models, which do explicitly 

consider risk-seeking vs. risk-avoiding behavior, such as prospect and regret theory, 

have been explored recently in travel behavior research (e.g., Jou & Kitamura, 2002; 

Senbil & Kitamura, 2004; Schwanen & Ettema, 2007; Avineri & Bovy, 2008; Chorus, et 

al., 2006, 2008, 2009; Chorus, 2010, 2013; Leong & Hensher, 2012; Zhang, et al., 

2013; Jou & Chen, 2013; Kemel & Paraschiv, 2013; Boeri, et al., 2014; Hess, et al., 

2014). Existing models have only considered simple single-facet choices, and have not 

been incorporated in complex comprehensive activity-based models of travel demand. 

Elaborations are therefore needed. 

Thus, we conclude that although the behavioral underpinnings of activity-based 

models are stronger compared to the traditional four-step models, the dominant utility-

maximizing model formulations under conditions of certainty at best cover a small 

subset of choice and decision-making problems. The formulation, exploration and 

application of alternative context-dependent behavioral models, both under conditions 

of certainty and uncertainty, and their integration in comprehensive model systems 

should be high on the international research agenda. 

The lack of integration was a third concern of traditional four step models. 

Because each step is developed independently, inconsistencies in the estimation results 

of each step cannot be ruled out. Moreover, the activity-travel schedules of members of 

the same household need to be synchronized and coordinated, considering task and 

resource allocation decisions, joint activity participation and joint travel. As this was the 

major trigger for developing activity-based models, one would expect that the first 

prototypes of the first generation of activity-based models all guaranteed the issue of 

integrity. Surprisingly, these first prototypes, discussed in the previous section varied 

considerably in this regard. Albatross is an example of a model of high integrity because 

each step in the simulated scheduling process was based on the outcomes of previous 

steps. Integrity is also relatively high in the daily activity scheduler because a nested 

logit structure is used to link activity patterns, to tour and stop patterns. On the other 

hand, the other choice facets were modeled in separate steps. Most other activity-

based models of travel demand can be best viewed as suites of loosely connected 

models, which are only brought together in the simulator. Estimation and simulation are 

often separate processes, based on different configurations of data. Hence, the 

integrity of these models may be relatively weak. 



2. Activity-based models    

 34

Several of these models were (originally) based on individual decision-making and 

not on household decision-making in the sense that resource allocation decisions were 

not fundamentally addressed or not considered at all, while also joint activity 

participation was not explicitly considered. Albatross is the only model based on 

mechanisms of household decisions. Cemdap at a later stage included activity-travel 

patterns of children. In general, modeling household decision received increasingly 

more attention only after some time. For example, Zhang, et al. (2002, 2004, 2005a, 

2005b, 2007, 2007a, 2007b) suggested a household utility function, incorporating 

relative power and interest. Also in the context of constraints-based modeling, 

household accessibility has been studied relatively late. Other recent examples include 

Yamamoto & Kanetomo (2012), Bernardo, et al. (2013), and Korgami & Jones (2013). 

Most of the efforts, however, represent isolated modeling attempts of mostly isolated 

choice facets. Thus, additional work is needed to ensure that all operational activity-

based models of travel demand include task and resource allocation, joint activity 

participation, and joint travel arrangements. In particular, the latter topic has not 

received much interest to date (e.g., Dubernet & Axhausen, 2012; Liao, et al., 2013b; 

Ho & Mulley, 2013). 

The last main trigger that led to the formulation of activity-based models was the 

lack of independencies. Trip generation, destination choice, transportation mode choice 

and route choice have many interdependencies that were not direct subject of the 

modeling approach. Most activity-based models have improved their sensitivity to first 

order and higher order response effects by explicitly considering (more) 

interdependencies. Again, however, models differ substantially in this regard. For 

example, the Albatross model system is based on a process model, which mimics an 

assumed sequential process by which different members of a household schedule their 

activities and travel in time and space, subject to multiple constraints. The first step is 

concerned with the decision whether each of the household members will work and for 

how long. Then, depending on the outcome, for working days, household members, in 

case of car-deficient households are simulated to decide on who is taking the car for 

that day, and consistently the other member cannot use the car on that day. This kind 

of process continues until the whole schedule (which activities are conducted by whom, 

where, the transportation mode involved, with whom) is simulated. The outcome of 

every scheduling step is then used as input to subsequent modeling steps. This implies 

that a maximum number of interdependencies are taken into account. Moreover, every 

step is subject to a set of constraints, some of which evolve dynamically as the 

scheduling continues. Other models vary in terms of the number and kind of 
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interdependencies that are taken into account. Moreover, the utility-maximizing models, 

with some notable exceptions, tend to ignore the various constraints that individuals 

and households face when scheduling their activities in time and space. Also, by their 

very nature, models that are focused on complete patterns are less sensitive to subtle 

adaptations of activity-travel patterns in response to endogenous or exogenous change. 

2.5 Conclusions and discussion 

In this chapter, we have discussed our perspectives on promises, progress and 

prospects of activity-based models of travel demand. The discussion shows that during 

the last two decades in many respects substantial progress has been made in this field 

of inquiry. At the same time, however, individual models show considerable variation: 

some models only differ marginally from traditional four-step models, while other 

activity-based models represent a fundamental break from four-step models and have 

addressed all major concerns that have been raised against four-step models. 

Several problems and issues need, however, to be (further) addressed in future 

research. First, operational activity-based models of travel demand lack integrity across 

days of the week. Current models simulate activity-travel patterns of a typical day. 

When simulating, for example, the effect of longer working hours, simulation results 

may indicate that particular activities can no longer be conducted and thus are deleted 

from the agenda. Of course, this result is unrealistic in the sense that this activity will 

be conducted on another day of the week. For this and other reasons, developing 

dynamic models of activity-travel demand should be high on the international research 

agenda. Such models would predict activity-travel behavior along a longer time horizon, 

in which the demand for activities will become time-dependent as a function of 

dynamically changing needs, specific events, weather and season. A complete 

representation of different time horizons would also include the effects of life trajectory 

decisions on changing needs and therefore habitual activity-travel behavior (e.g., 

Scheiner & Haolz-Rau, 2013). In addition to this “top-down” approach, future work 

should also address the issue how perpetual stress building up over time in coping with 

daily frustration in travel may ultimately lead to changes in current activity-travel 

patterns. Finally, current approaches to model the impact of travel information, 

descriptive and prescriptive, should be more fully integrated with comprehensive 

activity-based models of travel demand, allowing for any combination of change in the 

various facets compromising the full pattern. Work along these lines has started (e.g., 

Arentze & Timmermans, 2009b, 2011a, 2011b, 2012; Arentze, et al., 2009, 2013; 
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Cenani, et al., 2012; Gliebe, 2012; Habib, 2011; Han, et al., 2010, 2011; Joh, et al., 

2009; Neuman, et al., 2012; Nijland, et al., 2009, 2013; Parvaneh, et al., 2012; Psarra 

& Timmermans, 2012a, 2012b; Sharmeen, et al., 2013, 2014). 

Second, we have argued that depending on the specific model of activity-travel 

demand different degrees of improved integrity, relative to the four-step model, have 

been achieved. One kind of integration, however, still needs a fundamental solution: 

the integration of demand generation and its assignment to the network. It is 

understandable that this aspect has received relatively minor attention because activity-

based models of travel demand have been primarily positioned as demand models. 

Often, the route choice facet has not been addressed or it has been simply assumed 

that the time-dependent O-D matrices, produced by the new activity-based models, 

could be used as input to any route assignment algorithm. However, this approach may 

lead to inconsistencies if simulated travel times on the network require a shift in 

departure time or more extreme activity rescheduling decisions. Current work on more 

frequent feedbacks (e.g., Auld, et al., 2012; Javanmardi, et al., 2012; Volosin, et al., 

2012) between the outcome of the route assignment algorithm and the activity-based 

model of travel demand may be a technical solution to improve this lack of integrity, 

but standard route assignment models lack or at least are very different in their 

underlying behavioral assumptions. A more fundamental approach would consider route 

choice as just another facet of the multidimensional choice problem. This approach 

would be more in line with Matsim, providing that the mechanisms underlying the 

activity demand generation would be further enhanced. 

Third, the current trend of expanding domains should be continued. Originally, 

activity-based models of travel demand were developed to assess transportation 

policies. Consequently, their outputs consist of typical travel-related performance 

indicators, such as VMT, in addition to O-D matrices. However, in enriching the 

applicability of these models, it has been realized that simulations of detailed activity-

travel trajectories are critical to generate other kinds of performance indicators, useful 

for application domains beyond pure transportation. For example, detailed trajectories 

can be linked to emissions (e.g., Hao, et al., 2010; Hatzopoulou, et al., 2011).  When 

combined with a model of air quality, these trajectories also constitute the input for 

exposure models (e.g., Beckx, et al., 2009; Pedesma, et al., 2012). Another potential 

field of application is health: activity-travel patterns can be used to calculate various 

health-related indicators (e.g., Saarloos, et al., 2009). Other examples include the costs 

of parking and traveling, demand for battery stations (e.g., Knapen, et al., 2012), 
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improved accessibility and social exclusion measures, well-being, satisfaction and 

quality-of-life indicators (e.g., Zhang, 2009; Zhang, et al., 2009; Jakobsson Bergstad, et 

al., 2011; Abou-Zeid & Ben-Akiva, 2012; Friman, et al., 2012, 2013; Mokhtarian, et al., 

2012; Polydoropoulou, et al., 2012; Ravulaparthy, et al., 2012; Shiftan, et al., 2012; 

Song, et al., 2012; Eriksson, et al., 2013; Diana, 2013; Archer, et al., 2013; Zhao & 

Lee, 2013). A substantial amount of (independent) work along these lines has recently 

been conducted. The recent interest in quality of life research is interesting in the sense 

that the clock is turned back. Following Meier (1959, 1962), Chapin (1971) already 

advocated the use of activity-travel patterns to measure quality of life. In particular, he 

used the amount of discretionary time and the variety in activities conducted during this 

uncommitted time. We expect this trend to continue, further increasing the applied 

relevance of activity-based models. Traditional four-step models do not provide such 

functionality. 

Fourth, current activity-based models typically differentiate between activity and 

travel episodes. However, the coming of smart phones, mobile computing and other 

ICT has blurred the boundaries between activity and travel episodes. Multi-tasking 

(e.g., Kenyon & Lyons, 2006; Lyons, et al., 2006; Kirby, et al., 2007; Timmermans & 

van der Waerden, 2008; Timmermans & Zhang, 2009a; van der Waerden, et al., 2009; 

Zhang & Timmermans, 2010) has become more important during travel. ICT has led to 

a fragmentation of time. The planning of activities has changed. Until now, the effect of 

these trends on activity-travel decisions has been limited. However, their impact likely 

becomes stronger in the near future. Consequently, developing a conceptual 

framework, considering more benefits of travel, and incorporating these into the 

specification of comprehensive activity-based models of travel demand constitutes 

another main line of future research (e.g., Rasouli & Timmermans, 2013c). 

Fifth, as the behavioral assumptions underlying activity-based models of travel 

demand have not seen much development since their inception, we identify the need 

for behavioral enrichments. Current activity-based models directly link attributes of 

choice alternatives, socio-demographics and sometimes context with choice 

probabilities, using utility functions or decision table formalisms as intermediary 

constructs. Implicitly or explicitly a utilitarian approach is assumed. Moreover, current 

models do not pay explicit attention to imperfect perception, mapping objective 

attributes into mental representations of the environment and the choice models. The 

models do not allow for affective components, attitudes, imperfect nonlinear 

perception, learning, mental representation and similar behavioral concepts. To the 
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extent that such constructs play a significant role in human decision-making and are 

non-linearly related to currently used specifications, activity-based models of travel 

demand should be elaborated along these lines. It seems that some models such as the 

hybrid choice model and similar structural equation models can easily substitute current 

choice models; other concepts require more fundamental research. 

Another line of research is concerned with including models of decision-making 

under uncertainty, particularly if the models are used for short-term changes in activity-

travel patterns. Moreover, more research is required with respect to group decision-

making. Many activity-based models are based on individual decision-making. Models 

that do incorporate family decision-making are based on relatively simple extensions of 

models of individual choice behavior. Although social networks and social influence 

have recently gained increasing attention in travel behavior research (e.g., Van den 

Berg, et al., 2012a, 2012b, 2012c, 2014, 2015; Moore et al., 2013; Sharmeen et al., 

2014), most research has been descriptive and analytical. The formulation, estimation 

and full integration of models on the formation of social networks, their maintenance, 

dynamics and travel demand generation has just started (e.g., Arentze & Timmermans, 

2008b; Ronald, et al., 2012a, 2012b; Arentze, et al., 2012; Ma, et al., 2013). 

Thus, we contend that activity-based models of travel demand will maintain their 

momentum in academic research in years to come. In addition, we anticipate further 

dissemination to and application in transportation planning. A good example in that 

regard has been the US model, which is based on champions both at the academic and 

professional side of the fence, and a well-planned and organized set of workshops, 

seminars and training sessions, which give professionals the opportunity to become 

familiar with this new generation of models. These meetings suggest that the increased 

complexity and data requirements, jointly with a lack of empirical evidence that activity-

based models indeed perform better than four-step models, have been the major 

reasons for not adopting activity-based models in planning practice. Complexity seems 

a matter of personal judgment. Increased data requirements largely seem a myth. The 

only strict requirement for an activity-based model of travel demand is the availability of 

a travel survey, which orders activities and travel across time. Most modern travel 

surveys satisfy this requirement and hence there is no difference in data requirements 

per se between a four-step model and an activity-based model. However, if one desires 

to include institutional constraints, indeed additional data on opening hours are 

required. This task may be substantial. On the other hand, if the usual classification of 

activities into major classes is used, perhaps this information is only relevant for 
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shopping activities. Other classes are either not characterized by constraints or are too 

broad. Sometimes, data on opening hours are easy to collect as stores are subject of 

official regulations. Opening hours of shopping malls do not need much time to be 

collected as their number is limited. If one wishes to reduce time, the travel survey data 

themselves may give clues about opening hours. Thus, in many cases, even when one 

wishes to include opening hours in the activity-based model, the time, efforts and costs 

of additional data collection will be relatively limited. 

In conclusion then, we feel that considerable progress has been made in 

developing alternative activity-based models of travel demand and bringing some of 

these models to planning practice. Not all promises, however, have been delivered! The 

research agenda that we sketched carves out interesting and relevant projects that we 

hope scholars and practitioners working in this field of research and application will 

entertain in years to come. The application of activity-based models to planning 

practice, does, however, lead to the need to examine the important issues. One of 

these is to assess the uncertainty in model forecasts, the topic that will be addressed in 

this thesis. 
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 Uncertainty Analysis 
 

 

 

 

3.1    Introduction 

The previous chapter has given a review of the development of activity-based models 

of travel demand as an alternative to the four-step models that dominate urban and 

transportation planning practice. It covered a wide spectrum of issues that come with 

the activity-based modeling approach. It serves to allow readers to position the specific 

activity-based model of travel demand (Albatross) that is used in this study to explore 

uncertainty in such complex model systems. 

The chapter, however, did not discuss uncertainty. Therefore, in this subsequent 

chapter, we first discuss the basic principles of uncertainty analysis. Basic definitions 

are provided and the coefficient of variation, which is the key statistical measure used 

in this study to quantify the degree of uncertainty, will be explained. Most studies on 

uncertainty analysis stop at that level of analysis, which describes the degree of 

uncertainty in model outcomes at the sample (i.e. fraction of the synthetic population) 

level. Because it may be relevant to infer population-level uncertainty, the relevant 

statistics are also discussed in the present thesis. 

Next, after discussing the basic concepts and statistical measures related to 

uncertainty analysis, we review the existing studies and approaches pertaining to 

uncertainty analysis that have appeared in the transportation literature. Studies are 

classified according to the type of travel demand model and the specific performance 

measures that have been included in the uncertainty analysis.  
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This review of the literature will argue that the number of studies on uncertainty 

analysis is still very limited. This conclusion applies to models of travel demand in 

general, but particularly to activity-based models of activity-travel demand. 

Considering the dominance of these models in academic research, it emphasizes the 

relevance of this current study. 

The chapter is organized along these lines. First, the principles of uncertainty 

analysis will be discussed. This is followed by the review of the existing literature in 

transportation research on uncertainty analysis. The chapter is completed with some 

conclusions about the evolution of uncertainty analysis in transportation research, 

against which the research agenda and the contributions of this thesis to the state of 

the art are articulated. 

3.2   Principles of uncertainty analysis 

3.2.1 Basics 

Consider an equation  that defines the mathematical relationship 	between 

some derived quantity  of interest and measured quantity . Assume that this 

measurement is prone to various sources of error. The relationship between the 

measured quantity  and the measurement error  is given by the relationship: 

̅       3.1  

where, ̅ 	is the true value. Uncertainty analysis is concerned with the mapping of the 

error in  and/or the stochastic nature of 	on the uncertainty in outcomes . It 

requires a characterization of the uncertainty or errors in .                   

var var ̅ var ̅ var var                               3.2 	

showing that the variance in  is just the variance in the error in : 

Now consider the more general case that derived quantity  is defined by the 

following equation, expressing that it is a function of two measured quantities, each 

with error 

	             3.3  

where and  are measured quantities and the coefficients  and  are constants. 

Using the rules of variance, 

̅ ) + ̅ ) 
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				 ̅ ̅ 	 																																																																									        3.4  

				 	 	  

where, 

̅ ̅ 	      3.5  

and 

                         3.6  

According to the rule of variance the variance of 
 
is expressed as 

var 	= var( )                                                                 

																 	 	var 	var 	2 cov ,        3.7  

Or, 

 	 	 	 2 cov ,                          3.8  

where,  and are the uncertainties in 	and respectively.  

Because the correlation coefficient 	between 	and  is defined as 

	
, ,

																					                   3.9  

equation (3.8) becomes 

 	 	 	 2 	                            3.10 	 

Equation (3.10) can be generalized to the case of J uncertain quantities with errors 

, , …	,  for these quantities. 

var ∑ 	∑ 2∑ ∑ 2 	 																 3.11 		

By taking square root of equation (3.11) the standard deviation 
 
is equal to  

															 2 2 	 																																															 3.12 	

Similarly, if the uncertainty comes from the stochastic nature of the model: 

       3.13 	
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If the error term has a clear distribution, uncertainty in the outcome in terms of 

variance or standard deviation can be obtained in a similar vein as discussed above. 

However, if the error term lacks a straightforward probability distribution, the task of 

calculating he uncertainty becomes more complicated. Having constraints, which is the 

case in some advanced activity-based models of travel demand, will further increase 

the difficulty of analytically deriving the uncertainty of the ultimate outcome. Under 

such circumstances, uncertainty is derived from multiple runs, sampling from the 

relevant distributions. 

3.2.2 Uncertainty in complex systems 

Generalizing the simple equations of section 3.2.1 to complex systems, we obtain 

, where function  represents the model or models under study, , , …  

is a vector of model inputs and , , …  is a vector of model predictions. For this 

complex situation, the goal of uncertainty analysis is to determine the uncertainty in 

the elements of  that result from uncertainty in the elements of  and/or the 

stochastic nature of , which can be quite complex. In travel demand forecasting  will 

typically consist of a sequence of sub-models. While uncertainty analysis is concerned 

with the uncertainty in the outcomes, the goal of the related sensitivity analysis is to 

determine the relative contribution of individual elements of  to the uncertainty in the 

elements of . 

3.2.3 Methods 

Two methods seem to have dominated uncertainty analysis. If the model has a closed 

form expression, differential analysis may be used. It is based on deriving the partial 

derivatives with respect to the elements of . Monte Carlo simulation represents a 

more general alternative, which samples from the probability distributions and then 

calculates the relevant statistics. 

 

Differential analysis 

In its simplest form, differential analysis involves approximating model  by the 

Taylor series 

≅ 																																																																									 3.14  
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where, , , … ,  is a vector of the expected values for 	defined by the 

probability distributions. 

Following Clifford (1973), variance propagation equations are applied to 

determine the uncertainty in y. More specifically, 

≅ 	 ∑ 	 																																																		 3.15  

and 

≅ 2 cov , 																							 3.16  

where, ,  and cov denote the expected value, variance and covariance, respectively. 

If the ′s
 
are uncorrelated, then 

≅ 																																																																																																									 3.17  

In case the model is nonlinear, better approximations to  can be obtained by using 

higher order Taylor series, such as a second-order approximation, which has the form: 

≅  

														
1
2

2 																			 

														 	∑ 	 																																																																								    (3.18) 

In this case, the estimates of the expected value and variance of  are obtained as: 

≅ 	 			
1
2

2 cov ,  

                                                                                                    						 3.19  

and 

≅ 2 	cov , 																									 3.20  
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Monte Carlo analysis 

Monte Carlo analysis is based on a sampling procedure to map model inputs to model 

output. Specifically, a sample  

, , … , ,				 1, 2, … ,                               3.21 	

of size is generated from the underlying probability distribution. Next, the 

expectation and variance are calculated as: 

 

										 																																																																																																																					 3.22  

By substituting the expected value by the corresponding one estimated from 3.22:  

	 

						
1

		 																																																																																								 3.23  

In these equations, weight	
 
depends on the sampling schemes. Virtually all studies in 

transportation research have applied a random sampling procedure, implying that 

	∀ . 

3.3 Statistical inference 

When the aim of the analysis is to draw statistical inferences, further assumptions are 

required regarding the distribution of the values of interest in the population and the 

sampling process. Let , , , … , represent a random sample of size  from a 

normal population with mean  and variance . The sample mean, ̅, defined as 

̅
1

, , , … ,
1

																																																																															 3.24  

where,  is the sample size, is used as an estimate of the population mean .  

The sample variance  is defined as: 	

var
1

															 

						
1
var 																																																																																																											 3.25  
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Since each 
 
is sampled from a population with a variance equal to , 

var   

and according to the law of variance: 

var ̅
1

																																																																																																				 3.26  

It shows that the uncertainty in the mean population value decreases with 

increasing sample size. Assuming some underlying distribution, the confidence interval, 

given some specified level of confidence C can be calculated.  Confidence intervals for 

the mean,	 ̅, of a sample are given by 

̅ / ,
√

																																																																																																																										 3.27  

where, 1 and	 1. 

In principle, similar equations can be derived for the coefficient of variation. If  

is a normal random variable with mean  and variance	 , then the parameter 

																																																																																																																																						 3.28  

is called the population coefficient of variation. A point estimate of (3.28) is given by 

̅
																																																																																																																																				 3.29

 
In the transportation research community, the confidence intervals of the coefficient of 

variation seem never have been reported. There is a classic literature on the 

confidence intervals of the coefficient of variation (e.g., Johnson & Welch, 1940) in 

statistics, however, especially focusing on approximations for various distributions. 

Lerman (1986) demonstrated that the CV can be approximated as a non-central t-

distribution. Following the common procedure for deriving the confidence interval, we 

have: 

	
̅√

	 	 1,
√ ̅

√⁄
																																															 3.30  

Because this equation is computationally cumbersome, different approximations have 

been suggested.  

Miller (1991) derived the following expansion for ̅⁄ : 
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̅ ⁄⁄
1

√ 1
√0.5 ⁄ ⁄

1
																																						 3.31  

where,  and  are independent standard normal random variables and 
 
is the 

mean value of the Wishart distribution. Consequently, the coefficient of variation is 

asymptotically normal distributed. 

⁄ , ⁄ 0.5 ⁄ 																																																																															 3.32  

where,  denotes asymptotic normality. 

The confidence limits for the CV are then equal to 

̅
	 	 / ̅

0.5
̅

																																																																																			 3.33  

where, /  is the z-score with probability (1-	 /2) of the standard normal distribution. 

McKay’s (1932) approach calculates the confidence interval based on a  

approximation. He introduced 
 
as: 

1
1 1

1 1 /	
																																																																																	 3.34  

where,  ⁄  is the population coefficient of variation and CV denotes the sample 

coefficient of variation: 

1
̅

1
1

̅ , ̅
1

																																																											 3.35  

McKay claimed that 
 
is approximately central  distributed with N - 1 degrees 

of freedom. Based on this assumption, the limits of the confidence interval are given 

by: 

, /

1
1

, /
,

, /

1
1

, /  

                                                                                                         (3.36) 

McKay suggested that this method should only be used when one can assume 

that 	 0.33, and for 15 because the expression under the square root sign 

becomes negative with small . 
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These various measures make up the necessary equations for a formal and 

integral uncertainty analysis. The remainder of this chapter will give an overview of 

uncertainty analysis studies that have been reported in transportation research. 

3.4  Uncertainty and activity-based models of travel demand3 

Travel demand analysis and forecasting belong to the core of the transportation 

discipline. The topic continues to receive substantial attention, both in academic 

research and applied transportation planning. Annually, hundreds of papers on travel 

behavior appear in journals and conference proceedings, while outcomes of model 

applications are routinely used to support transportation policy decisions. These 

studies have contributed to the development of a rich body of accumulated knowledge 

about the (co-)variates of travel decisions, and differences and commonalities in travel 

behavior related to socio-economic, cultural, environmental, spatial and institutional 

contexts. Models of travel demand have been used to predict future demand, either 

endogenously or exogenously, and to assess the impact of various kinds of policies on 

mobility indicators and traffic flows. Recent trends evidence expanding spheres of 

policy domains. Traditional travel demand forecasts are increasingly augmented with 

performance indicators related to emissions, energy consumption, and exposure.  

Considering the vast amount of research on travel demand forecasting, the 

concept of uncertainty has received scant attention at best. Given the lack of 

systematic research on this topic, one can only speculate why scholars and consultants 

have spent relatively little effort in addressing the uncertainty that is inherently 

associated with their models and schemes of analyses. Analyses of travel demand have 

been predominantly, at least implicitly, driven by the methodological principle of 

hypothesis testing. Although very few authors in transportation research explicitly 

formulate hypotheses, which are subsequently accepted/rejected using appropriate 

statistical tests, virtually all papers do contain a discussion of the significance of 

estimated coefficients. Assessment of the significance of estimated coefficients is often 

seen as one of the goals of the analysis. Similarly, modelers tend to focus on the 

goodness-of-fit of models and face validity. Uncertainty analysis, in contrast, is not a 

standard topic of concern in papers on travel demand forecasting. 

                                                     

3 This section is an updated version of S. Rasouli & H.J.P. Timmermans (2012a), Uncertainty in 
travel demand forecasting models: Literature review and research agenda, Transportation Letters, 
4, 55-73. 
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One would expect that the concept of uncertainty is even more relevant in 

applied transportation planning settings, but in general the state-of-practice does not 

seem to differ very much from academic research in its (lack of) attention to 

uncertainty. It seems that the interpretation of impact assessments and forecasts for 

different policy scenarios, often involving multiple performance indicators and multiple 

scales of spatial and temporal resolution, is already complicated and demanding 

enough. Adding uncertainty would further complicate matters, although some authors 

have suggested ways of incorporating risk analysis and uncertainty in transportation 

planning practice (e.g., Jeon, et al., 2010; Mishra, et al., 2011; Matas, et al., 2012; 

Bang Salling & Leleur, 2011). It may induce a discussion on the uncertainty of the 

uncertainty analysis. Often, it seems more efficient and effective for the policy 

development process to ignore the issue of uncertainty altogether. Our experience in 

transportation and other planning contexts teaches that a discussion on uncertainty 

becomes relevant if (i) political parties hold strongly diverging views on the 

topic/solutions and model results favor one particular view, (ii) the risks, either 

financially, politically or societal, are very high, (iii) the policy is controversial, both in 

terms of costs and benefits, and (iv) there are some concerns about the limitations of 

the model. 

This situation is not unique to transportation. Uncertainty analysis has never 

received much attention either in disciplines such as urban planning, perhaps with the 

exception of integrated land use transportation models (e.g., Pradhan & Kockelman, 

2002; Pontius Jr. & Spencer, 2005; Clay & Johnston, 2006; Krisnamurthi & Kockelman, 

2006; Ševćiková, et al., 2007) and marketing. On the other hand, the recent rapid 

increase in uncertainty analysis in environmental sciences (e.g., Borgonova, et al., 

2012; Margvelashvili & Campbell, 2011) can be understood as a reaction to 

increasingly divergent views, shifting political and societal priorities, and the realization 

that analyses of model uncertainty are at least equally relevant for policy and academic 

discussions as analyses of forecasted trends. 

Contending that these circumstances, stimulating the use of uncertainty analysis, 

will become increasingly prevalent in transportation policy in years to come, the goal of 

the following section is to systematically discuss the limited existing literature on 

uncertainty analysis as it has evolved in transportation research. Our purpose is to 

summarize earlier findings, identify gaps in existing knowledge and develop an agenda 

for future research. Notably absent in previous work on uncertainty analyses is the 

latest generation of complex, stochastic activity-based models of travel demand. 
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Hence, the agenda for future research will be articulated with this new generation of 

travel forecasting models in mind. 

The remainder of this part of the chapter is organized as follows. First, we will 

start discussing the various types of uncertainty and their underlying causes. It serves 

as the basis for the next section, which is concerned with the design and results of 

previous studies on uncertainty analysis. In this section, a distinction is made between 

the various types of models used in travel demand forecasting. Type of error, type of 

outputs, aim of the analyses, details of the studies and main findings will be 

systematically summarized and discussed. In the section that follows gaps in our 

knowledge, relatively under-explored research questions and methodological issues will 

be identified to articulate a research agenda on uncertainty analysis in travel demand 

forecasting models. The chapter is concluded with some final reflections. 

3.4.1 Sources of uncertainty 

Uncertainty analysis is concerned with the amount and nature of uncertainty in the 

outcomes of a model and the results of particular analyses. The topic should not be 

confused with the literature on choice behavior and decision making under uncertainty 

(e.g., Circella, et al., 2005). Uncertainty in forecasting can be attributed to two basic 

sources: input uncertainty and model uncertainty. Input uncertainty concerns the fact 

that data are not necessarily error-free; i.e., data are bound to include error, due to 

sampling bias, survey design, reporting and/or coding mistakes, and incomplete 

information. The practice of developing models of travel demand involves estimating or 

deriving the functional relationship between particular choice facets underlying activity-

travel patterns and a set of socio-demographic, land use and service-level variables. 

Behavioral and socio-demographic data commonly stem from travel surveys, while land 

use and service level data are commonly based on generally available statistics and/or 

field work. Both these data sources are potentially sensitive to a multitude of errors. 

We will identify some general sources of error that seem to apply to all travel surveys 

and land use statistics. 

Travel surveys are prone to sampling bias: the travel behavior of the non-

response group may significantly differ from the behavior of the respondents. If this 

happens, the data used to express the relationship between socio-demographic and 

particular facets of travel behavior may not be representative of the larger population 

and the model may pick up a biased relation. Survey design may also cause errors in 

data, some random others more systematic. For example, if the survey does recruit 
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individuals as opposed to households, reported behavior may not sufficiently capture 

household-level activities/travel and task allocation. Another source of error concerns 

the fact that in most travel surveys respondents are requested to report their (activities 

and) travel for a single day. Activity-travel episodes are manifestations of underlying 

temporal processes, some of which are more regular others less. Activity-travel 

patterns are characterized by context-dependent rhythms and reflect certain 

repertoires, with fluctuations due to irregularly occurring events. Hence, an ideal 

sample would be a random sample from these underlying processes, with known or 

measured initial conditions. However, a random sample of individuals/households is 

not necessarily the same as a random sample of such processes. Moreover, 

intrapersonal variability is not captured in the data collection, although there is 

evidence that it is larger than interpersonal variability (e.g., Pas & Sundar, 1995). Also, 

Schlich & Axhausen (2005) found for their MobiDrive data that similar activity-travel 

patterns do not exhibit strong associations with socio-demographics or average travel 

behavior. Similarly, survey design sometimes imposes thresholds on activity and travel 

episodes that should be reported (e.g. walking trips less than a certain distance may 

be skipped or certain stages may not be reported). Respondents may also not report 

certain trips to reduce respondent burden or because they believe that the trip is not 

important for the purpose of the study. Reporting error may be caused by simple 

mistakes and this may also happen at the coding stage (coding error). It is, for 

example, well known that the correct coding of destinations of trips represents a 

challenge because respondents often use their own labels and mental representation. 

As for land use and level of service attributes, a common issue is the inherent 

variability of such data. For example, travel times, congestion, time to find a parking 

space, availability of a seat, to name a few vary from day-to-day and from hour-to-

hour. Even if time of day, day of the week and season are incorporated in the model of 

travel demand, still some within-person-variability is left. Similarly, land use data and 

general data sources sometimes contain errors due to insufficient maintenance, the 

fact that they are based on a sample rather than the full relevant population and 

coding errors. Moreover, the classifications in existing general-purpose databases do 

not necessarily match the classification in activity types/travel purpose, implying that 

the modeler needs to decide which data to use. By definition, this will lead to 

imprecision, even if the data themselves would be perfect. Interesting discussions on 

the estimation of unknown model parameters in the presence of measurement error 

can be found in, for example, Bhatta & Larson (2007), and Walker, et al. (2010). 
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These possible errors in input pertain to the data used to estimate the model of 

travel demand. When used for forecasting or policy assessment, another type of input 

uncertainty may arise (Kwakkel, et al., 2010): policy scenarios need to be translated 

into the explanatory variables and parameters estimates of the model of travel 

demand. The literature on scenarios development differentiates between different 

types of scenarios (e.g., Wilson & Rallston Jr., 2006; Brail, 2008), but all by definition 

are uncertain, even those that attempt to express the most likely future developments 

(e.g., Geenhuizen, et al., 1998; Brunel, 2004). Experts are thus faced with the problem 

how to translate such uncertain scenarios into the explanatory variables of the model. 

Usually the parameters of the model are left unchanged because otherwise there is no 

longer any proof that the model specification has been successful in reproducing 

observed activity-travel patterns. However, travellers may become less sensitive to 

travel time, or a policy may go beyond currently observed conditions and hence certain 

parameter values may need to be changed, adding further uncertainty in the process. 

The scenarios themselves may also relate to an uncertain future, and therefore 

running a model for slightly different scenarios has been practiced in applied 

transportation planning research. Sometimes this has been referred to as sensitivity 

analysis. Moreover, non-policy variables such as fuel price and income distribution may 

also be uncertain, and may be hard to predict. If a model directly or indirectly relies 

heavily on such variables then considerable error will be introduced into a forecast 

because the forecast inputs cannot be predicted with any reasonable degree of 

(un)certainty. 

While input uncertainty pertains to the effects of various sources of random or 

systematic measurement errors or to scenario uncertainty on ultimate model forecasts, 

in contrast, model uncertainty pertains to three types of errors: estimation error, 

specification error, and simulation error. Although the definition of the third type is 

arguable in the sense that it is related to the first two error types. The more accurate 

the model specification and the better the estimation, simulation error would be less. 

Estimation error pertains to error and lack of precision in estimating the values of 

various constants and parameters of the model. Specification error results from a 

failure of the researcher to identify the true model, a simplification of the model or 

from the statistical distribution of random components. In this context, it is critical to 

articulate that a model is nothing but an expression of the researcher’s beliefs about 

the relationship between theoretical constructs. These relationships may be inherently 

probabilistic and the researcher cannot be sure that the true relationship has been 

depicted. A researcher may try alternative model formulations (e.g., a context-
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dependent choice model rather than a multinomial model may be used), but general 

goodness-of-fit statistics may not convincingly discriminate between such competing 

model alternatives, although specific forecasts will differ. Moreover, in travel demand 

forecasting, researchers are usually restricted by existing data sources, implying that 

they often can only include variables for which data are available. Finally, modelers 

always have to decide on the boundaries of their model: some processes are modeled, 

others are not and are implicitly or explicitly assumed to represent white noise. 

In addition, for various reasons, models are often simplified. Methodological 

principles lead us to believe that simple models should be the hallmark of academic 

research. Although we do not necessarily agree with this principle in applied travel 

demand forecasting as travel behavior may be highly context-dependent and the need 

to predict the likely impact of specific policies may induce modelers to use a large set 

of variables to operationalize the policy at hand, researchers may decide not to use all 

variables at their disposal and use simplified models. Deleting one or more variables 

will increase model uncertainty from a statistical perspective. 

Finally, the latest generation of travel demand forecasting models is probabilistic 

in nature. Many activity-based models of travel demand rely on random utility theory. 

The utility of a choice option, according to this theory, includes an error term, which 

has various interpretations. In the early stage of development of this approach, when 

computing power was limited, rigorous assumptions about these error terms were 

often made to arrive at closed form expressions to calculate choice probabilities. 

Although marginal and conditional probability matrices of such closed form choice 

models can still be used to predict activity-travel behavior, recently researchers seem 

to prefer the use of micro-simulation techniques as it gives them considerably more 

flexibility in addressing complicated dependencies and feedbacks in the model building 

process.  

Vovsha, et al. (2002) argued that micro-simulation has the advantage that it can 

explicitly represent various decision-making chains and time-space constraints. Micro-

simulation allows variability in outcomes that can yield full information of the 

distributions of the travel demand statistics of interest rather than single deterministic 

estimates or average values. Moreover, in situations where the choice frequency of the 

behavior under investigation is low and/or the number of choice options is very high, 

discrete realizations of the underlying continuous probably distributions are required. 

However, micro-simulation results in micro-simulation error: successive runs of the 

model will result in different choice outcomes. 
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Thus, although in reality these different sources of uncertainty may be strongly 

related, both in theory and practice, it may be virtual impossible to disentangle all the 

effects of these different sources of error. In applications of uncertainty analysis, 

researchers have typically investigated effects of one or two sources of error, thus 

assuming explicitly or implicitly that the other errors or zero or negligible. An 

alternative interpretation would be that the error examined reflects the combination of 

different sources of underlying errors. For practical applications, this distinction is not 

very relevant, but for theoretical analysis, of course it is. 

Of special interest in travel demand forecasting is the notion of error propagation. 

In case the ultimate forecast involves a series of successive sub-models in which the 

output of the previous sub-model in the model chain is used as input to the next sub-

model, errors in any sub-model may be amplified or reduced in the next sub-models. 

The field of travel demand forecasting has many such model chains. The conventional 

four-step model involves the chain trip generation, destination choice, mode choice 

and route assignment. Activity-based models such as Cemdap (Bhat, et al., 2004), 

Famos (Pendyala, et al., 2005), Tasha (Miller & Roorda, 2003) add activity generation 

to these facets. For example, the 2004 version of Cemdap is a suite of 36 advanced 

econometric models to predict activity generation of workers and non-workers and 

schedule these at the pattern, tour and stop level. Similarly, Albatross (Arentze & 

Timmermans, 2000, 2004a, 2004b, 2005) consist of 27 decision tables, representing a 

priority-based scheduling process. 

3.4.2 Accumulated knowledge 

Because the various types of travel demand models that have been developed over the 

years differ fundamentally in their design and approach, and consequently the kind of 

uncertainty analysis that can be conducted also differs, the discussion of the findings 

of previous research in this chapter is organized by differentiating between different 

modeling approaches. It should be explicated from the outset that the allocation of a 

specific model to a specific approach is sometimes rather arbitrary and debatable.  

Our focus will be on the demand generating effects; we will not discuss the 

emerging literature on uncertainty in network assignment models (e.g., Clark & 

Waitling, 2005; Lam, et al., 2008; Zheng & van Zuylen, 2010), nor the uncertainty of 

very specific models (e.g., Cheung & Polak, 2009; Matas, et al., 2012; Duru, et al., 

2010). Table 3.1 gives a summary of key previous research on uncertainty analysis in 

travel demand forecasting. 
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Table 3.1  Overview of studies on uncertainty analysis in transportation research 

 

Total Trips Per cent change

-15 to +20 %

Total VMT

-12 to +14 %

Total VHT

-40 to +69 %

Total Link flows CV

0.31-0.322

Average Link travel 
time

0.127-1.89

Total VMT

0.236

Total VHT

0.232
Trip frequency per 
person

Percentage  error and 
confidence level

-3 to +16%
Daily distance 
travelled per person

-5 to 15 %

Trip frequency per 
person

Percentage  error and 
confidence level

±0.37 to ±26 %

Daily distance 
travelled per person

±3 to ±16 %

Four-step models

Zhao & 
Kockelman

2002 Sacramento
Input 
uncertainty

Single runs
Rodier & 
Johnston

Influence of population and 
employment projections, not 
significant for household 
income and fuel price

A
uthors

Year 

City/ 
Country

O
utputs

M
easures 

and findings

Type of 
uncertainty

Sam
ple 

fraction/#
 

of runs

500 runs/ 
Samples of 
different 
size (850, 
210 and 85)

A
uthors

Year

City/ 
Country

Type of 
uncertainty

Sam
ple 

fraction/#
 

of runs

O
utputs

M
easures 

and findings

25-percentile, mean and 75-
percentile of ((parameter-
variable)/variable)

Brundell-
Freij

Model 
uncertainty/ 
Estimation 
and 
specification 
error

Average uncertainty is 
amplified in the first three sub-
models of the model chains, 
but somewhat reduced in the 
final, route assignment model 
step, but not below the input 
uncertainty.

2002
Dallas-Fort 
Worth

Input and 
parameterl 
uncertainty

100 runs 
(Monte 
Carlo)

Paris, France

Discrete choice models

Armoogum 2003

Input 
uncertainty

Single runs
Errors increased with 
increasing time horizon. Errors 
higher for frequency than for 
VMT

Calibration/ 
parameter  
uncertainty

Jackkifing
Errors increased with 
increasing time horizon. No 
significant difference between 
the amount of error in 
frequency and VMT

1997
Sweden/ 
Lund & Malmö

Different model 
parameters. Max 
400% for sample of 
85, max 200 for the 
sample of 210 and 
max 100% for a 
sample of 850
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Evidence for four step models of travel demand 

Four step models of travel demand consist of 4 loosely coupled aggregate models that 

predict respectively trip generation, trip distribution, modal split and trip assignment. 

Each of these sub-models is estimated independently. The sub-models are combined in 

predicting travel demand. 

Vehicle availability % difference from final mean

Max 6% for the 
highest spatial 
resolution (TAZ)
Trip per person
Max 3% for the 
highest spatial 
resolution (TAZ)
Desti.  Choice at 
neighborhood level
Max 0.2%
O-D at neighborhood 
level
Max 1.5%

Number of trips ±1.96*se boot /Mean
±8.5% (Car), 
±13.3(Train)
OD matrices
±6.5 
(Karlshamn–Landskron
a), ±14 (Stockholm-
Goteborg)
Link flows
±8.4% (Lulea-
Haparanda), 
±10.8(Granna–Jonko
ping)
VoT
±16.6 (Car), ±23 
(Other)
Total VMT Per cent error

Max 8% for 500, 5% 
for 5000, 1% for 
50000 and less than 
1% for 500000 people

Total number of 
transit trips

Max15% for 500, 
8%for 5000,2% fro 
50000 and less than 
1% for 500000 people

 Continue Discrete choice models

A
uthors

Year

City/ 
Country

Type of 
uncertainty

Sam
ple 

fraction/#
 

of runs

O
utputs

M
easures 

and findings

Uncertainty is larger for the 
larger relations; Uncertainty is 
larger for for the link with the 
larger flow

Castiglione  
Freedman 
and 
Bradley

Simulation 
error

100 runs

High level of stability was 
observed in all the model 
components and even at high 
spatial resolutions. However, 
in general, less runs required 
at higher levels of spatial 
resolution and for models  
with a lesser number of 
categories

Simulation 
error

South 
Nevada/ 
STEP2/ 4 
step discrete 
choice model

Samples of 
500, 5000, 
50000 and 
500000 of 
the 
synthetic 
population 
and 10 runs 
for each

2005Walker

Sweden/ 
Sampers 
(nested 
logit_EMME/2
)

999 
bootstrap 
samples

2004/ 
2005

Sampling 
uncertainty

2003

San 
Francisco/ 
Model 
(SFCTA 
model)

Beser 
Hugusson

Sampling error is proportional 
to the inverse of the square 
root of the sample size
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Total Number of tours CV
1.8% to 16% 
depending on the 
mode for input 
uncertainty, 0.5% to 
2.4% for model 
uncertainty and 1.9% 
to 16.2% for the 
combined
Total VMT
4.4% to 14.4% for 
input, 0.7% to 3.9% 
for model uncertainty 
and 4.5% to 15.2% 
for the combined 
depending on the 
mode
Link flows
4.1% to 14.8% input 
uncertainty, 0.3% to 
6.4% for model and 
4.3% to 15.7% for 
the combined 
uncertainty depending 
on the link

Production from zone CV and confidence levels

28% for input, 11% 
model and 30% for 
combined
Number of non-
travellers from zone 
36% for input, 31% 
for model and 47% 
for combined
O-D demand (total 
plus car and transit
29%-22% and 35%  
for total, car and 
transit of input 
uncertainty, 33%, 
44% and 48% for 
model uncertainty and 
44%, 49% and 60% 
for combined
Link flows in car and 
transit networks
Max 42% for input, 
max 69% for model 
and max 78% for 
combined uncertainty

Total travel time(TTT)
31% for input, 13% 
model and 34% for 
combined
Total vehicle miles 
(TVM)
28% for input, 11% 
model and 30% for 
combined

Continue Discrete choice models
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Input and 
model  
(parameter) 
uncertainty

Full 
population/ 
Analytical 
sensitivity-
based 
uncertainty 
analysis

Yang & 
Chen

Input uncertainty has higher 
effects than model 
uncertainty. The combined 
uncertainty value is similar to 
the input only. 

2010/ 
2011/201
3

Netherlands/ 
LMS/ Tour 
based model

100 
runs/Monte
Carlo for 
input and 
Bootstrap 
for model 
(parameter) 
uncertainty

2005/ 
2007

Input and 
model 
uncertainty 
(parameters
)

De Jong et 
al.

Sioux 
Falls/Combine
d travel 
demand 
model 
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O-D matrices (trip 
distribution]

CV

Around 100%

Link flows

Around 70%
Total VMT
Max 4.9% for demand 
uncertainty 
Total VHT

Max 14.4% for 
demand uncertainty 

OD-matrices R-squared 
Min 0.999996 for  O-D 
at the level of 
municipality and Min 
0.9996 for O-D at the 
zone level 
Traffic intensities in 
Eindhoven region
Min 0.99993

Total VHT
Elapsed time to convergence 
situation

6 hours

OD travel times

22 hours

Link flows CV

Max 2.59%
there seems to be very little 
variations among the 5 
different seed numbers

Link flows CV

Max 1.7% for router 
module, 0.8% for 
microsimulation 
module and 1.7% for 
combined

VMT per link

Max 1.6% for router 
module, 0.9% for 
microsimu module and 
1.7% for combined

VHT per link

Max 1.6% for router 
module, 0.8% for 
microsimu module and 
1.7% for combined

Activity-based models: Micro simulation

5 runs

Microsimulation error is 
negligible and the evidence of 
increased effect from highly 
aggregate to less aggregate 
results

Veldhuisen
, 
Timmerman
s and 
Kapoen

2000
Netherlands/ 
Ramblas

Simulation 
error
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5 runs

Lawe, 
Lobb, 
Sadek & 
Huang

Chittenden 
County/ 
Transims

2009

Sacramento/ 
Sacsim

Gibbs & 
Bowman

Simulation 
error

Studies of regional system 
performance might focus on 
travel times, which converge 
relatively quickly. Estimates of 
the number of trips in a 
specified location or O-D 
pattern may require 
numerous iterations with full-
population simulations to 
overcome randomness

Simulation 
error and 
step size

Different 
fractions/      
10 runs

2007

Zhang, Xie 
and Walker

Input and 
parameter/
model 
uncertainty

Lower uncertainty at 
assignment stage/ Higher for 
VHT than for VMT/ 
Uncertainty trip rates directly 
related to input uncertainty

2011

Sioux Falls/ 
Combined 
travel 
demand 
model

300 
runs/Monte 
Carlo 
simulation

Variability larger during the 
congested period of the day 
and greater variability in 
individual corridor rather than 
aggregated subareas 

Ziems, 
Bhargava, 
Plots and 
Pendyala

2011

Arizona/Grea
ter Phoenix 
metropolitan 
area

Simulation 
error

20 runs
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The unit of analysis of these models is a trip, conducted by individuals. Models 

have a low degree of spatial and temporal resolution. Trip generation is usually 

predicted using regression analysis with socio-demographic and land use variables as 

explanatory variables. Spatial interaction models are commonly used to predict trip 

distribution (OD-matrices). Modal split is obtained by factoring the OD-matrices. In 

early years, this step was often combined with trip distribution, estimating trip 

distribution by various transportation modes for various travel purposes. More recently, 

Number of trips per 
person

CV

Max 0.54% for public 
tranport and 0.12% 
overall
Daily distance 
travelled by person

Max 0.83 for slow 
mode and 0.2% 
overall

Number of trips per 
person

Number of runs required to 
get stable indicators

Max 175 runs for 
block level and 
maximum more than 
200 for some 
segments of the 
sample at building 
block, zone and 
subzones level to 
have more than 70% 
of areas within the 
Daily distance 
travelled by person
Max 175 runs for 
block level and 
maximum more than 
200 for some 
segments of the 
sample at building 
block, zone and 
subzones level to 
have more than 70% 
of areas within the 
required accuracy  
Daily number of 
activities by person
Max 0.83 for slow 
mode and 0.2% 
overall

Bao et al. 2013
Bekgium 
(Flanders)/ 
Feather

Model  
(Feathers-
Flemish 
version of 
Albatross)

10% 
fraction 
(616160 
persons)/ 
100runs

Error increases with 
complexity;  for more 
elaborate
analyses a 10% fraction 
might not be sufficient. Age 
has a monotonically increasing 
effect, while gender has no 
significant effect.
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Cools et al. 2011
Belgium 
(Flanders)/ 
Feather

Model  
(Feathers-
Flemish 
version of 
Albatross)

Error increases with 
complexity;      for more 
elaborate
analyses a 10% fraction 
might not be sufficient. Age 
has a monotonically increasing 
effect, while gender has no 
significant effect.
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Activity-based models: Computational process model
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this step is commonly modeled by using (nested) logit models, although sometimes 

still at the aggregate level. The assignment step involves loading the O-D matrices 

onto the transportation network and applying some assignment algorithm to predict 

traffic flows. Further details about the four-step modeling approach can be found in 

McNally (2007). 

As four step models are aggregate deterministic models, primarily input 

uncertainty is of interest. Of course, it is possible to investigate some forms of model 

uncertainty such as uncertain parameters but such studies have been less common. 

The focus has been on input uncertainty and error propagation. Early uncertainty 

analyses in the context of the four step modeling approaches have been rather ad hoc 

(e.g., Bonsall, et al., 1977; Robbins, 1978; Ashley, 1980; Boyce, 1999; Boyce & Bright, 

2003). Later, more systematic approaches have been conducted. Usually, no 

distinction has been made between different sources of input uncertainty. Rather, 

point values for input variables have been replaced by probability distributions (often 

the normal distribution), with the standard deviation of the distribution capturing the 

amount of uncertainty. Monte Carlo draws of these probability distributions then 

generated different configurations of input values used in different runs of the model 

of travel demand. Some measure of variability in the outcomes of the model has then 

been used to quantify the degree of uncertainty in model outcomes as a function of 

uncertain model input. 

Rodier & Johnston (2002), for example, examined the effects of changes in 

model input to percentage change in some key output variables of the SACMET96 

model. More specifically, plausible errors in population, employment, fuel price, and 

income projections were specified, and were used to simulate travel demand and 

emissions effects for the Sacramento region. The variance in the abovementioned 

variables stemmed from different information sources. The error range for the 

population was identified as ±2%. The annual rate of household income increase was 

set at 10%, while fuel price was suggested to vary between -7% and +8%. One 

variable was varied at a time in the model simulations. Results indicated that while 

plausible error ranges for population and employment projections were significantly 

contributing to changes and, therefore, uncertainty in travel demand and emissions 

projections, error ranges related to household income and fuel prices were not. 

Armoogum (2003), only concerned with travel demand generation and therefore 

not with a full-fledged four-step model, examined input and model uncertainty of a 

simple analysis of variance model for the city of Paris. Input uncertainty was studied in 
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the context of possible errors in population forecasts, emerging from the bias in the 

prediction of immigrants, while model uncertainty was confined to the question 

whether the model estimation was sensitive to sample composition. Jackknifing was 

used to construct different samples and estimate the variance and confidence intervals 

of the forecasts of average trip frequency and daily distance travelled per person. 

Results indicated that confidence intervals increased with increasing time horizons. 

Errors increased from roughly ±0.37% to ±26% for trip frequency, with differences 

between sub-samples segmented by zones, number of cars and gender, and from 

±3% to ±16% for distance travelled. The amount of error in the population forecast 

was based on the simple assumption of a 0.001 increase and decrease of the 

forecasted immigration quotient. Estimates for trip frequency varied between -3% and 

+16% for the different population forecasts, while variation in estimates for distance 

travelled varied between -5% and 15%. It suggests that while trip frequency is more 

sensitive to calibration uncertainty than distance travelled, the relative effect is similar 

under input uncertainty.   

While many studies assumed univariate normal distributions for the input 

variables, ignoring correlations between inputs, more realistic estimates of input 

uncertainty should also account for correlations between input variables. A good 

example is Zhao & Kockelman (2002). Arguing that only point estimates and not 

variances and covariances are commonly carried forward through travel demand 

models, they investigated the impact of input and parameter uncertainty on error 

propagation of a conventional four-step model based on an 818-link network covering 

25 zones in the Dallas-Fort Worth metropolitan region. Input uncertainty was 

investigated by setting the coefficients of variation for two demographic inputs 

(number of households and different employment types) to respectively 0.1, 0.3 and 

0.5. These inputs were assumed to be multivariate normally distributed with a 

correlation of +0.3 across all variables. In total, 18 parameters of the 4 steps of the 

model were incorporated in the uncertainty analysis by assuming coefficients of 

variation of 0.1, 0.3 and 0.5. A correlation was assumed between two parameters of 

the modal split sub-model. All the remaining parameters were included in the analysis 

in univariate form. The four-step model was run 100 times with different input and 

parameter values, drawn randomly from the assumed univariate/ multivariate 

distributions. Results showed that the coefficients of variation of two link flows were 

larger than the 0.3 input uncertainty. Variability was smaller for VMT (vehicle miles 

travelled) than VHT (vehicle hours travelled). 
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As for error propagation, they found evidence that average uncertainty is 

amplified in the first three sub-models of the model chain (trip generation, destination 

choice, mode choice), and somewhat reduced in the final, route assignment model 

step, but not below the input uncertainty. Manzo, et al. (2015) reported similar results. 

Because model specification in traditional four step models is not uniquely derived 

from a set of underlying theoretical assumptions, many studies compared different 

definitions and operationalizations of attraction and distance deterrence. However, 

results have typically been assessed and expressed in terms of goodness-of-fit and not 

in terms of model uncertainty. Hence, we will not discuss these studies in this chapter. 

 

Evidence for discrete choice models of travel demand 

The class of discrete choice models of travel demand is somewhat difficult to describe. 

Discrete choice models predict the choice of discrete responses (mode choice, 

destination choice, etc.), usually based on random utility theory. According to this 

theory, a choice alternative can be described in terms of a utility function with a 

deterministic and random component. By assuming utility-maximizing behavior, the 

probability of a choice alternative being chosen then depends on the form of the 

distribution of the random components and assumptions with respect to the variance-

covariance matrix. Most operational, applied models of travel demand involve the 

multinomial or nested logit model. The problem of correctly characterizing the class of 

discrete choice models stems from the fact that conventional four-step models were 

sometimes gradually transformed into utility-based approaches by replacing the 

aggregate mode and/or destination model with a discrete choice model. Sometimes 

this was accompanied by a shift from a trip to a tour-based model, which some 

academics and professionals called an activity-based model. As the classification used 

in this chapter is only meant to order the studies, we leave the issue as is, but readers 

should realize that sometimes the classification is rather arbitrary and arguable. 

Because the application of discrete choice models often involves the use of micro-

simulation, both input uncertainty and various kinds of model uncertainty 

(specification, parameter uncertainty and stochastic error) of such discrete choice 

models have been examined in previous research. Beser Hugosson (2004, 2005) 

examined the impact of sampling error on uncertainty in different results of the 

Swedish Sampers model, a nested logit model with frequency, mode and destination 

choice levels. Transportation modes include car, bus, train, high-speed train and air. 

Destination zones are defined at the national 670-zone level; the analyses, however, 
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was based on 20 destination zones. The alternatives consist of making a trip or not. 

She used the bootstrapping technique to study the effect of sampling on uncertainty in 

model outputs. This means that from the sample, used to estimate the model, 999 

different samples of the same size with replacement were constructed. These 

bootstrap samples were then used to calculate standard deviations and estimate the 

standard error and confidence levels for the population. For each sample, the 

SAMPERS model was applied resulting in total demand, origin–destination demand and 

link flows. Results indicated that the uncertainty in total demand varied between 

±8.5% (car) and ±13.3% (train). To calculate uncertainties related to OD-matrices, six 

OD-relations with different traffic volumes were selected. The uncertainty of these OD-

pairs demand varied between ±6.5% and ±14%. The standard error was larger for 

the larger relations. The author linked this higher standard error to one extra dummy 

parameter in the model, which needs to be estimated only for some large cities such 

as Stockholm and Göteborg. Two links were studied, one with a larger car traffic 

volume and one with a lower car traffic volume. Results indicated that the uncertainty 

at the link level varied between ±8.4% and ±10.8% with a higher value for the links 

with larger traffic flows. The author argued that links with larger flows pass through 

the large cities and, therefore, are affected by the extra dummy parameter.  

While most other studies assumed some degree of input uncertainty, De Jong et 

al. (2007) in their uncertainty analysis of the Dutch national and regional travel 

demand model used the standard deviations and correlations of 20-year moving 

averages over the past 40 years of some input data to extract values from a 

multivariate normal distribution. The Choleski decomposition was used to generate a 

multivariate normal distribution with the correlation based on uncorrelated univariate 

normal draws. Bootstrapping was used to estimate the variance-covariance matrix for 

coefficients of the tour frequency and mode-destination sub-models of the model 

system, while the original estimates were used for the other sub-models, such as the 

time of the day, car ownership and driving license. In total, they implemented 100 

runs of the model, 50 for a reference scenario and 50 for a new infrastructure project. 

For each of these 50 runs, 20 were made for varying input variables, 20 with varying 

model coefficients and 10 in which input variables were combined with model 

coefficients.  

Uncertainty of the LMS (the National Model System) forecasts was studied both 

at the national level (number of tours and passenger kilometers by mode and purpose) 

and link level (traffic flows in passenger car equivalents, travel times and vehicle hours 
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lost on a number of selected links). Results indicated that standard deviations that 

result from model uncertainty are clearly smaller than for input uncertainty for all 

modes and the total across modes. In most cases, standard deviations for input and 

model uncertainty were slightly higher than those for input uncertainty alone. Similar 

results were obtained for the reference scenario and the project. Uncertainty in the 

number of tours was the same with and without congestion feedback, while with 

congestion feedback variation in kilometers was slightly smaller. Standard deviations of 

the link flows were between 4.1% and 14.8% for input uncertainty, and around 0.3% 

to 6.4% for model uncertainty. Results for the number of hours travelled were of the 

same magnitude. 

This study is the only one that systematically varied various sources of error. 

Most studies focused on a single aspect. Castiglione, et al. (2003), for example, 

investigated stochastic error of the San Francisco SFCTA model, focusing on the effect 

of different seeds for the pseudo-random number generator on the robustness of 

model outputs. More precisely, they changed the sequence of random numbers and 

investigated the impact on the simulation of the individual choices from the different 

logit models. It should be realized that random number generators generate 

reproducible sequences of numbers. Differences can thus occur due to different seeds. 

The model system was run 100 times, changing the sequence of random numbers in 

each run. The extent of random variability in the model results was explored primarily 

as a function of the type of model (vehicle availability, tour generation, destination 

choice and mode choice) and level of spatial aggregation (zone (TAZ), neighborhood 

and county-wide). The study area included 766 TAZs in San Francisco and 1,740 in the 

region, 26 neighborhoods. Although the results proved high stability of the outcomes 

in general, performance indicators were more stable for lower levels of spatial 

aggregation. They also found that results for the models with many alternatives, such 

as destination choice, show more random variability than the results of models with 

fewer alternatives, such as vehicle availability and tour generation. 

Walker (2005) investigated simulation error for the Southern Nevada 

implementation of a trip-based, micro-simulation model with a step towards a tour-

based implementation. The micro-simulator was run 10 times each for four different 

sample sizes (500, 5,000, 50,000, 500,000). The impact was studied for the range of 

the total VMT and number of total transit trips indices as well as an estimate of the 

standard deviation. Results indicated that simulation error was negligible with 500,000 
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households. As expected, the size of the sampling error was proportional to the inverse 

of the square root of the sample size. 

One of the most elaborate studies on this line of research was conducted by Yang 

& Chen (2011-see also Yang, et al., 2013), who investigated uncertainty and error 

propagation in the combined travel demand model, originally proposed by Oppenheim 

(1995). Because this model can be formulated as a nonlinear programming problem 

and the uniqueness of its solution can be guaranteed, they could derive sensitivity 

expressions of the output variables with respect to perturbations from various input 

variables and parameters in the combined travel demand model. They considered 

multi-dimensional travel demands and traffic flows as output variables. Uncertainty 

analysis of the model was investigated for the Sioux Falls network, consisting of 24 

nodes and 76 links, reduced to two modes (car and transit). Both input uncertainty, 

parameter uncertainty and the combination of these were studied. More precisely, the 

average coefficient of variation of outputs at each step using the derivatives of all 

outputs with respect to the eight selected inputs (potential number of travellers from 

zone and link capacity of seven considered nodes for car) and twelve parameters were 

calculated (travel attractiveness related to zone, destination, transport mode and link, 

the effect of utility of traveling from zone, destination, mode and link as well as the 

parameters in BPR function for car and transit).  

As for input uncertainty, inputs were assumed independently and normally 

distributed, while the coefficient of variation was set at 0.3 for all inputs. Results 

indicated that the CV of travel demand and traffic flows was almost identical to input 

uncertainty. On the other hand, uncertainty in link flows dropped in the assignment 

step. In contrast, the CV’s of TTT (total travel time) and TVM (total vehicle miles) are 

lower than the CV of inputs. As for parameter uncertainty, the results at each choice 

step, except for the travel choice step, indicated that the impact of parameter 

uncertainty on outputs is higher than that of input uncertainty. Finally, as for the 

combination of these two types of uncertainty, the authors found that the uncertainty 

of outputs is not simply the sum of uncertainties from inputs and parameters 

individually. 

Zhang, et al. (2011) investigated the same network and embedded nested logit. 

Three different uncertainty sources (demand, supply and parameter uncertainties) 

were considered as potential sources of stochasticity. The lognormal distribution of the 

maximum number of potential travellers from each zone was assumed to generate 

demand uncertainty. The supply uncertainty was assumed affected only by link 
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capacity variation. The uncertainty analysis included parameters of the BPR function, 

travellers’ value of time and the coefficient for car operating cost. Monte Carlo 

simulations were used to simulate uncertainty due to 3 different travel demand or 

traffic congestion levels (0.5, 1.0 and 1.5 times the mean values of the maximum 

number of potential travellers) and 3 different degrees of uncertainty (coefficient of 

variation values of 0.1, 0.2 and 0.3). For each specific combination, 300 simulation 

runs were conducted, which means that the influence of supply, demand and 

parameter uncertainty was examined separately under various levels of uncertainty 

and congestion.  

Uncertainty was assessed in terms of error propagation in the various modeling 

steps as well as the uncertainty in total vehicle hours travelled and vehicle miles 

travelled. The authors concluded that the coefficient of variation value of vehicle hours 

travelled is higher than that of vehicle miles travelled under both demand and supply 

uncertainty scenarios. They argued that the underlying reason is the dependency of 

travel time on link flows; in contrast, the length of a link has a fixed value. Moreover, 

when the travel demand level changes from 0.5 times the original level to 1.5 times, 

the variation in link flow rates tends to increase even if the same input uncertainty is 

fixed. Consistent with Zhao & Kockelman (2002), they found that trip distribution 

significantly amplifies the variation, while traffic assignment significantly reduced the 

previous errors.  

As for OD-pairs, results indicated that uncertainty is higher for a larger maximum 

number of potential travellers, reflecting the fact that trip rates are directly influenced 

by demand uncertainty. In contrast, parameter and supply uncertainty had relatively 

little effect on variation in trip rates. Finally, results indicated that the distributions of 

the link flow rates were diverse. With increasing parameter uncertainties, the variance 

of the distribution of link flow rates centered around the middle, compared to the 

production and O-D trip rates. 

Another interesting, older study on model uncertainty was conducted by Brundell-

Freij (1997). She studied model misspecification, estimation and use in the context of 

high correlation and low variation in revealed preference data. An estimated 

multinomial logit model of transportation mode choice was the starting point. For 

different sample sizes, the deterministic utility of the choice alternatives was 

calculated, an error term were added and based on the principle of utility-

maximization, the alternative with the highest utility was selected. Next, 500 different 

simulation runs were created. For each set, new model parameters were estimated. 
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Sample sizes were 85, 210 and 850. Results indicated that especially for smaller 

sample sizes, some parameters might be largely and systematically biased. The bias 

was presented as the 25 percentile, mean and 75 percentile of the distribution of the 

difference between the value of the parameter and the corresponding variable divided 

by the value of variable itself. Some parameters, such as alternative specific constants 

and transfer time, differed up to 400% from the above-mentioned value, implying a 

high level of uncertainty. Estimated asymptotic variances in parameters were 

systematically underestimated, and the standard deviation increased with smaller 

samples (for N = 85, the true standard deviation seemed 10-15% higher than 

estimated).  

In a sequel, Brundell-Freij (2000) used bootstrapping and Monte Carlo 

simulations to analyze the effect of resampling of random model components under a 

specified model to investigate the influence of such variation on estimation output and 

model selection. Results suggested that substantial bias and increased variability may 

be introduced.  

 

Evidence for activity-based models of travel demand 

Activity-based models of travel demand are based on the contention that travel is 

derived from and should therefore be understood in the context of activity 

participation. Travel is the result from the way in which individuals and households 

organize their daily life in time and space. A major difference between four step and 

activity-based models, therefore, is the consideration of activity participation. A full 

activity-based model of travel demand predicts which activities (activity participation) 

are conducted where (destination choice), when (timing), for how long (duration), 

which chain of transportation modes is involved (mode choice), travel party (travel 

arrangements and joint activity participation) and which route is chosen (route choice), 

subject to personal, household, spatial, temporal, institutional and space-time 

constraints. In addition, advanced activity-based models consider household (e.g., 

Timmermans & Zhang, 2009b) and group (social networks) decision-making (e.g., 

Kuwano, et al., 2011) as opposed to individual decision-making, and also model the 

relationship between physical and virtual travel. Reviews of activity-based models can 

be found in Bhat & Koppelman (1999a,b, 2000), Timmermans, et al., 2002, and 

Henson, et al., (2010). Chapter 2 gives an updated review. 

The literature on activity-based analysis can be divided into analytical studies 

which analyze/model one or more of the choice facets mentioned above or focus on 
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special topics such as scheduling behavior (e.g., Joh, et al., 2004; Mohammadian & 

Doherty, 2005, 2006; Auld, et al., 2008; Ruiz & Roorda, 2008; Ruiz & Roorda, 2011) 

and space-time prisms and accessibility (e.g., Yoon & Goulias, 2010). In contrast, 

comprehensive activity-based models capture the majority of these choice facets. 

Recent examples of analytical studies are Paez & Farber (2011-activity participation), 

Habib & Carrasco (2011-start time and duration), Mitra, et al. (2010-choice of 

transportation mode), Roorda, et al., (2006-travel arrangement), Mosa (2011-joint 

activity participation), and Wang & Li (2011-physicial versus virtual travel). As 

discussed in Chapter 2, comprehensive activity-based models, based on different 

modeling approaches have been formulated, include: 

1.  Daily activity schedules (Bowman & Ben-Akiva, 1999). This approach can be best 

viewed as an extension of nested logit model structures from two choice facets to 

multiple choice facets, incrementally expanding tour-based models to activity-based 

models. Variants and elaborations of this model have been applied in several US 

cities and regions (Vovsha, et al., 2005). 

2.  CEMDAP (Bhat, et al., 2004). This is a suite of advanced largely independent 

econometric models of different kind for workers and non-workers and different 

times of the day, which can be linked to a micro-simulation framework to simulate 

daily activity-travel patterns. 

3.  FAMOS (Pendyala, et al., 2005), a micro-simulation system, which determines the 

time-space prism boundaries of individuals and then simulates activity-travel 

behavior using a series of sub-models (nested logit) of activity type, activity 

duration, destination and mode choice. 

4.  ALBATROSS (Arentze & Timmermans, 2000, 2004a,b, 2005; Anggrainni, et al., 

2009a, 2009b), a strongly linked rule-based process model of individual and 

household activity-travel decisions, developed for the Dutch Ministry of 

Transportation, which results in emerging individual activity-travel sequences of 

high spatial and temporal resolution. The model has also been developed for 

Flanders, Belgium in the context of the FEATHERS platform (Janssens, et al., 2007; 

Bellemans, et al., 2010) 

5.  TASHA (Miller & Roorda, 2003; Roorda & Ruiz, 2008; Roorda, et al., 2008), a 

scheduling model in which individual and household tasks related to “projects”, 

defined as a series of interlinked activities, are scheduled in agendas and conflicts 

are eliminated, based on a set of ad hoc rules. Other components of the model, 
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such as activity generation and location choice, are based on sampling from 

distributions of observed data and simple discrete choice models. 

6.  ADAPTS (Auld & Mohammadian, 2009), a discrete event simulator system, which 

shows some resemblance with TASHA in that it focuses on the planning, scheduling 

and rescheduling of activities, but differs from TASHA in that no priority in the 

scheduling process is assumed. 

In general, activity-based models focus on activity-travel generation and activity 

scheduling decisions. If traffic flows need to be simulated, time-dependent origin-

destination tables are derived and loaded onto the network, using conventional 

assignment algorithms. In addition to these models, macro- and microscopic traffic 

simulation models have been extended to include concepts of activity-travel 

generation. Examples are TRANSIMS (Smith, et al., 1995), MATSIM (e.g., Nagel, 2004; 

Meister, et al., 2010) and RAMBLAS (Veldhuisen, et al., 2000a, 2000b). Compared to 

the above models, these simulators primarily focus on traffic and are strongly data-

driven, sampling directly from observed probability distributions, without a major 

attempt of generalizing or explaining these distributions. 

In recent years, the momentum of developing these cross-sectional activity-based 

models of travel demand has slowed down or seems in some cases have come to a 

stop. The international research agenda has moved to the next generation of models: 

dynamic activity-based models (e.g., Han, et al., 2008, 2009, 2010, 2011; Arentze & 

Timmermans, 2009a, 2011a; Habib & Miller, 2009; Susilo & Axhausen, 2014; Cherchi & 

Cirillo, 2014). A review of these developments is given in Arentze & Timmermans 

(2008b). 

Because activity-based models of travel demand use agent-based or micro-

simulation either because these models are fundamentally developed from such 

principles or because micro-simulation is used to link the suite of independent or 

loosely-coupled models in an integrated framework, these models are sensitive to both 

input and model uncertainty (stochastic error). This explains the focus on model 

uncertainty related to these models. 

The topic of micro-simulation error has been picked up first in the context of the 

true micro-simulation models. Veldhuisen, et al., (2000b) examined simulation error of 

their RAMBLAS model. The possible effect of Monte Carlo draws was investigated at 

several levels: (i) origin-destination matrices at the municipal level across the 

Netherlands, excluding intra-municipal trips and zero cells, (ii) origin-destination 
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matrices at the level of traffic zones for the Eindhoven region, and (iii) traffic 

intensities at the link level for the Eindhoven region. R-squared and Robinson’s 

agreement measure were calculated for pairs of 5 model runs. Results indicated that 

the consistency between pairs of model runs was extremely high, slightly lower but still 

very high for higher scales of spatial resolution. The lowest value obtained was 

0.99956 for the agreement measure for links, but in general measures were higher 

than 0.9999.  

Gibbs & Bowman (2007) obtained similar findings. They studied convergence 

properties of an activity-travel simulator and a traffic assignment model and found that 

the system can converge close to equilibrium by running the activity-based model 

upon small samples of the population during early iterations, progressing to larger 

samples in later iterations. They also concluded that a constant step size of one-half 

converged more rapidly than the customary 1/(iteration number) step size, and that 

the common “preloading” option of assignment requires significantly fewer assignment 

iterations. In the context of this thesis, more relevant is the finding that robust results 

are obtained after a few runs. 

Lawe, et al. (2009), in a similar vein, examined some aspects of model 

uncertainty of TRANSIMS for Chittenden County, USA. In order to gauge the extent to 

which the TRANSIMS model results varied with the seed number used to control the 

probability distribution used within the model, they performed 5 different runs with 5 

different seed numbers, and analyzed the variation in traffic volumes and average 

speeds along 10 links for each hour of the day. The results showed very little variation 

as evidence by CV values, with a maximum value of 2.59%.  

Ziems, et al. (2011) completed a very similar, but slightly more elaborated study. 

The goal of their study also was to determine the effects of the random seed number 

on various traffic characteristics in, respectively, the router, the micro-simulator, and in 

both these modules of TRANSIMS. This was accomplished by implementing 60 model 

runs based on a base simulation, each with a different random number seed.  One set 

of 20 runs involved varying the random number seed of the router module, keeping 

constant the random number seed of the micro-simulator module; another set of 20 

runs varied the random number seed of the micro-simulator module, keeping constant 

that in the router module, while a final set of 20 runs involved varying both random 

seed numbers. 

This process also involved 12 iterations of the router stabilization process and 8 

iterations of the micro-simulator stabilization process. To reduce computing times, only 
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those trips planned to start between 6 AM and 7 AM on an average weekday were 

included. Performance indicators examined included traffic volumes, travel times, 

vehicle mile travelled and vehicle hour travelled. The variability was expressed as the 

percentage difference between successive averages and the final average after 20 

runs. They concluded that the stochastic variability was consistently higher for the 

router module than for the micro-simulator module.   

Uncertainty analysis of complex, comprehensive activity-based models has been 

confined to Cools, et al. (2011), who analyzed model uncertainty of the FEATHERS 

model, the Albatross model based on data for Flanders. To estimate the error due to 

(micro-)simulation, the model was run 200 times for the same 10% fraction of the 

population. Uncertainty, measured in terms of the coefficient of variation, was 

assessed for the average daily number of trips per person and the average daily 

distance travelled per person. These performance indicators were calculated for the 

entire sample and for segments, defined by mode choice, age and gender. Calculated 

coefficients of variation based on the 200 runs were compared against a 1.27% 

threshold error rate, which corresponds to the corresponding 95% confidence bounds 

of a 5% deviation. Results showed that this threshold value was often exceeded for 

public transport. In addition, a linear regression analysis was conducted to examine 

the contribution of segmentation variables and complexity on variance in micro-

simulation error rates. Complexity was measured as the number of cross-tabulations of 

the categorized variables. Gender did not have any significant impact on micro-

simulation error rates. As expected, micro-simulation error increases with complexity. 

Age had a monotonically increasing effect on error rates. 

In a very similar study, Bao, et al. (2015) examined the number of runs required 

to obtain a performance indicator (average daily distance travelled, average daily 

number of trips and average daily number of activities per person) within a certain 

confidence interval for various percentiles of defined geographical constructs. They 

reported the results across age, gender and transportation mode segmentations, 

focusing on the average only. They concluded that a limited number of runs is required 

to ensure that all indices are stable at highly aggregated zonal levels. For the highest 

spatial resolution, however, only 50% to 70% of the zones was guaranteed to have a 

stable outcome for 100 runs. As another general rule, they concluded that the 

population segmentation which induces larger trips generally results in more stable 

outcomes, and that less runs are needed to obtain these stable results.    
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Moons, et al. (2005a) conducted a study on model simplification in the context of 

the Albatross model. First, they build decision tables for each of the nine choice facets 

of the model using the C4.5 algorithm. In addition to this full model, they build 

decision tables for a subset of the most relevant features. To that end, all irrelevant 

attributes were first removed from the data using the Relief-F feature selection 

method. Next, the C4.5 tables were built using only the remaining relevant attributes. 

The results of the analyses indicated that the simpler models do not necessarily 

perform worse: more or less the same results were obtained at the activity-pattern 

level and at the trip-matrix level. At the choice-facet level, one can observe that a 

strong reduction in the size of the tables as well as in the number of predictors was 

possible without adversely affecting predictive performance too much. 

3.5  Conclusions and research agenda 

To allow assessing the contribution of this PhD thesis to the state of the art, the aim of 

this chapter has been to develop a general framework for uncertainty analysis and 

summarize some key findings of the existing literature. Based on this literature review, 

which has been based at the main transportation journals and conference proceedings, 

the following conclusions may be drawn.  

First, compared to many other topics in the transportation research community, 

in absolute terms, the issue of uncertainty has received only minor attention. Although 

the issue of uncertainty has been recognized for long, it has not triggered much 

systematic academic work. 

Secondly, the research effort that has been paid is scattered widely across 

different topics and modeling approaches. Uncertainty analyses have been 

concentrated on travel demand forecasting models; there is a lack of attention of 

uncertainty analysis related to analytical studies, addressing the strength and nature of 

the relationship between facets of travel demand and their covariates.  

Thirdly, in line with this finding, although we immediately admit that the 

classification of model has been arbitrary in some cases, most studies have been 

concerned with the older generation of travel demand forecasting models, such as the 

four-step models and the discrete choice tour-based models. There is a relative paucity 

of uncertainty analysis pertaining to activity-based models of travel demand 

forecasting and, with the exception of some work at Hasselt, a virtual lack of studies 

on rule-based model systems. This is understandable in that the last generation of 
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comprehensive activity-based models is only recently moving from academic research 

to transportation planning practice.  

Fourthly, the literature review demonstrates that the analysis of uncertainty has 

been scattered across a wide variety of sources of uncertainty, ranging from 

methodological reflections on the nature of choice models and model uncertainty in a 

fundamental statistical sense to concrete studies of a specific source of uncertainty.  

 

 

Figure 3.1  Uncertainty analysis and activity-based models of travel demand 
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Most studies have been rather ad hoc in nature in the sense that often only a 

single source of uncertainty has been examined and not much effort has been paid to 

systematically varying in a more sophisticated way the multiple factors of interest. 

Thus, although prior studies have articulated and illustrated the issue at hand, 

evidence has remained rather sketchy. 

 Some topics have received slightly more attention. Especially, several authors 

studied the issue how many simulation runs are required to achieve robust, stable 

moving averages (Veldhuisen, et al., 2000; Castiglione, et al., 2003; Lawe, et al., 

2010; Ziems, et al., 2011). They have consistently found that only a few runs are 

needed to obtain a stable average. Although these results apply to data-driven micro-

simulation systems, there seems no reason why these results would not equally apply 

to behavioral activity-based models as all these models are based on large numbers.  

 Several studies have examined error propagation in especially four step models. 

They often found that uncertainty increases in the first 3 steps and is then reduced 

again at the assignment step, due to capacity constraints. It is not readily evident what 

to expect in the context of the advanced activity-based models. Unlike the four-step 

models, which are loosely coupled at best, some activity-based models are 

characterized by various kinds of constraints during every activity-travel scheduling 

step, while in addition feedback and feed forward mechanisms may be activated. 

The mirror image of the conclusions set the stage for a research agenda. We will 

discuss a possible agenda from the perspective of advanced activity-based models. 

Figure 3.1 provides an overview of the various sources of error that may affect the 

uncertainty in model outcomes. Comparing this figure against the summary results 

mentioned in Table 3.1 gives an indication of under-researched topics and research 

needs. Beyond the obvious need for additional, repetitive studies, more systematic and 

comprehensive studies seem to have a high priority, especially in the context of 

complex activity-based models of travel demand.  

Several valuable lines of future research can be mentioned. First, the literature 

review suggests that little attention has been paid to the various choice facets 

underlying activity-based models of travel demand and to individual activity travel 

sequences. Facets such as activity participation, timing, duration and travel party in 

activity-based models of travel demand add the activity and temporal dimensions to 

commonly addressed facets in conventional forecasting models and differentiate 

activity-based models from four-step models. Destination and transportation mode 

choice are key components of non activity-based models as well, but for some reason 
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do not seem to have drawn much attention in assessing uncertainty in travel forecasts. 

Uncertainty analysis has mainly been concerned with aggregate travel indices such as 

VMT, O-D matrices and link traffic flows/volumes. 

Second, most studies have assumed univariate or multivariate probability 

distributions, sometimes with covariance terms to represent input uncertainty. This 

may be a realistic assumption for some error generating processes, but not for others. 

For instance, most activity-based models of travel demand will use free flow travel 

times as input. Under such circumstances, the actual probability distribution of travel 

times will likely be positively skewed. Moreover, not all output variables are 

continuous, some should be expected to have a truncated distribution. Hence, a 

second valuable line of research would be to compare alternative probability functions 

on their impact on uncertainty. How to treat categorical data represents another 

important research topic. Yet other output variables, such as value of travel time, are a 

compound of underlying variables. Estimating confidence intervals for these variables 

represents a challenge in its own right. It should also be noted that most researchers 

have a priori assumed some form and degree of uncertainty for the input data to 

explore effects on model outcomes. In real applications, however, the aim of the 

analysis should be to quantify input uncertainty and predict how it affects final results. 

It may, therefore, be helpful to collect data about variability in input data and/or to 

explore the potential of expert elicitation (i.e., experts making judgments of 

uncertainty in input data). Such an approach will also likely result in probability 

distributions other than the commonly assumed multivariate normal distributions. 

Thus, the exploration and systematic comparison of alternative (non-symmetric) 

probability distributions, including methods to derive such distributions (e.g., Ng, et al., 

2010), seems another relevant avenue of future research in uncertainty analysis in 

travel demand forecasting 

Figure 3.1 also captures the idea that projections of complex activity-based 

models of travel demand at various levels of spatial aggregation (aggregate mobility 

performance indicators, choice facets, O-D matrices and activity-travel sequences) are 

uncertain due to multiple sources of uncertainty: uncertain input, the chosen fraction 

of the synthetic population, the inherent probabilistic nature of the models involved, 

uncertain parameters/rules and micro-simulation error. With a few exceptions, most 

studies have examined only a single source or different sources separately, the impact 

of the sample fraction of the synthetic population hardly being addressed at all.  
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Another valuable item on the research agenda is to understand the relative 

contribution of each of these sources of possible error. This would imply that many 

runs based on different configurations of input data and parameters, for different 

fractions of the synthesized population, are required. The amount of computing time 

involved is overwhelming. Realizing that a single run of an advanced activity-based 

model of travel demand may take a night, may be just 2-3 runs per day are possible 

on a single computer. Because thousands of samples may be required to assess the 

relative contribution of different sources of error on the uncertainty of model 

outcomes, especially at high spatial and temporal resolutions, many months of 

computing will be required, unless parallel computing is an option. 

These time demands introduce the issue whether brute force Monte Carlo 

simulation is the way to go or that most sophisticated sampling schemes should be 

developed, explored and compared. One possible option is to use (shuffled) Halton 

draws currently used in mixed logit models, which tend to be more efficient than 

random Monte Carlo sampling. One step further would be the use of fractional 

factorial, uniform or sequential experimental designs as employed in stated preference 

and choice modeling, or replace naïve random sampling methods with more intelligent 

sampling procedures such as stratified sampling, Latin hypercubes or grid ensemble 

designs.  

Another line of research would imply investigating which variables contribute 

most or most critically to uncertainty and examine their impact in a more detailed 

manner. Cools, et al. (2011) analyzed the contribution of the various input variables 

and complexity of the choice process to the uncertainty in mobility indices. It may even 

be possible to start at the policy end. If policy-makers could identify the critical 

thresholds of outcomes, which would trigger a shift from one preferred policy option to 

another, researchers might be able to zoom in on the corresponding parameter 

subspace and perform a detailed uncertainty analysis in that subspace. 

3.6  Concluding comments 

This chapter has summarized existing work on uncertainty analysis in travel demand 

forecasting. Based on that, potentially valuable lines of future research have been 

sketched, with a special focus on advanced activity-based models. It should be realized 

that uncertainty as discussed in this chapter is strictly tied to the model specification, 

which is assumed to be correct, methodological principles underlying a particular 

modeling approach and the principles underlying classic statistical inference. The 
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question whether the model is correct will always remain problematic. Activity-based 

models, based on 1 day forecast, have some limitations that cannot be relaxed with 

uncertainty analysis. Hence, the need to improve the validity of models of travel 

demand will remain. Critical mechanisms that are not captured by the model will have 

a critical effect on model forecasts. Moreover, forecasts of travel demand are based on 

the assumption that the relations as reflected in the activity-travel data and picked up 

by the model will remain stable over time. Some transport demand models may violate 

this assumption, particularly those models that do not attempt to differentiate between 

preferences and constraints, and wrongly equate observed behavior with preferences. 

Preferences are relatively stable, but constraints and market conditions may change 

more rapidly. 

In this thesis, we will only address few items of this research agenda. Because 

the thesis emerged from the European UncertWeb project, the analyses that were 

completed as part of that project, were restricted to the definitions of the various 

source of uncertainty identified in that project. Input uncertainty was confined to 

possible measurement error in one or more explanatory variables of the model. Model 

uncertainty was limited to the stochasticity or simulation error of the model. In the 

context of Albatross, it relates to the probabilistic decision tables. It should be realized 

that the underlying discrete probability distributions are a function of all sources that 

cause the deviation of a deterministic decision tables and the observed variability in 

the data. Thus, the definitions of input and model uncertainty that we use in the 

reminder of this thesis in the remainder of this thesis are more precise and therefore 

more limited than the broader definitions we used in the review, simply to be able to 

accommodate the diverse analyses, reported in the literature that the authors of those 

analyses positioned under the umbrella of “uncertainty analysis”. 



 

79 

 

4 
 

  Research Design 
 

 

 

 

4.1   Introduction 

The main aim of this thesis is to investigate the effects of input and model uncertainty 

and a combination of these n commonly used outcomes of activity-based models of 

travel demand. The Albatross model system (Arentze & Timmermans, 2000, 2004a, 

2004b, 2005) will be used to conduct the analyses. It represents an interesting case 

for a variety of reasons. First, Albatross is a rule-based system that assumes 

individuals and households apply a series of decision heuristics to schedule a set of 

activities and arrange corresponding travel, subject to spatial-temporal, institutional 

and other constraints. As evidenced by the results of the literature review on 

uncertainty in travel demand forecasting models, very little is known about the effects 

of uncertainty in such rule-based models. Second, the model generates forecasts at 

different levels of spatial and temporal resolution. At the lowest level, it predicts 

activity and travel episodes at the 4-digit postal code level and their attributes. These 

individual activity-travel sequences are then aggregated into time-dependent origin-

destination matrices and associated destination totals. Albatross also produces system-

level performance indicators such as vehicle kilometers travelled. Because the 

uncertainty of these different types of forecasts likely differs, it is relevant to 

systematically compare the effects of input and model uncertainty and their 

combination for these various forecasts. Thirdly, academically it is most interesting to 

examine uncertainty propagation in complex model systems. Albatross is a good 

example of such complex systems in the sense that it consists of a series of strongly 
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interconnected sub-models, tied together according to a process model. Little is known 

in general about input and model uncertainty of such complex model systems. The fact 

that simulated choices are constrained in every step increases this complexity. 

Before discussing the results of the uncertainty analysis, this chapter will provide 

an overview of the research design. First, a summary will be given of the Albatross 

model system, which should give readers a sufficient understanding of this specific 

activity-based model of travel demand. The study has been conducted in the City of 

Rotterdam, The Netherlands. To introduce the area, next some key characteristics of 

the study area will be presented.  In section 4.4, a general overview of the analyses 

that are conducted is provided. As will be discussed, the analyses are based on a 

fraction of a synthetic population of Rotterdam. The creation and results of the 

population synthesis are described in section 4.5. 

4.2   Albatross 

The aim of this study is to quantify and assess the impact of model uncertainty,  input 

uncertainty and their combination on the uncertainty of a set of system-level 

performance indicators, destination totals and individual-level activity travel sequences, 

predicted by the Albatross model. Model uncertainty in this study is defined as the 

variability in outcomes of the model that is associated with multiple model runs. 

Albatross is a multi-agent rule-based system, developed for the Dutch Ministry of 

Transportation, which predicts for each household of a synthetic population the 

coordinated daily activity-travel patterns of all adults in the household. An activity-

travel pattern consists of a multidimensional sequence of activity and travel episodes, 

which specifies which activities are conducted where, when, for how long, with whom, 

the transportation mode involved and their interdependencies. The activity-travel 

patterns of the household members are coordinated in the sense that the model takes 

into account task allocation between household members, resource allocation 

decisions, such as who uses the car in car-deficient households, and the timing and 

location of joint activities. The scheduling of activities in time and space also satisfies 

various spatial-temporal and institutional constraints. In this section, we will briefly 

summarize the model. More detailed discussions can be found in Arentze and 

Timmermans (2000, 2004a, 2004b, 2005).  

Unlike most other activity-based models, Albatross is not based on the principle 

of utility-maximizing behavior, but rather assumes that individuals demonstrate 
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context-dependent heuristic behavior in the sense that their choices probabilistically 

depend on context. It is based on the behavioral theory that in case of repetitive 

behavior and large solution spaces, human decision-making relies on heuristics. When 

implementing activity-travel decisions, individuals experience and learn the 

consequences of their decisions, and may try alternative options. Individual choice 

behavior is assumed driven by condition-action rules, which indicate which action will 

be taken (which choice will be made) under a specific set of conditions. Rather than 

evaluating exhaustively all possible activity-travel patterns and choose the pattern that 

maximizes utility, choice behavior emerges from learning and is based on heuristic 

condition-action rules, which are activated according to some probability.  

Let Ci represent condition variable i, CSik be the condition state of the i-th variable 

in decision rule or heuristic k, CDi be the condition domain of the i-th condition variable 

and Ak the action/choice triggered by firing the k-th rule (k = 1, 2, …, K). A condition-

action rule can be expressed as: 

if Ci ∈ CSik ∀	 	then apply/execute action Ak                                        (4.1) 

An action concerns a particular decision that is made to transform an activity 

agenda into an activity-travel sequence in time and space, such as, for example, the 

decision to conduct a particular activity or not, the decision who uses the car in the 

household, the decision when to start and end an activity, the decision to chain 

activities or not, etc. A condition state specifies a subset of the domain of the condition 

variable. If the condition variable is an interval or ratio variable, the condition state 

specifies a sub-range of the variable’s domain. If the condition variable is ordinal, the 

condition states specify a subset of ranked ordered subsets of the domain of the 

condition variable. In case of nominal condition variable, the condition states may 

specify any (unordered) subset of the domain. 

Different formalisms such as if-then else rules, decision trees and decision tables, 

can be used to represent the condition-action rules. Albatross is based on decision 

trees, in which columns represent the condition states and the final row the action4. 

                                                     

4 A decision table represents the conditions and action in tabular format, whereas a decision tree 

is a visual representation of the Boolean expressions. We will use there terms interchangeably in 

the remainder of this thesis. 
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This formalism was chosen because it is easier to proof and control that each rule set 

meets the requirements of completeness, consistency and exhaustiveness. 

Completeness means that at least one rule is activated for any set of conditions. 

Consistency implies that no more than one rule is linked to any possible combination of 

states of the condition variables Ci. Exhaustiveness means that a rule is specified for all 

possible combinations of condition states across condition variables.  

Behaviorally, it is assumed that individuals experience the outcomes of their 

decisions and thus learn which action is adequate under which set of conditions. By 

experiencing the world, they will be able to cognitively discriminate between condition 

states that trigger certain behavior. Under initial conditions, an individual lacks any 

knowledge about the domain. Hence, each conditional variable only has a single 

condition state, which covers the entire domain of the corresponding condition 

variable. Consequently, choice behavior would be purely random.  

Let Aqk be response option q (q = 1,2, …, Q) of rule k. Then, this mechanism can 

be expressed as  

	 ∈ 	∀ →                                                                  (4.2) 

Therefore, every possible set of conditions states will activate this single rule. 

Activating a rule means that the individual will learn about his environment and will 

discriminate states on one or more condition variables that lead to different actions. 

Such discrimination implies a means splitting of the domain of these condition 

variables into states s (s = 2, 3, …, , and replacing the initial rule by a set of new, 

more specified, rules: 

if Cis ∈ CSik 	∈ 	∀	 ; 	 1	∃	  then choose Ak                                          (4.3) 

where Ak  is an action rule defined for the combination of condition states.  

Because the process of discrimination involves a splitting of the domain, it follows 

that for each condition variable i: 

 CSis = CDi    ∀	 ∈                                                                             (4.4) 

and  

 CSis = ∅   ∀	 ∈                                                                                 (4.5) 
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In principle, this process of splitting can continue until each condition state 

defines a single nominal or ordinal value or the unit used for the interval and ratio 

variables. More realistically, an intermediate level of splitting will occur, to define the 

decision heuristics that people apply. 

The discussion thus far has concentrated on deterministic rules. However, for 

reasons similar in utility-maximizing models, it is more realistic to account for 

heterogeneity in decision heuristics and probabilistic choice processes by using 

probabilistic decision tables or decision trees rather than deterministic ones. Let fkq 

denote the observed number of cases of response q at leaf node k and Nk be the total 

number of cases at that node. Then (Arentze & Timmermans 2004a),   

if	 ∈ ∈ 	∀ →

0, if	 	violates	one	or	more	constraints

∑ ′′

																																																										
				    (4.6) 

In principle, various tree induction methods may be used to extract the tree or 

decision table from activity-travel diary or travel survey data. The decision tables used 

in Albatross are derived from choice observations in the National Travel Survey (MON) 

using a CHAID-based induction method. This method finds the minimum set of 

decision rules that best describes the observed choice observations by recursively 

splitting observations on the states of the condition variables. A Chi-square based test 

of significance is used to identify the split in each step of this process. In case of a 

continuous variable, a similar tree construction process is used. However, in that case, 

an F-statistic is used to evaluate possible ways of splitting the tree.  

Every decision table represents a set of decision heuristics that applies to a single 

step in the assumed decision making process, which is captured by a process model. 

One may argue that this process model underlying the Albatross system is also part of 

model uncertainty. It is true that indeed a different process model will result in a 

different set of predicted activity-travel patterns. During the development process of 

the model system, alternative structures have been tested. Ultimately, the final 

structure was the one with the best goodness-of-fit. Later, several PhD candidates 

examined the effects of alternative and simplified sequences of decision tables and 

even alternative formalisms (e.g., Janssens, et al., 2004; Moons, et al., 2005a, 2005b; 
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Sammour, et al., 2012). Therefore, this aspect of model uncertainty will not be re-

addressed in this study. 

The Albatross model system consists of a series of 27 decision tables. Each 

decision tables captures one step in the assumed scheduling process model. Each 

choice facet (activity participation, destination, timing and duration, transport mode, 

travel party) is simulated in successive steps according to a priority-based scheduling 

process in which mandatory activities are scheduled first and discretionary activities 

are scheduled next. Choices made at a particular stage depend on previous choices 

and on future possibilities.  

The process model is based on the assumption that the scheduling of the 

activities on the agenda of a household is organized around the mandatory and fixed 

activities, such as work and study. Thus, the scheduling process for any specific day 

starts by deciding for each adult of the household whether an adult will work on that 

particular day, which will also define the location of the work activity. Next, it is 

decided which transportation mode will be used to go to work. In case of two-adult, 

car-deficient households, this step may involve the decision which adult will take the 

car. After all mandatory activities have been scheduled the discretionary, flexible 

activities are scheduled. Considering the scheduled activities at previous steps, it is 

decided whether a discretionary activity will be added, what type of activity will be 

added, how long it will take, when it will start and who will join.  

Once the maximum number of activities has been scheduled, subject to a set of 

constraints, such as action space and opening hours, it is decided whether trips are 

chained. Because trip chaining may free up time, an in-home activity will be added to 

the schedule. In addition, for all non-primary work related trips and trip chains, the 

transportation mode is predicted for both trip episodes surrounding (a sequence of 

consecutive) activities. Finally, the location where the activities are conducted is 

decided. 

Although this scheduling process may vary between individuals, individuals are 

assumed to share the same process to avoid the model becoming too complex. Each 

decision table, however, includes a subset of the socio-demographic variables, 

implying that scheduling decisions depend on the included socio-demographic 

variables. In addition, activity-travel choices are subject to a set of spatial-temporal, 
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institutional and household constraints. It is exactly this feature that makes error 

propagation in the model obscure.  

Albatross incorporates dynamic constraints (space-time prisms) to check the 

feasibility of decision options in each step of the scheduling process, such as for 

example whether or not an activity fits in a given time slot considering the required 

travel times, the minimum duration of the activity, the possible locations for conducting 

the activity, the opening hours of facilities, etc. As a result, predicted activity-travel 

patterns satisfy the following set of constraints: (i) situational constraints which impose 

that a person or transport mode cannot be at different locations at the same time; (ii) 

institutional constraints, such as opening hours, which dictate the earliest and latest 

possible times to conduct a particular activity; (iii) household constraints, such as 

bringing children to school, which dictate when particular activities need to be 

performed and others cannot be performed; (iv) spatial constraints which enforce that 

particular activities cannot be performed at particular locations; (v) time constraints 

which limit the number of feasible activity patterns in the sense that activities do 

require some minimum duration and both the total amount of time and the amount of 

time for discretionary activities is limited, and (vi) spatial-temporal constraints which 

delineate the action space of an individual at subsequent steps in the scheduling 

process. 

As said, the decision tables are imputed from the National Travel Survey Data. 

Using the Albatross model system for prediction means that the sequence of 27 

decision tables is activated according to the assumed process model. Each individual is 

processed and classified to one of the leaf nodes of the decision tree. Action states are 

simulated based on the Monte Carlo draws. Unlike many other activity-based models of 

travel demand, Albatross includes a series of dynamic constraints. Consequently, the 

model checks, dependent on individual attributes and the state of the current 

schedule, whether any of these constraints are violated and the decision is infeasible.  

In summary, Albatross predicts a daily activity-travel schedule for each household 

and its adult members. The model predicts which activities are conducted, where, 

when and for how long, the transport mode and travel party involved, subject to 

several types of constraints. The individual activity-travel sequences have a temporal 

resolution of one minute and a spatial resolution of four-digit postal areas. Individual 

space-time sequences are aggregated to derive aggregate performance indicators such 
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as total and average kilometers travelled, shares of transport modes, etc. Because the 

primary concern of the model is travel demand, path or route choice is not simulated. 

However, individual activity-travel patterns can be temporally and spatially aggregated 

into time-dependent O-D matrices, which can be used as input in any traffic 

assignment algorithm. In this PhD study, however, we will not address the degree of 

uncertainty in traffic flows. Kwak, et al. (2012) have studied this issue to some extent. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.1  The study area  



                             Soora Rasouli 

 87

4.3 Study area 

The uncertainty analysis of the Albatross model system was conducted for the city of 

Rotterdam, the second largest city in the Netherlands with a population of 

approximately 600,000 inhabitants in 2005. Rotterdam is located in the Western part 

of the country (Fig. 4.1). Its location within the Rhine–Meuse–Scheldt river delta at the 

North Sea favored its position of a major port. Once the largest in the world, currently 

it is Europe's largest port, making Rotterdam an important logistic and economic 

center. The rivers Rhine, Meuse and Scheldt give access to the heart of Western 

Europe, and split the city into two parts.  

The city center is located on the northern bank of the New Meuse (curved 

boundary of zip codes 3029, 3024, 3016). The major highway systems avoid this 

central area. They come in from the north, turn east and then turn South again. Major 

shopping centers include the city center, Zuidplein (zone 3083), which is located in 

area in the South of Rotterdam and Alexandrium (zone 3067) in the east of Rotterdam. 

Figure 4.1 maps the study area, which consists of 65 4-digit postal areas.  

4.4 Approach 

The analysis was conducted according to the following steps. First, a synthetic 

population of individuals and households of the city was created, using the approach 

described in Arentze, et al. (2008). Like many other population synthesizers, this 

approach uses iterative proportional fitting, but differs in that the consistency between 

individual and households is maintained by using relation matrices. Then, the actual 

uncertainty analysis involved the following procedure: 

1.  Draw a random sample s from the synthetic population; 

2.  Obtain for each sample s, the configuration of K input variables 

							 , , … , ; 

3.  Run the agent-based model  times to obtain a stable estimate of    

and its standard deviation; 

4.  Calculate the coefficient of variation and its confidence intervals. 

Different fractions of the synthetic population were selected to allow investigating the 

impact of the size of the synthetic population on uncertainty of performance indicators. 

Initial results are based on a randomly selected 10% fraction of the synthetic 

population, consisting of 41,668 persons and 27,961 households. To rule out the 
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possibility that results are influenced by the sampled fraction, it was kept constant for 

all analyses pertaining to a particular fraction size in the present study.  

For each sampled individual of this fraction, the Albatross model was run up to a 

maximum of 1000 times in assessing model/input/combined uncertainty. In each run, 

the action states of the 27 decision tables of the model were determined using Monte 

Carlo draws. These runs result in a probability distribution of each facet of the 

simulated activity-travel patterns and the associated performance indicators. Running 

the model multiple times allows one to analyze the effects of the number of runs on 

the uncertainty of the performance indicators, which was measured in terms of the 

coefficient of variation. 

The coefficients of variation were calculated for the following performance 

indicators (i) distance travelled and travel time per day per person broken down by 

activities, transportation modes and gender, (ii) duration per person per day broken 

down by activities and gender (iii) total number of trips per day per person broken 

down by activities, modes and gender. 

The following analyses were conducted. First, the number of runs required to 

obtain stable results was investigated by incrementally increasing the number. This is 

followed by an analysis of the degree of uncertainty in the selected performance 

indicators as a function of the number of runs. A third analysis concerns the size of the 

confidence interval of the performance indicators as a function of number or runs. 

4.5 Synthetic population 

The application of the Albatross model system requires the creation of a synthetic 

population. The reason is that socio-economic profiles are needed for each individual 

of the population to predict activity-travel patterns of individuals or individual (adult) 

household members. However, mostly for privacy reasons, individual profiles are not 

available and, therefore, these profiles need to be synthesized from available data 

sources. The goal of population synthesis is to generate multidimensional individual 

and/or corresponding household characteristics such that correlation structures in a 

sample are copied, while the aggregation of individual and household characteristics is 

consistent with available aggregate statistical data. 

The synthetic population of the city of Rotterdam was constructed using the 

approach that was also used to create the national synthetic population for the 

Netherlands (Arentze, et al., 2008). Following Beckman, et al. (2005), they applied 

iterative proportional fitting to ensure that the marginal distributions of multi-way 
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frequency tables of characteristics of the synthetic population are consistent with 

known demographic data. The method finds cell proportions that satisfy this 

consistency while preserving two-way and higher-order interactions between socio-

demographic characteristics that are observed in a sample. In this study, the 

correlations found in the 2004 MON data were used. 

Added complexity is faced because Albatross is based on household task and 

resource allocation processes. Consequently, the synthesis needs to generate in a 

consistent manner both individual and household socio-demographic profiles. Iterative 

proportional fitting cannot be readily used. To solve this problem, Arentze, et al. 

(2008) used two relation matrices to link individuals to households. An age-group 

relation matrix links four age groups by gender to three household positions/types.  

Figure 4.2 gives an example. The rows in this matrix define the distribution of 

respectively female and male age groups across household types. These types consist 

of being a partner of a male of one of four age groups, being independent and ‘living 

in’. The next two rows represent the distributions of the ‘independent’ and ‘living in’ 

male groups across age groups. Matrix columns represent these distributions for the 

opposite sex.  

  Figure 4.2  Age-group relation matrix (Source: Arentze, et al., 2008) 

 

 Male Female Total 

Age 0-14 yr 15–34 yr 35–64 yr 65+ 

yr 

Indep. Living in  

Female 

0-14 yr 

2-adult households 

1-

female 

house-

holds 

females 

living in 

X1 

15–34 yr X2 

35–64 yr X3 

65+ yr X4 

Male 

indep. 1-male households 

0 

Ya 

living in Males living in Yw 

Total  Y1 Y2 Y3 Y4 Xa Xw  
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   Figure 4.3  Work-status relation matrix (Source: Arentze, et al., 2008) 

The marginals of the matrix give the total number of females per age group, 

the total number of independent females, the total of females living in, the total 

number of males per age group, the total number of independent males, and the total 

number of males living in. Based on initial estimates of cell proportions, iterative 

proportional fitting is used to derive the distribution of 24 household types including 4 

 4 double households, 4 single female households and 4 single male households. 

Logically, nine of the cells were assumed to have zero frequency. Because the totals of 

‘independent’ and ‘living in’ groups were lacking, they had to be derived from the 

known total number of households (for details, Arentze, et al. 2008) 

The second relation matrix determines household distributions across types 

defined by work-status combinations of persons (Figure 4.3). Figure 4.3 shows a 

distinction is made between no work (nt), part-time work (pt) and full-time work (ft). 

The first set of rows defines for each female the work-status distribution across work 

statuses of males and the ‘independent’ and ‘living in’ groups.  

The next two rows represent the distribution of independent and ‘living in’ 

groups of males across the work status of the male. Thus, given estimates of cell 

counts (or cell proportions) of the population under concern, the matrix is used to 

derive a distribution of 15 household types comprising 3  3 double work status 

groups, 3 single female work status groups and 3 single male work status groups. 

  Male Female Total 

 Work Np Pt Ft 

 

Indep. Living in  

Female 

Np 

2-adult households 
1-female 

households 

females 

living 

in 

V1 

Pt V2 

Ft V3 

Male 

indep. 1-male households 

0 

Ya 

living in Males living in Yw 

Total  W1 W2 W3 Xa Xw  
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Figure 4.4  Frequency distribution of selected characteristics of the synthetic 

population (10% fraction) 
 
 
 
 

 

Figure 4.5  Frequency distribution of selected characteristics of the synthetic 
population (30% fraction) 
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Figure 4.6  Frequency distribution of selected characteristics of the synthetic 

population (50% fraction) 
 

Summarizing, the synthetic population of Rotterdam was created by for each 

zone, (i) using iterative proportional fitting to create an age-group relation matrix; (ii) 

using the same method to create a work-status relation matrix; (iii) deriving a 15-level 

household age composition variable; (iv) deriving a 9-level household work 

composition variable. All characteristics were made consistent with the requirements of 

the Albatross model system.  

Because the MON sample is too small to allow a zone-based segmentation of the 

sample, CHAID was used to split the sample into homogeneous sub-samples. Both 

urban-density and region were treated as nominal variables. The minimum segment 

size was set to 6,000 cases. 

As indicated, the basic analysis was based on a randomly selected 10 per cent 

fraction of the synthetic population. Figure 4.4 shows the frequency distribution of 

gender, age of the oldest person in the household, income and household type. It 

shows that 45 per cent of the synthetic population of Rotterdam is female, implying 

that the remaining 55 per cent is male. The age of the oldest person in each 

household was classified into 5 classes. According to the classification, 35 per cent of 

the synthetic population belongs to the class < 35. The next class, defined as an age 

between 35 and 54 years old, represents 32 per cent of the synthetic population, and 
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this is the second largest class. The remaining three classes (respectively 55-64; 65-

75, and older than 75) are roughly of the same size, with the first and last of these 

classes representing 12% of the synthetic population of Rotterdam and the middle 

class representing 9 per cent.  

The third selected characteristic is annual household income. Figure 4.4 shows 

that 34 per cent has an income below modal. Compared to other major cities, this 

percentage is somewhat higher due to the industrial nature of the city and the 

presence of many harbor-related, less paying employment opportunities. Compared to 

its suburbs, the availability of low rent housing is higher in Rotterdam, implying that 

the below modal income households that can only afford such housing are 

overrepresented in Rotterdam. 

 

 

 

Figure 4.7  Distribution 10% of the synthetic population by postal code areas 
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The final selected household characteristic is household type. It is defined in 

terms of the number of adults in the household (single vs. double), and the number of 

workers in the household (none, one or two). Consequently, five categories were 

identified. The percentage single, no worker households is 29 per cent. Although this 

category includes single retired people, the percentage is relatively high for Dutch 

cities, referencing to the industrial nature of the city, and the relatively large presence 

of cultural minorities and single in-migrants, which traditionally have witnessed a 

higher rate of unemployment. The group of working singles makes up 23 per cent of 

the synthetic population of the city of Rotterdam. Two-adults household represent 48 

per cent of the synthetic population. The shares of dual-earners and single workers of 

these households is respectively 18 and 12 per cent, while the remaining 18 per cent 

of these households does not have any workers. They can either consist of households 

in which both adults are unemployed or both are retired.   

 

Figure 4.8  Distribution 30% of the synthetic population by postal code areas  
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Figure 4.9  Distribution 50% of the synthetic population by postal code areas 

Figures 4.5 and 4.6 demonstrate the distribution of socio-demographic attributes 

for the 30 and 50 percent of the fractions of the synthetic population. It shows that 

with these high absolute numbers, the sampling error is very small indeed. The various 

distributions of socio-demographic variables are almost identical. We can observe very 

small differences between the percentages of the categories of the socio-

demographical variables that are due to sampling. 

Figure 4.7 presents the spatial distribution of the 10 per cent fraction of the 

synthetic population of Rotterdam. It clearly shows the city center, the suburbs and 

the zones with less population. Figures 4.7 and 4.8 shows the spatial distribution for 

respectively the 30 and 50 per cent fraction of the synthesized population of 

Rotterdam. The number of households is 83878 and the number of people 124925 for 

the 30 per cent fraction of the synthetic population. These numbers are respectively 
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139798 and 208157 for the 50 per cent fraction of the synthetic population. Key for 

appreciating some results that will be reported in later chapters is the observation that 

the proportional distribution of sampled individuals by detailed classification of social 

demographics across 65 postal areas differs between the three fraction sizes. 

Figure 4.10 maps the spatial distribution of employment in daily goods retailing. 

It evidences that the city center of Rotterdam is responsible for a major share of this 

sector of employment. In addition, two regional centers mentioned before with major 

shopping centers and associated employment stand out. The remaining employment is 

more scattered across the zones. 

 

 

Figure 4.10  Distribution of employment in daily good sector by postal code areas 
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4.6  Outline 

Based on the created synthetic population and following the described general 

approach, the results of the uncertainty analysis will be reported in the Chapters 6 – 9. 

First, in the next chapter, a method will be introduced to measure uncertainty in 

predicted activity-travel sequences. Chapters 6 – 9 will report the results of 

respectively model, input and combined model/input uncertainty. 

The general set of equations, discussed in Chapter 3, applies to models that have 

independent variables or co-variances that can be directly identified. Activity-based 

travel demand forecasting models, including Albatross, however, have several 

feedback mechanisms and constraints, implying that analytical solutions cannot be 

found. Moreover, whereas the general theory applies to continuous variables, the 

decision tables making up the Albatross model system involves categorical and 

discretionized condition variables. To quantify the degree of uncertainty in such 

complex model systems, the model is run multiple times and the corresponding 

variability in model outcomes is analyzed. Although simple, straightforward equations 

can thus not be applied, still some regularities may be reasoned. 

In case of probabilistic decision tables or decision trees, the branches of the tree 

represent the socio-demographic profile of an individual, the configuration of land use, 

and a description of the relevant level of service variables of the transportation system 

as well as the outcome of previous decisions. It means that multiple model runs for the 

same individual may or may not lead the simulation of daily activity-travel patterns to 

the same action states of the relevant branch of the decision tree or column in the 

decision table. This sequential process embedded in the Albatross model structure and 

the fact that the outcomes of one or more previous decisions will stand as the 

condition variable of the subsequent decisions, combined with dynamic constraints 

which are activated based on the current state of the agenda, makes the tracing of 

changes in individual positions across the branches of the decision trees resulting from 

multiple runs not a straightforward task. The conditional choice probabilities of these 

action states are derived from the travel survey data, adjusted in the process of 

creating the synthetic population, but this process does not affect the conditional 

choice probabilities. 

Every Monte Carlo draw is a realization of these conditional choice probabilities 

and thus adds to better capturing the conditional choice probability distribution with an 

increasing number of model runs. The effect on the system-wide performance 

indicators, averaged and broken down by activity type and transportation modes, 
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depends on two phenomena influencing the level of overall variability generating from 

the probabilistic DT. One is the number of cases, pertaining to each branch (column). 

When the fraction of the population is not large enough, it may happen that in some 

branches only a few number of cases are located. It implies that the activation of these 

specific branches may not happen in all simulation runs. This phenomenon leads to the 

necessity of a higher number of runs to accommodate all possible options, or better to 

fully capture the probability distribution. 

The other component, which has to do with the general variability of a specific 

decision tree (and consequently with the variability of successive ones), is the 

probability distribution of the action states in each branch of trees. The more disperse 

the distribution is, the more realizations required to capture the true shape of the 

distribution.  

The dispersion of action state probabilities is an indication of the strength of the 

relationship between the conditional variables and the performance indicators. The 

choice of relevant, most explanatory conditional variables is an influential way to 

increase this strength. Note that due to the inherent variability of people’s choice, even 

if the most relevant conditional variables are involved in the construction of decision 

tables, variability may remain in the action choice probabilities. Depending on the 

nature of the action, this variability may be small or large.  All in all, one would expect 

that the larger the inherent variability of the action states for a specific classification of 

people, reflected by their social demographics, their current agenda status, and the 

land use/ transportation configuration of their involvement area, the larger the number 

of model runs that is required. Needless to say that, the combination of the 

abovementioned phenomena may also happen, which leads to very high level of 

instability of the considered choice facet for those specific people, which consequently 

affects the overall variability of performance indicators. 

The effort in increasing the number of runs is focused on depicting the second 

phenomenon, which concerns the branches with a dispersed distribution of action 

states. Instead, increasing the sample fraction represents an attempt to alleviate the 

first problematic phenomenon. More precisely, by having a relatively large synthesized 

population, the number of cases in all branches would be sufficient to ultimately 

activate all relevant branches in all simulation runs.  

With combining the two types of efforts, the variability in the predicted 

outcomes of decision trees is expected to be lower. Depending on the structure of 

decision trees and the probability distribution of all branches, it may happen that 
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increasing the number of runs and/or sample fraction decreases the variability of the 

decision tree and, at higher level of aggregation, to some extent the variability of the 

typical performance indicators.  

Once a sufficient number of activations, caused by the combination of sample 

size and number of model runs, is reached, any further increase does not substantially 

lower the variability. However, due to the high complexity of the process model in 

Albatross with the interdependent decision trees and the dynamic constraints, it is 

considerably difficult, if possible at all, to infer the influence of the number of runs and 

of the population fraction on the level of variability of the performance indicators other 

than empirically by gradually increasing these two components in the model.  

As for the effect of increased sample fraction, except for the effect of the 

random sample itself, increasing the sample fraction means that the number of times a 

branch of the decision tree is activated is proportionally increased. If the increase of 

the fraction activates all branches of the decision trees with the same rate, the effect 

of the number of model runs is the same as the effect of increased sample fraction. 

However, in reality, increased sample fraction size may result in a disproportional 

increase of some segments of the population, so that certain branches are affected 

more than others. This is the point, which makes a difference between the effect of 

the number of model runs and the effects of sample fraction size. While increasing the 

number of runs equally increases the number of draws in all branches, expanding the 

population fraction may have unequal effects on different branches of the decision 

trees. Although Figures 4.4, 4.5 and 4.6 showed that the distributions of single socio-

demographic are invariant across the population fractions, the distribution of sampled 

individuals by a detailed classification of social demographics across 65 postal areas 

differs between the three fraction sizes. Related to that is the understanding that the 

total number of cells in the multi-dimensional frequency tables is 86400 including only 

the relevant social attributes of households/individuals that Albatross considers as 

potential predictors of choice behavior, indicating that the average number of draws 

for a 10 per cent fraction is just 0.5.  

In case of input uncertainty, these factors influencing the uncertainty in the 

ultimate outcome of the model system are kept constant. The magnitude of the effect 

of input uncertainty on performance indicators will predominantly depend on the 

question whether different draws from the uncertain input, reflected in probability 

distributions, will lead to different states of the condition variables and therefore to a 
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different branch of the decision tables. Other considerations also apply to the case of 

input uncertainty. 

4.7 Conclusions 

In light of the aim of this thesis, developing and applying formal uncertainty analysis of 

activity-based travel forecasting models, this chapter has provided the necessary 

background information to understand the remainder of this thesis. The theoretical 

underpinnings and the structure of the Albatross model system were described. To 

understand the contribution and positioning of this study, it is important to emphasize 

that Albatross is a computational process model. Activity-travel patterns are predicted 

by sequentially applying a series of linked probabilistic decision tables. These tables 

represent decision heuristics, which indicate which decision outcome will be made 

under the set of conditions and socio-economic profiles represented by the decision 

tables. Uncertainty stems from the probabilistic action states of the tables. Multiple 

simulation runs will result in different predictions. 

As any contemporary activity-based model, Albatross requires the derivation of a 

synthetic population because the profiles of this population should be consistent with 

the conditions of the decision tables. To create the synthetic population of Rotterdam, 

the same method as used for the creating a synthetic population of the country was 

applied. It is based on the method of iteratively proportional fitting, jointly with relation 

matrices, which ensure the consistency between individual and household profiles. 

Characteristics of the derived population were described. 

Finally, this chapter described the approach that will be adopted to apply the 

uncertainty analysis. Comparing the suggested approach to the state of the art 

described in the preceding chapter, it should be emphasized that the present study 

extends commonly applied analyses by (i) conducting a more elaborate analysis 

involving a wider set of performance indicators and multiple levels of aggregation, (ii) 

developing some specific measures, (iii) adding the trade-off between sample fraction 

size and the number of model runs, and (iv) adding confidence intervals to the derived 

measures of uncertainty. 
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5 
 

 Measuring Uncertainty in Activity-Travel 

Sequences5 
 

 

 

 

5.1   Introduction 

As discussed in Chapter 3, although it has been realized for decades that uncertainty in 

model forecasts may be equally important as the actual forecasts themselves, the issue 

of uncertainty in model predictions has been under-researched in travel demand 

analysis. While there are some studies that have conducted uncertainty analysis in the 

context of traditional four-step and tour-based models, uncertainty analysis of the 

predictive outcomes of complex activity-based models of travel demand has received 

only scant attention (e.g., Cools, et al., 2011; Bekhor et al., 2014; Bao, et al., 2015). 

Moreover, these prior studies have only examined uncertainty in predicted aggregate 

performance indicators, such as total miles travelled. What differentiates complex 

activity-based models of travel demand from four-step and tour-based models, 

however, is their fundamental focus on comprehensive daily activity-travel patterns of 

individuals and households, represented in terms of a finite set of multi-dimensional 

sequences of activity-travel episodes. Each episode specifies the activity being 

conducted, start and end time, location or destination where the activity is conducted, 

                                                     

5 This chapter is based on Rasouli, S. & H.J.P. Timmermans (2013a), Uncertainty in predicted 
sequences of activity-travel episodes: Measurement and analysis, Transportation Research 
Record, 2382, 46-53. 
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transportation mode(s) used, with whom the activity is conducted and possibly 

additional attributes. Therefore, formulating a measurement approach to quantify 

uncertainty in such multidimensional sequences is paramount to conducting a 

comprehensive uncertainty analysis of these activity-based models of travel demand. 

This is not to say that classic uncertainty analysis of aggregate performance indicators 

and O-D matrices is not relevant for activity-based models of travel demand. In fact, 

these aggregate indicators are the most relevant ones in transportation planning 

practice in judging the feasibility of a project. Analysis of uncertainty in activity-travel 

sequences may complement traditional uncertainty analyses and should be useful for 

researchers as a diagnostic tool in improving their models and to practitioners to 

quantify uncertainty in individual space-time trajectories, for example in the context of 

exposure studies. 

An examination of the relevant literature suggests that the issue of model 

uncertainty in predicted activity-travel sequences has not been addressed at all in prior 

research. In this chapter, we therefore take on this challenge and suggest an approach 

to measure uncertainty in predicted activity-travel sequences that accounts for the 

sequence of activities and corresponding choice facets. To that end, we will first 

discuss the suggested approach to measure uncertainty in predicted multi-dimensional 

activity-travel sequences, which is based on multi-dimensional sequence alignment 

methods (Joh, et al., 2001, 2002). Sequence alignment methods have previously been 

used in travel behavior research to classify (segment) individual persons, based on 

their activity-travel sequences, or as a measure of goodness-of-fit. Thus, we suggest 

applying these methods to a different problem and add specific protocols of application. 

Next, as proof of concept, we will discuss a simple application of the suggested 

approach using the Albatross model system to the created synthetic population of 

Rotterdam, The Netherlands. The chapter will be concluded with a summary of main 

findings and a discussion of implications of the results. 

5.2  Measurement approach 

Following Joh, et al. (2001, 2002), the typical output of a comprehensive activity-based 

model of travel demand is a finite multi-dimensional sequence 	 , , … ,  of 

predicted multi-faceted activity-travel episodes. Each element of this sequence 

represents a multi-dimensional profile of activity type, location, transportation mode, 

and possibly other choice facets predicted by the activity-based model. Common 

applications of activity-based models are based on a single prediction and thus on a 
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single multi-dimensional sequence for each individual or agent of a (fraction of a) 

synthetic population. However, to differentiate stochastic error from policy impact and 

account for model uncertainty, the model should be run multiple times to arrive at a 

robust prediction or to generate the input for a formal uncertainty analysis. Each run 

represents a realization of the probabilistic forecasts and is based on a draw from the 

error distribution of the model. In case of a simple performance indicator, the 

outcomes of the multiple runs are used to calculate the coefficient of variation 

(standard deviation to the mean) to quantify the amount of uncertainty in the 

prediction. Although this specific approach cannot be directly used to quantify the 

amount of uncertainty in activity-travel sequences, the quintessence of this approach is 

still relevant when the focus of attention shifts to the predicted sequence patterns. We 

propose the following measurement approach. 

Let 
 
be the predicted multidimensional sequence profile of run n for individual i. 

We propose using the different runs as input to the measurement of model uncertainty 

in predicted activity-travel sequences. The degree of uncertainty in these sequences 

can be quantified by calculating the average dissimilarity between all possible pairs of 

predicted sequences using multi-dimensional sequence alignment for , , ∀	 . 

Multi-dimensional sequence alignment represents a generalization of uni-dimensional 

sequence alignment. Let there be given two finite uni-dimensional sequences, 

, , , … ,  and , , , … ,   which may be of unequal length ′). 

These sequences represent an ordered list of consecutive activities-travel episodes. 

Elements
  

and  are null elements that initialize the sequences. Uni-dimensional 

sequence alignment is concerned with the amount of effort (costs) needed to 

transform 		 , , , … ,  into , , , … , . The amount of effort is 

equal to the number of operations needed in this alignment, using identity (equality), 

deletion, insertion and substitution as valid operators. The smallest amount of effort 

represents the Levenshtein distance metric, which is defined as the smallest number of 

substitutions, insertions and deletions required to change sequence  into . It is 

calculated as (Joh, et al., 2001): 

, 	 , 																																																																																																													 5.1  

, 	 0																																																																																																																											 5.2  

, 	 , , 																																																																												 5.3  

, 	 , , 																																																																									 5.4  

, 	 min , , , ,  
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	 , , , 	 , 																																																																					 5.5  

with 

,
, 0			if	 																															

, , , 						
																															 5.6  

where, m,	m’ > 0; 

 denotes no operation is applied to that element of the sequence; 

,  is the total effort of aligning 	and ; 

, 	is the accumulated effort of aligning 	and  from 	and ; 

, , , 	 and ,  are the amount of effort for respectively 

identity of 	and  , substitution of 	by , and deletion or insertion of .  

In principle, these equations can be applied independently to the various 

dimensions of a multi-dimensional activity-travel profile. However, in that case, it 

would be assumed that the dimensions are independent, which is an unrealistic 

assumption. Joh, et al. (2001, 2002), therefore, allowed for possible correlations in the 

multidimensional activity-travel profiles and corrected for the number of operations 

that would be required in that case. It should be noted that if the dissimilarity is equal 

to zero, all predicted sequences are the same and, therefore, uncertainty due to the 

stochastic nature of the underlying activity-based model is equal to zero. Similarly, 

increasing dissimilarity implies increasing uncertainty. A disadvantage of this measure 

is it is not standardized. Consequently, the value of the measure depends on the 

length of the activity-travel sequence. It implies that the measure is difficult to 

interpret. We, therefore, suggest normalizing the measure: 

								 ∗ 																																																																																																																																					 5.7  

where, ∗ 	is the normalized Levenshtein distance between run  and ,  is the 

Levenshtein distance between run  and , and  is the maximum Levenshtein 

distance between run 	and . If the costs of insertion, deletion and substitution are 1, 

1 and 2, respectively, the maximum Levenshtein distance is equal to: 

∗ 2 																																																																																																				 5.8  

where,  is the number of attributes in the multidimensional activity-travel profile,  

and 	are the length of patterns to be aligned ( 	  This normalized measure 
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thus quantifies the amount of effort needed to align two multidimensional activity-

travel sequences, using deletion, insertion, identity and substitution, proportional to 

the maximum amount of effort required to align two completely dissimilar sequences. 

The number of pairwise comparisons for every simulated individual is equal to          

(N x (N	 - 1)/2 , where N is equal to the number of model runs. Computing costs are 

feasible in small-scale applications of the suggested method. However, with increasing 

number of simulation runs and/or increasing number of simulated individuals 

computing costs may become prohibitive. For example, for realistic numbers of 40,000 

simulated agents and 100 model runs, the number of comparisons is equal to 40,000 x 

100 (99) / 2= 198,000,000. Such large-scale applications may, therefore, need a 

heuristic approach to measure uncertainty in multi-dimensional sequences. A good 

heuristic should focus on typical or average sequences and avoid capitalizing too much 

on distances between very dissimilar sequences. 

A first option is to conduct 1 to (N - 1) comparisons. The first sequence ∗ is 

randomly selected from the set of predicted sequences for individual i. Next, a multi-

dimensional sequence alignment is performed for pairs , ∗ , ∀	 ∗. The total 

number of pairwise comparisons is equal to I	 x	 N	 ‐ 1), where I	 is the size of the sample 

fraction of the synthesized population and N is the number of model runs used to 

conduct the uncertainty analysis. Thus, for our hypothetical example, the number of 

comparisons is reduced from 198 million to 40,000 x 99= 3,960,000. Figure 5.1 gives 

the pseudo-code and a graphical representation of this heuristic: 

 

Create synthetic population 

Conduct N model runs for the fraction of 

the synthetic population 

Randomly select ∗ 

For ∈ , ∗ 

Conduct normalized multidimensional 

sequence alignment for pair ∗ ,  

End		  

Average results across all comparisons and 

individuals. 

 

Figure 5.1  Heuristic 1 - one source sequence, (N - 1) target sequences 
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Create synthetic population 

Conduct N model runs for the fraction of 

the synthetic population 

Randomly select ∗ 

Randomly select ′ ⊂  

For ∈ , ∗ 

Conduct normalized multidimensional 

sequence alignment for pair  ∗ ,  

End  

Average results across all comparisons and 

individuals. 

 

Figure 5.2  Heuristic 2 - one source sequence, (subset) target sequences 

 

Create synthetic population 

Conduct N model runs for the fraction of 

the synthetic population 

Randomly select ∗ ⊂  

For ∗ ∈ ∗  

For ∈ ∗  

Conduct normalized multidimensional 

sequence alignment 

for pair ∗ ,  

End  

End n* 

 

Average results across all comparisons 

and individuals. 

 

 

Figure 5.3  Heuristic 3 - ∗ source sequences, ∗
 (subset) target sequences 
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Basic statistics indicates that one does not need to consider all data points to 

arrive at good approximations of the statistics of the set of points. If this finding is 

applied to the current problem, rather than applying multi-dimensional sequence 

alignment between a randomly selected profile and all other N - 1 profiles, the 

alignment can be based on a subset of profiles. The total number of pairwise 

comparisons in this case for the complete sample fraction of the synthetic population is 

further reduced to 	x	 , where I is the size of the sample fraction of the synthesized 

population and  is the size of the subset. Thus, for our hypothetical example, 

assuming that  = 10, the number of comparisons is reduced from 198 million to 

40,000 x 10= 400,000. Figure 5.2 gives the pseudo-code and a graphical 

representation of this second heuristic. 

The heuristics suggested thus far rely on a single pivot ∗. To reduce the impact 

of the location of this randomly selected pivot in the dissimilarity space, a third 

approach would be to randomly select multiple pivots and calculate the multi-

dimensional sequence alignment costs for each of these. Thus, we would select subset 

{ ∗}. In this case, the total number of pairwise comparisons for the complete sample 

fraction of the synthetic population is equal to 	x	 ∗	x	
∗

,	where I is the size of 

the sample fraction of the synthesized population, N is the number of model runs used 

to conduct the uncertain analysis and ∗ is the number of pivots. 

 

Figure 5.4  Heuristic 4 - ∗ source sequences, (subset) target sequences 

Create synthetic population 

Conduct N model runs for the fraction 

of the synthetic population 

Randomly select ∗ and ⊂	  

For		 ∗ ∈ ∗  

For 	 ∈  

Conduct multidimensional sequence 

alignment for pair ∗ ,  

End 	  

End 	 ∗ 

Average results across all comparisons 

and individuals. 
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Thus, for our hypothetical example, assuming that ∗ = 10, the number of 

comparisons is reduced from 198 million to 40,000 x (10 x 90) = 36,000,000. Figure 

5.3 gives the pseudo-code and a graphical representation of this third heuristic. 

Finally, these two strategies may be combined by selecting at random both 

multiple pivots and a non-overlapping subset of profiles to be compared with this set 

of pivots and calculate the multi-dimensional sequence alignment costs for all 

combinations of these two subsets. Thus, we would select subset { ∗} and { },         
∗ ∩  

The total number of pairwise comparisons in this case for the complete sample 

fraction of the synthetic population is equal to I x ( ∗ x ), where I is the size of the 

sample fraction of the synthesized population,  is the number of selected other 

sequences and ∗  is the number of pivots. Thus, for our hypothetical example, 

assuming that ∗ =  = 10, the number of comparisons is reduced from 198 million 

to 40,000 x (10 x 10) = 4,000,000. Figure 5.4 gives the pseudo-code and a graphical 

representation of this heuristic. 

5.3   Exploration 

The different approaches that we proposed to calculate the multi-dimensional 

sequence alignment costs to quantify the amount of model uncertainty in model 

forecasts of activity-travel sequences involve two extremes:  all possible combinations 

of models runs and the I x ( ∗ x 	case, comparing a randomly selected pivot to a 

randomly selected set of remaining sequences. Other heuristics represent intermediate 

options. The aim of the present application is two-fold. First, we wish to illustrate the 

suggested approach. Second, we wish to explore the performance of the various 

heuristics compared to calculating average multi-dimensional sequence alignment 

costs for all possible combinations of predicted activity-travel sequences. 

To reduce computational effort, we selected 41,668 individuals from the synthetic 

population of the city of Rotterdam, the Netherlands. The number of predicted activity-

travel sequences for each individual was set equal to 10. Albatross was used to 

generate the 10 predictions for each individual of the fraction of the synthetic 

population. Albatross consists of 27 decision tables to simulate the activity-scheduling 

process. Probabilistic response-assignment rules specify the response (decision) as a 

function of a set of conditions states. Monte Carlo draws are used to simulate the 

probabilistic choice outcomes, which generate the activity-travel schedules. Because 
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probabilistic rules are used, different runs of the model with different seed points will 

generate different activity-travel sequences for each simulated individual. 

The number of considered pivots is 3. For each option, the multi-dimensional 

sequence alignment measure was calculated across the sample, using DANA ((Joh, et 

al., 2008), based on activity type, location and transportation mode, which were 

equally weighted. To reduce computation times, dynamic programming (Joh, et al., 

2001) was used. That is, when integrating uni-dimensional operations into 

multidimensional ones, only the trajectory for each attribute, which is closest to the 

diagonal of the two-dimensional comparison table of each attribute, is searched. 

Results are shown in Table 5.1. The average normalized Levenshtein distance is 

equal to 0.2207, suggesting the amount of uncertainty is approximately 22 percent, 

using completely dissimilar sequences as the maximum. The minimum uncertainty 

value is obtained for pair 9 - 10 (19 per cent), whereas the maximum value is found 

for pair 8 - 9 (26 per cent). The standard deviation is about 0.010. These results 

indicate that results may be sensitive to the position of the pivot in the Levenshtein 

space. It goes without saying that if this number of individuals and/or simulation runs 

further increases, run times will also increase. This is especially the case for an 

increasing number of simulation runs, as every added run involves another N - 1 

pairwise comparisons. 

Table 5.1  Normalized Levenshtein distances for all pairwise comparisons 

Run 1 2 3 4 5 6 7      8     9 

1 ---         

2 .2195 ---        

3 .2199 .2200 ---       

4 .2206 .2197 .2205 ---      

5 .2197 .2196 .2202 .2200 ---     

6 .2198 .2191 .2197 .2199 .2203 ---    

7 .2192 .2199 .2197 .2197 .2201 .2199 ---   

8 .2194 .2194 .2191 .2197 .2199 .2197 .2193 ---  

9 .2194 .2195 .2205 .2550 .2200 .2201 .2203 .2557 --- 

10 .2196 .2194 .2201 .2199 .2197 .2203 .2197 .2203 .1920 

Average                                                              .2207 

St. deviation                                                        .0086 
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Table 5.2  Normalized Levenshtein distances for the 1 x (N - 1) heuristic 

   Run 

Pivot 

1 2 3 4 5 6 7 8 9 10 

1 --- 0.2195 0.2199 0.2206 0.2197 0.2198 0.2192 0.2194 0.2194 0.2196 

2 0.2195 --- 0.2200 0.2197 0.2196 0.2191 0.2199 0.2194 0.2195 0.2194 

3 0.2199 0.2200 --- 0.2205 0.2202 0.2197 0.2197 0.2191 0.2205 0.2201 

4 0.2206 0.2197 0.2205 --- 0.2200 0.2199 0.2197 0.2197 0.2550 0.2199 

5 0.2197 0.2196 0.2202 0.22 --- 0.2203 0.2201 0.2199 0.22 0.2197 

6 0.2198 0.2191 0.2197 0.2199 0.2203 --- 0.2199 0.2197 0.2201 0.2203 

7 0.2192 0.2199 0.2197 0.2197 0.2201 0.2199 --- 0.2193 0.2203 0.2197 

8 0.2194 0.2194 0.2191 0.2197 0.2199 0.2197 0.2193 --- 0.2557 0.2203 

9 0.2194 0.2195 0.2205 0.255 0.22 0.2201 0.2203 0.2557 --- 0.192 

10 0.2196 0.2194 0.2201 0.2199 0.2197 0.2203 0.2197 0.2203 0.192 --- 

Av 0.2197 0.2196 0.2200 0.2239 0.2199 0.2199 0.2198 0.2236 0.2247 0.2168 

St.D 0.0004 0.0003 0.0004 0.0117 0.0002 0.0004 0.0004 0.0120 0.0196 0.0093 

Average                                                              .2207 

St. deviation                                                        .0086 

Table 5.2 shows the results of the 1 x N heuristic. To better understand the 

performance and potential limitations of this algorithm, Table 5.2 lists of results of 

using the various runs as the pivot. It should be noted that all information in this table 

is also included in Table 5.1, but we decided to re-order the information for the 

convenience of the readers. Table 5.2 shows that when run 10 is used as the pivot the 

lowest normalized measure of uncertainty is obtained. Similarly, the highest value is 

obtained when run 9 is used. Using run 5 as the pivot gives the lowest standard 

deviation, while the highest standard deviation is associated with run 9 as the pivot. 

The range in normalized Levenshtein distances is eight percent, and the range in the 

standard deviation is 0.0194. 

These results thus indicate that the 1 x (N - 1) heuristic is sensitive to the 

(random) choice of the pivot, although in the present study, differences are small. It 

does mean, however, that depending on which run is randomly chosen as a pivot, the 

deviation from the uncertainty calculated on the basis of all pairwise combinations will 

vary. In this case, the difference would be relatively high if runs 10 or 9 would be 

randomly selected and much smaller if run 3 would be randomly selected as the pivot. 
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The next heuristic involves comparing the pivot with a subset of other runs to 

calculate the average Levenshtein distance. In this illustration, 3 comparisons were 

chosen, comparing the results of two extreme cases: the smallest distance and the 

highest distance. Results are reported in Table 5.3. 

Examination of the Table 5.3 proves that this heuristic tends to increase the 

variation in the measurement of uncertainty because fewer comparisons are made. 

The smallest value is now 0.2108 against 0.2168 for the previous heuristic, which 

involved calculating the average Levenshtein distance between the pivot and all other 

runs. Similarly, the highest distance is now 0.2316 against 0.2247 for the previous 

heuristic. Considering absolute values, the results suggest that choosing a subset of 3 

runs instead of all other nine runs does not make much difference in measuring the 

uncertainty in predicted multidimensional activity-travel sequences. However, it also 

illustrates that in some cases, subset selection may result in considerable differences. 

The next heuristic selects a random subset of pivots and calculates the average 

Levenshtein distance between this subset and the remaining runs. In this illustration, a 

subset size of 3 was chosen, and results were calculated by selecting the 3 cases that 

are respectively associated with the shortest distance and the highest distance. 

Table 5.3  Normalized Levenshtein distances for 1 x {  = 3} heuristic 

 

 

Random 

 =3 

Runs 

 

Smallest 

distance 

 

Highest 

distance 

 

Difference 

between 

smallest 

distance and 

random  

(%) 

Difference 

between 

highest 

distance and 

random  (%) 

Difference 

average of 9 

runs and 

randomly 

selected 3 

runs  (%) 

1 0.2195 0.2192 0.2206 0.03 0.11 0.02 

2 0.2195 0.2191 0.2200 0.04 0.05 0.01 

3 0.2198 0.2191 0.2205 0.07 0.07 0.02 

4 0.2199 0.2197 0.2550 0.02 3.51 0.40 

5 0.2199 0.2196 0.2203 0.03 0.04 0 

6 0.2202 0.2191 0.2203 0.11 0.01 0.03 

7 0.2196 0.2192 0.2203 0.04 0.07 0.01 

8 0. 2316 0.2191 0.2557 1.25 2.41 0.80 

9 0.2202 0.1920 0.2557 2.82 3.55 0.45 

10 0.2108 0.1920 0.2203 1.88 0.95 0.60 
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Table 5.4  Normalized Levenshtein distances for { ∗} x { } – { ∗} heuristic 

         N* Uncertainty 

Random .2198 

Smallest .2187 

Highest .2241 

 

Table 5.5  Normalized Levenshtein distances for the { ∗} x { } heuristic 

         N* Uncertainty 

Random .2196 

Smallest .2101 

Highest .2437 

The results are shown in Table 5.4. It shows that the calculated uncertainty 

based on this heuristic is 0.2198, suggesting that the inclusion of more pivots brings 

the results closer to the true uncertainty value. The final heuristic also involved 

selecting more than one pivot, but rather than calculating the Levenshtein distance 

with all other runs, it averages distances for the selected runs only. The results, 

reported in Table 5.5, suggest that this heuristic also produces a result closer to the 

true uncertainty value, the difference is slightly higher. 

Table 5.6 overviewing the results shows that the full pairwise comparison 

approach captures the complete range of variation in individual activity-travel 

sequences (6.4%) without any uncertainty. For all other heuristics, the mean always is 

different from the true mean, up to 0.4% for heuristic 1. For heuristic 2, with only 

three pairwise comparisons, this difference is 1%, while for the last two heuristics the 

differences are 0.09% and 0.11%. Keeping in mind that these results depend on the 

randomly selected pivot and targets, this difference could be larger or smaller.  

In summary, under the current set up, the highest discrepancy between the 

mean of the normalized Levenshtein distances based on all comparisons and the mean 

obtained from the various suggested heuristics is one percent This result can be 

considered an acceptable bias. However, if the range of fluctuations matters, which 

reflects uncertainty of the mean of the Levenshtein distance (uncertainty of 

uncertainty), examining the range in Table 5.6 would be informative. It shows that 

while the true range is 6.4%, all heuristics have the potential of underreporting 

variability down to 0.07%, which leads to a bias of more than 6%.  
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Table 5.6  Comparison of heuristics 

Heuristic  Mean Range % Run time (min) 

All pairwise comparisons 

(45) 

0.2207 6.4 225 

 

 

1 x ( -1) comparison (9) (0.2168 - 0.2247) 

(depending on which 

run is pivot) 

0.07 - 6.4 

(depending on which 

run is pivot) 

45 

 

 

 

1 x ( ) comparison (3) (0.2108 - 0.2316) 

(based on the targets 

randomly selected in 

this study) 

0.07 - 6.37 

(depending on which 

run is pivot) 

15 

 

 

 

 

∗ x (N- ∗) (21) 0.2198 

(based on the pivots 

randomly selected in 

this study) 

 

0.07 - 6.37 

(depending on which 

runs are pivots) 

105 

 

∗ x  (9) 0.2196 

(based on the pivots 

and targets randomly 

selected in this study) 

0.07 - 6.37 

(depending on which 

runs are pivots and 

which are targets) 

45 

5.4   Conclusions and discussion 

A key distinction between traditional models of travel demand and activity-based 

models is that the latter models also predict activity-travel sequences. Any formal 

uncertainty analysis should therefore also measure the uncertainty in these predicted 

sequences. The commonly used coefficient of variation as a measure of uncertainty 

cannot be calculated for these predicted sequences. Thus, the assessment of 

uncertainty in predicted sequences of activity-travel behavior necessitates the 

formulation of a measurement approach to quantify the degree of uncertainty in such 

activity-travel sequences and associated choices for all other choice facets, such as 

transportation mode, travel party, destination, etc. 
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In this chapter, we proposed the average multi-dimensional sequence alignment 

costs across multiple runs of the activity-based model of travel demand as a measure 

of uncertainty in multi-dimensional ordered activity-travel patterns. Although 

multidimensional sequence alignment has been applied before in transportation 

science, its elaboration and application to measure uncertainty is new. In addition, to 

reduce computational burden in these calculations, we suggested several heuristic 

approaches. 

To assess the applicability of the proposed measurement approach and heuristics, 

we examined their performance using a fraction of a synthetic population created for 

Rotterdam, The Netherlands, consisting of 41,668 individuals. Two types of 

conclusions can be drawn from the results of this study: specific conclusions regarding 

uncertainty in predicted activity-travel sequences in this study area and more general 

conclusions related to the performance of the various heuristics. 

As for the assessment of uncertainty in activity-travel sequences predicted by the 

Albatross model for Rotterdam, the results of this study lead to the conclusion that the 

normalized Levenshtein distance, as a measure of uncertainty, is approximately 22 

percent. This implies that, on average, the amount of effort required to equalize the 

predicted activity-travel sequences of different runs is about 22 per cent of the 

maximum effort. Although the specific measures used to quantify uncertainty differ, 

and therefore cannot be compared directly, this result nevertheless suggests that 

uncertainty in individual sequences is relatively high, compared to uncertainty in 

aggregate travel indicators, such as daily total distance travelled, which is less than 10 

per cent in terms of the coefficient of variation for majority of choice facets as will be 

reported in Chapter 6. 

As for calculating uncertainty in activity-travel sequences, the results of the 

present study lead to the conclusion that deviations from the measure of uncertainty 

that is based on all pairwise comparisons is highest when one randomly selected pivot 

is compared with a subset of the other runs (1 x (N’ selected randomly). This is in line 

with expectations in that this approach involves the least number of comparisons to 

calculate multi-dimensional sequence alignment costs. For all other heuristics, 

deviations tend to become smaller with an increasing number of comparisons. The 

heuristic involving multiple pivots decreases the risk of having the single pivot in an 

extreme point in dissimilarity space. More precisely, the multiple pivots better span the 

Levenshtein distance space. Next, if uncertainty of uncertainty is also of interest, the 
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choice of heuristic should be decided more cautiously as the bias might be much larger 

compared with using all paired comparisons.  

Finally, for the present case study, keeping these general findings in mind, 

differences between the various heuristics, except for some extreme cases, are 

relatively small and any of these heuristics could be used to calculate the uncertainty 

in predicted activity-travel sequences. In general, it is advisable, however, if there is 

reason not to calculate uncertainty on the basis of all combinations of runs, to choose 

an algorithm that involves more comparisons. If one nevertheless would use the 1 x (N’ 

selected randomly) heuristic, one should check the consistency of results using 

different random selections of the pivot to rule out the case that a pivot located 

remotely in the Levenshtein space has been selected. 
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6 
 

 Model Uncertainty 
 

 

 

 

6.1   Introduction 

As discussed in Chapter 3, uncertainty in forecasts of activity-based models of travel 

demand stems from model uncertainty, input uncertainty or the combination of both 

these sources. Model uncertainty is caused by the inherent stochastic nature of 

contemporary activity-based models. Utility-maximizing models of travel demand have a 

utility function that consists of a deterministic and an error component. Unless these 

models are used to predict aggregate market shares, the application of these models at 

an individual level in micro-simulation applications implies that realizations from the 

assumed distributions of the error terms are needed. Consequently, every model run 

may lead to different predictions of activity-travel patterns. The variation in these 

predictions reflects model uncertainty: the uncertainty in model predictions due to their 

stochastic nature. 

This chapter will report the results of an uncertainty analysis of the Albatross 

model system for the synthetic population of Rotterdam. The nature of model 

uncertainty is slightly different from the principle described above in the sense that 

Albatross is a rule-based model system that does not have any explicit error terms. 

Instead, probabilistic decision tables capture the stochastic nature of the model. These 

decision tables indicate the probability of a particular choice outcome or action, 

dependent on the conditions impacting the modeled choice facet or scheduling step. 
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The effect, however, is the same. Successive runs of the models may lead to different 

outcomes, causing model uncertainty. 

This uncertainty applies to every decision table. Because the Albatross system 

consists of a sequence of decision tables, the error propagates and evolves from the 

first decision table to the last one. The ultimate outcome of the model system is a 

predicted daily activity-travel schedule for each individual and household of the 

synthetic population. This detailed output may be temporally and spatially aggregated 

across the synthetic population to generate different performance indicators that reflect 

the impact of a particular policy on summary measures of activity-travel patterns. Each 

of these performance indicators has some associated uncertainty. 

At the highest level of aggregation, predicted individual activity-travel patterns are 

processed to calculate indicators such as total miles/kilometers travelled, and total 

duration of activities. It means that first an activity-travel pattern is predicted for each 

individual of the synthetic population, and then these predicted individual activity-travel 

patterns are aggregated to calculate system-level (per capita) indicators. These system-

wide indicators are typically used in applied planning studies to assess overall mobility 

effects of particular scenarios, plans or policies. 

At the next lower level of aggregation, predicted activity-travel patterns can be 

processed to derive (time-dependent) origin-destination (OD) tables. Summing the 

results across the rows of these tables produces destination totals: the total number of 

trips to each destination. This indicator is often used in urban planning to assess the 

viability of new plans in terms of visiting totals and indices derived from it, such as 

expenditures in retail planning. 

The third level of aggregation concerns the predicted activity-travel schedules 

themselves. Although these schedules are rarely used in transportation planning 

directly, an analysis of uncertainty of these schedules is highly relevant to assess the 

error in the sequential order of the predicted activity-travel patterns. Note that the 

resolution of these patterns is the sequence of activity episodes at the postal zone level. 

These schedules do not represent the actual trajectories. It is at this level of 

aggregation that the output of Albatross is defined. Thus, the analysis of uncertainty of 

predicted activity-travel sequences concerns the pure output of the model and does not 

involve any aggregation. 

In this chapter, the results of the model uncertainty analysis will be systematically 

reported for these three levels of aggregation. After discussing the details of the 

uncertainty analysis in section 6.2, we will start discussing the results of the model 
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uncertainty analysis for some selected aggregate performance indicators. In particular, 

results for (i) daily average distance travelled per capita broken down by activity type, 

transportation mode and gender, (ii) daily average travel time per capita and broken 

down by activity type, transportation mode and gender, (ii) daily average activity 

duration per capita and broken down by activity type and gender, and (iii) daily average 

number of trips and broken down by activity type, transportation modes and gender will 

be presented in section 6.3.1. Section 6.3.2 will discuss the results of the uncertainty 

analysis at the level of OD pairs, focusing on destination totals. Finally, the results for 

the activity travel sequences will be reported in section 6.3.3. 

6.2 Approach 

The uncertainty analysis of the Albatross model system was conducted for the city of 

Rotterdam, the second largest city in the Netherlands with a population of 

approximately 600,000 inhabitants. The analysis was conducted according to the 

following steps. First, a synthetic population of individuals and households of the city 

was created, using the approach described in Chapter 4. Next, the actual uncertainty 

analysis was conducted. It involved the following procedure: 

 

1. Draw a random sample s = { } of fraction size 	from the synthetic 

population; 

2. Obtain for each sampled individual s, the configuration of K input variables 

	 , , … , ; 

3. Run for each sampled individual the agent-based model  times to obtain stable 

estimates of the considered performance indicators s  and their standard 

deviations; 

4.  Calculate the coefficient of variation and its confidence intervals for each 

performance indicator across the sample. 

Because we wish to examine the effects of fraction size on the degree of uncertainty, 

the uncertainty analysis was based on, respectively, a 10% (consisting of 41,668 

persons and 27,961 households), 30% and 50% fraction of the synthetic population. 

For each sampled individual of a fraction, the Albatross model was run 1000 times 

( 1000 . In each run, the action state of the 27 probabilistic decision tables of the 

Albatross model was simulated using Monte Carlo draws. These runs result in a 

probability distribution of the simulated activity-travel sequences and the associated 

s1, s2,.., sNF
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performance indicators for the total sample and segmented by various choice facets 

and/or covariates. Running the model multiple times allows one to analyze the effects 

of the number of runs on the uncertainty of the various model outputs, which was 

measured in terms of the coefficient of variation. As indicated, this process was 

repeated for the different levels of aggregation of model outputs. 

6.3  Analysis and results 

6.3.1  Performance indicators 

The coefficients of variation were calculated for the following performance indicators (i) 

daily average distance travelled per capita broken down by activity type, transportation 

mode and gender, (ii) daily average travel time per capita and broken down by activity 

type, transportation mode and gender, (ii) daily average activity duration per capita and 

broken down by activity type and gender, and (iii) Total number of trips and broken 

down by activity type, transportation modes and gender. The following analyses were 

conducted for each considered output of the Albatross model system. First, the degree 

of uncertainty in the selected performance indicators was analyzed as a function of the 

number of runs and fraction of the synthetic population. Second, the number of runs 

required to obtain stable results was investigated. Finally, confidence intervals of the 

uncertainty of the performance indicators were estimated. The present chapter 

discusses the basic results of these analyses, based on a 10% fraction of the 

synthesized population. Chapter 9 will discuss the effects of fraction size on the degree 

of uncertainty of different model outcomes, reporting the results for the 10%, 30% and 

50% fractions of the synthetic population. 

Degree of uncertainty as a function of number of runs 

Figures 6.1 to 6.15 display the coefficients of variation for an increasing number of runs 

for different activities, segmented by transportation modes and gender. Note that the 

values of the coefficients of variation (CV) for the number of trips for all activities and 

segmentations, except “Work”, “CarD”, “Public” and “CarP” and gender are projected on 

a separate vertical axis on the right. The number of trips and distance exhibit a higher 

degree of uncertainty than the other indicators. Exceptions are duration of, to some 

extent, “Social” and “Touring” activities, which is the most uncertain choice facet. The 

inherently wide range in possible durations for these activity types may explain this 

result.  
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For all transportation modes and gender, the uncertainty in the predicted number 

of trips is the highest, followed by distance and duration, whereas for activities the 

order in the degree of uncertainty varies according to activity type. For instance, the 

number of trips for work has a higher uncertainty compared to distance, whereas in 

case of shopping activities, depending on the number of runs, uncertainty in the 

number of predicted trips is higher (or smaller) than the uncertainty in distance 

travelled. For the remaining activities, except a high peak at 200 runs for the number of 

trips, the highest coefficient of variation relates to the distance travelled for the same 

number of simulation runs. 

 

 

                           Figure 6.1: Work                                     Figure 6.2: Business 

 

              Figure 6.3: Bring/get                          Figure 6.4: One-store shopping 

 

                 Figure 6.5: Multi-store shopping                            Figure 6.6: Service 



6. Model uncertainty 

 122

 

               Figure 6.7: Social                                       Figure 6.8: Leisure 

 

                                                Figure 6.9: Touring 

Figures 6.1 - 6.9  Coefficient of variation vs. number of runs for average distance, 
average travel time, average duration and number of trips segmented by activities 

The patterns in the evolution of the coefficients of variation with respect to the 

number of runs for the various indicators are as follows: the CV for distance reaches in 

most cases it maximum after 200 to 300 runs and then gradually decreases. The 

exception is “Work” : its CV, due to its fixed nature, is almost constant with a minor 

upward trend. Fluctuations in uncertainty for travel time show a similar pattern in the 

sense that the CV for “Work” is almost invariant. The CV for “Shopn” (multi-store 

shopping) has a gradual, although small, upward slope. 

The trend in the uncertainty of the duration performance indicator as a function of 

the number of runs is more or less constant for “Work” and “Business” and has a hill 

shape for the other activities with an evident peak for “Shop1” (one-store shopping), 

“Social”, “Touring”, and “Leisure” activities and gender. The evolution of the coefficient 

of variation for the number of trips is most noticeable as it has an extreme peak after 

200 runs for all fixed activities (Work, Business and BrgGet) and some flexible activities 

(Social, Leisure and Touring). After the peak, the value of the coefficient of variation 

moderately decreases to reach a minimum after 1000 runs. The shape of the curve 

differs for shopping and service activities as reflected in a gradual upward slope. For all 

performance indicators related to the modes and gender, the pattern is surprisingly 

constant. It reaches a maximum after 200 to 300 runs and then gradually decreases.  
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To better understand the rank order of the different activities with respect to their 

model uncertainty, separate graphs were constructed for the performance indicators. 

Figure 6.16 portrays the coefficients of variation of distance for the various activities. As 

expected, the fixed activities (work, business and BrgGet) have relatively low 

coefficients of variation, while shopping and services are among the most uncertain 

activities. Social and leisure activities are the most certain flexible activities. The range 

in the coefficient of variation varies between 1 and 8 for this particular indicator. 

 

 

                         Figure 6.10: Car driver                           Figure 6.11: Slow mode 

 

         Figure 6.12: Public transport                       Figure 6.13: Car passenger 

Figures 6.10 - 6.13  Coefficient of variation vs. number of runs for average distance, 
average travel time and total number of trips segmented by transportation modes 

 

 

                  Figure 6.14: Male                                   Figure 6.15: Female 

Figures 6.14 - 6.15  Coefficient of variation vs. number of runs for average distance, 
travel time, duration and total number of trips segmented by gender 
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Figure 6.17 shows the coefficients of variation for travel time. They range between 

0.5 and 3.5. The order of the different activities in terms of the degree of uncertainty 

largely resembles that of distance. “Work” and “BrgGet” are two fixed and “Leisure “ 

and “Social” two flexible activities with the lowest CV, whereas shopping and service 

exhibit a relatively high degree of uncertainty. Uncertainty in travel times for “Business” 

activities, however, differs from the uncertainty in predicted distance related to these 

activities. While it is positioned at the bottom half of the graph for distance, it 

considerably moves up for travel time. 

Similarly, Figure 6.18 shows the coefficients of variations of duration. In case of 

this performance indicator, fixed activities and “Social” and “Leisure” activities are the 

least uncertain, while shopping and service activities are the most uncertain. 

Interestingly, the “Touring” activity has a very uncertain duration. The minimum value 

of the coefficient of variation for duration is 0.5 and the maximum is 5.5. 

The relationship between the coefficient of variation for total number of trips and 

the number of simulation runs for different activities is visualized in Figure 6.19. This 

graph suggests that this relationship coincides for different activities, although clustered 

in two classes. The first cluster consists of “Work”, “BrgGet”, “Business”, “Social”, 

“Leisure” activities and “Touring”. It has a relatively small coefficient of variation. The 

second cluster with a significantly higher coefficient of variation is made up of “Shop1”, 

“Shopn” and “Service” with a coefficient of variation between 35 and 60 per cent. 

To investigate whether the degree of uncertainty in predicted travel facets varies 

by transportation mode, Figures 6.20 to 6.22 compare their coefficients of variation for 

the four choice facets (distance, travel time, duration and number of trips). Figures 6.20 

and 6.21 suggest that “Slow” mode has the smallest variation in predicted distance and 

travel time. The reason may be the limited range that can be traversed using this mode. 

Making a trip by car as a passenger, on the other hand, tends to have the highest 

coefficient of variation. Public transportation and car driver reverse their order in that 

the public transportation mode has a smaller uncertainty in predicted travel times. 

Figure 6.22 shows the comparison of model uncertainty in the number of trips by 

different transportation modes. Unlike distance and travel time, in which “Slow” mode 

possesses the smallest coefficient of variation, this transportation mode is on the top of 

the graph for uncertainty in the number of trips. It means that although predicted travel 

times and distances are quite certain, people are predicted to make varying numbers of 

trips by this transportation mode in different runs of the Albatross system. Driving a car 

has the lowest coefficient of variation. 
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     Figure 6.16: Distance                              Figure 6.17: Travel time 

 

       Figure 6.18: Duration                          Figure 6.19: Number of trips 

Figures 6.16 - 6.19  Comparison of coefficient of variation of performance 
indicators for different activities 

 

 

       Figure 6.20: Distance                             Figure 6.21: Travel time 

 

 Figure 6.22: Number of trips 

Figures 6.20 - 6.22  Comparison of coefficient of variation of performance 
indicators for different transportation modes 
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To shed light on differences in the degree of uncertainty between males and 

females, the coefficients of variation of different indicators were graphed against the 

number of runs in Figures 6.23 and 6.24. Inspecting these figures, the general 

inference is that model uncertainty is higher for males than for females for all four 

performance indicators. 

 

 

        Figure 6.23: Distance, travel time and duration           Figure 6.24: Number of trips 

Figures 6.23 - 6.24  Comparison of coefficients of variation for males and females 

 

 

      Figure 6.25: Distance/Travel time                         Figure 6.26: Duration 

 

                                       Figure 6.27: Number of trips 

Figures 6.25 - 6.27  Accumulated average for distance, travel time, duration 
and number of trips 
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Figures 6.25 - 6.27 illustrate the overall accumulated average for incrementally 

increasing the number of runs for the four different performance indicators (distance, 

travel time, duration and number of trips). The curves for distance, travel time and 

duration have an upward slope with an extreme peak after 10 to 15 runs. Average 

distance varies between 10 and 12 kilometers, while average travel time has a minimum 

of 16 minutes and a maximum of 18 minutes. For duration, the difference between the 

values of different number of runs is more extreme and reaches 60 minutes in the most 

extreme case. Number of trips, on the other hand, has its lowest value at 5 model runs. 

A smooth trend starts around 250 runs for all indicators. The predicted number of trips 

fluctuates between a minimum of 100,000 and a maximum of 123,000 trips. 

The level of uncertainty in the accumulated standard deviation is captured in 

Figures 6.28 – 6.31. All indicators tend to have a downward slope with an extreme deep 

trench after 10-15 runs, followed by two relatively high peaks around 25 and 65 runs. 

Major fluctuations and local peaks and pits end around 300 runs. A gradual downward 

slope starts from that number of simulation runs onwards and continues until the total 

number of executed simulation runs.  

 

             Figure 6.28: Distance                               Figure 6.29: Travel time 

 

              Figure 6.30: Duration                           Figure 6.31: Number of trips 

Figures 6.28 - 6.31  Accumulated standard deviation for distance, travel time, 
duration and number of trips  
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Convergence rates 

As discussed, the stochastic nature of the Albatross model system implies that different 

runs of the model system will generate different predicted multi-faceted activity-travel 

patterns. Consequently, the performance indicators and their variance, based on these 

predicted patterns, will also vary. It implies that when used for scenario assessments, 

one cannot easily differentiate between such stochastic variance due to inherent model 

uncertainty and true policy effects. Multiple runs of the model system are required until 

robust, stable averages (and standard deviations) are obtained. Although this 

information is embedded in the results of the previous section, we zoom in here on this 

aspect because it has become common practice in transportation planning research. 

To assess these convergence properties of the Albatross model system for the 

current data set, the following measures were used. First, the percentage difference 

between the average score of performance indicator i after n runs and the final average 

after N runs was calculated. It may be expressed as: 

∆ 	x	100,			 1,2, … , ; 		∀	 																																																																											 6.1  

Similarly, the percentage difference in standard deviations between any 

accumulated set of runs and the total of N runs was calculated as: 

∆ 	x	100,			 1,2, … , ; 		∀	 																																																																							 6.2  

Note that as the average and standard deviation may show some fluctuation, the 

minimum number of run required to obtain stable results is operationalized as the 

lowest number of simulation runs after which the average performance indicator, 

respectively its standard deviation is consistently lower than the selected threshold. 

The results of this analysis for the mean and standard deviation of the selected 

indicators are shown in Tables 6.1 and 6.2 respectively. Comparing the values for the 

number of runs required to obtain a stable average distance, travel time, duration and 

number of trips, respectively standard deviation for these statistics, confirm the 

previous results that particularly duration and travel time are more stable than distance 

and number of trips. To obtain a stable average distance and travel time, not more than 

10% different from the final mean after 1000 runs, a maximum of 3 runs is sufficient, 

while up to 700 runs are needed for the number of trips for shopping. Only a single run 

is sufficient to get the same level of stability for duration.  
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Table 6.1  Required number of runs to obtain an average with a certain accuracy 

 
Table 6.2  Required number of runs to obtain a standard deviation with a certain 

accuracy 

 

Increasing the level of accuracy to 5% discrepancy from the final mean, the most 

dramatic increase in the number of required runs concerns distance, reaching the 

highest value of 335 runs for car passengers. The number of trips reacts to this 

increased accuracy by requiring 820 runs for “Shop1”. Travel time and duration still 

satisfy this level of accuracy when the number of runs is only 3, with the exception of 

“Touring” and “Total” for duration. 

When the accuracy level is further increased to a 2% difference between the 

corresponding mean and the final average, a major jump is observed for travel time, 

requiring 480 runs for travelling by car as passenger. This is followed by duration with a 

maximum of 425 runs for “Touring”. Number of trips, however, is still the leader, 

requiring a maximum of 900 runs for “Shop1”, followed by a maximum of 895 runs 

Dist (10% 
diff from 

final mean

Travel time 
(10% diff 
from final 

mean

Duration 
(10% diff 
from final 

mean

No of 
trips(10% 
diff from 

final mean

Dist (5% 
diff from 

final mean

Travel time 
(5% diff 

from final 
mean

Duration 
(5% diff 

from final 
mean

No of 
trips(5% 
diff from 

final mean

Dist (2% 
diff from 

final mean

Travel time 
(2% diff 

from final 
mean

Duration 
(2% diff 

from final 
mean

No of 
trips(2% 
diff from 

final mean

Total 3 1 2 260 330 3 326 410 575 395 568 670
CarD 3 1 - 3 265 3 - 300 485 400 - 545
Slow 1 1 - 320 3 3 - 500 340 290 - 740
Public 3 1 - 110 60 3 - 365 325 345 - 620

CarP 3 3 - 250 335 3 - 405 575 480 - 660

Work 1 1 1 1 1 1 1 1 1 1 1 1
Business  1 1 1 1 1 1 1 1 5 1 1 1
BrgGetSho 1 1 1 1 1 1 1 1 5 3 1 2
Shop1 3 1 1 715 285 3 3 820 510 115 320 900
Shopn 3 1 1 700 145 3 3 810 450 115 350 895
Service 3 1 1 710 270 1 3 820 460 5 370 895
Social 1 1 1 1 3 1 1 1 60 5 270 1
Leisure 1 1 1 1 1 1 1 1 5 1 3 1
Tour 1 1 1 1 1 1 134 1 285 5 425 1

Dist (10% 
diff from 
final Std

Travel time 
(10% diff 
from final 

Std

Duration 
(10% diff 
from final 

Std

No of 
trips(10% 
diff from 
final Std

Dist (5% 
diff from 
final Std

Travel time 
(5% diff 

from final 
Std

Duration 
(5% diff 

from final 
Std

No of 
trips(5% 
diff from 
final Std

Dist (2% 
diff from 
final Std

Travel time 
(2% diff 

from final 
Std

Duration 
(2% diff 

from final 
Std

No of 
trips(2% 
diff from 
final Std

Total 695 686 704 728 823 820 825 835 900 900 903 907
CarD 699 694 - 739 814 820 - 838 900 898 - 909
Slow 633 639 - 723 797 801 - 832 889 890 - 906
Public 587 607 - 728 782 789 - 837 883 891 - 906
CarP 677 679 - 726 813 813 - 835 901 900 - 907
Work 106 106 10 786 407 527 407 864 664 772 654 917
Business  141 234 35 710 410 373 84 809 515 502 366 894
BrgGetSho 49 57 32 752 125 382 375 845 454 738 512 910
Shop1 599 33 647 705 784 614 809 826 879 804 889 903
Shopn 265 267 63 705 307 429 744 827 519 533 879 904
Service 451 275 110 706 723 299 618 825 847 693 823 904
Social 520 415 672 771 697 612 820 856 826 792 900 913
Leisure 85 192 572 773 270 437 783 857 826 612 873 913
Tour 465 46 520 749 620 588 755 836 877 883 882 906
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needed to reach a stable average distance for shopping at multiple stores and service 

activity. 

Table 6.2 presents the results for the standard deviation. Generally, a larger 

number of runs is required for all performance indicators, even for the lowest level of 

accuracy. Table 6.2 indicates that at least around 700 runs are required for distance, 

travel time and duration to reach a standard deviation that is not more than 10% 

different from the final standard deviation, based on the maximum number of model 

runs. Number of trips requires a slightly higher number of runs for the same degree of 

accuracy (786 runs). As expected, with increasing accuracy, more runs are needed and 

the number of runs needed to achieve a certain accuracy for the standard deviation is 

always higher than the number of runs required for the same level of accuracy to obtain 

the corresponding average. 

Confidence intervals for different number of runs 

The results reported in the previous sections pertain to the constant 10% fraction of the 

synthetic population. In other words, the calculated coefficients of variation are sample 

statistics. In applied research, however, the aim will be to express the uncertainty of 

the travel demand forecasts at the level of the population. Thus, the confidence 

intervals of the calculated coefficients of variation need to be estimated. We are, 

however, not aware of any such efforts in uncertainty analysis in travel demand 

forecasting. 

Table 6.3 presents the results of the calculated confidence intervals, using both 

McKay’s (1932) and Miller’s (1991) approximations. All confidence intervals are based 

on the commonly used 95% confidence level. MacKay’s approximate confidence interval 

can be expressed as: 

, / 1 , /
/

, , / 1 , /
/

			 6.3  

where,  is the sample coefficient of variation and  is the sample size minus one. 

Iglewicz & Myers (1970) compared McKay’s confidence interval with the exact one 

based on the noncentral t-distribution. They found that McKay’s confidence interval is 

efficient for samples larger than 10 and a coefficient of variation less than 0.3. Miller 

(1991) showed that 
̅
 approximates an asymptotic normal distribution with mean  and 

variance 0.5 . In this case, the 1 100% approximate confidence 

interval for the population CV is given by: 
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Table 6.3  Confidence intervals of distance travelled for different number of runs 

 

Table 6.4  Confidence intervals of travel time for different number of runs 

 

Table 6.5  Confidence intervals of duration for different number of runs 

 

No of runs CV (%)
Lower 

boundary
Upper 

boundary
Range/ CV 

Lower 
boundary

Upper 
boundary

Range/ CV 

100 8.26 0.0726 0.0963 0.29 0.0710 0.0942 0.28

200 8.85 0.0805 0.0982 0.20 0.0797 0.0972 0.20

300 8.95 0.0827 0.0972 0.16 0.0823 0.0967 0.16

400 8.82 0.0824 0.0948 0.14 0.0820 0.0944 0.14

500 8.48 0.0798 0.0904 0.13 0.0795 0.0901 0.13

600 8.17 0.0773 0.0866 0.11 0.0770 0.0864 0.12

700 7.88 0.0748 0.0836 0.11 0.0746 0.0830 0.11

800 7.56 0.072 0.0795 0.10 0.0719 0.0793 0.10

900 7.25 0.0692 0.076 0.09 0.0691 0.0759 0.09

1000 7.09 0.0679 0.0741 0.09 0.0678 0.0741 0.09

McKay Miller

Distance 
travelled 
(overall)

No of runs CV (%)
Lower 

boundary
Upper 

boundary
Range/ CV 

Lower 
boundary

Upper 
boundary

Range/ CV 

100 4.04 0.0355 0.0471 0.29 0.0348 0.0460 0.28

200 4.41 0.0402 0.0489 0.20 0.0398 0.0484 0.20

300 4.46 0.0412 0.0484 0.16 0.0410 0.0482 0.16

400 4.44 0.0415 0.0477 0.14 0.0413 0.0475 0.14

500 4.31 0.0405 0.0459 0.12 0.0404 0.0458 0.12

600 4.16 0.0394 0.0441 0.11 0.0392 0.0440 0.11

700 4.03 0.0383 0.0425 0.11 0.0382 0.0424 0.11

800 3.88 0.0370 0.0408 0.10 0.0369 0.0407 0.10

900 3.73 0.0356 0.0391 0.09 0.0356 0.0390 0.09

1000 3.66 0.0351 0.0383 0.09 0.0350 0.0382 0.09

McKay Miller

Travel time 
(overall)

No of runs CV (%)
Lower 

boundary
Upper 

boundary
Range/ CV

Lower 
boundary

Upper 
boundary

Range/ CV

100 7.9 0.0695 0.0921 0.29 0.0680 0.0901 0.28

200 8.54 0.0777 0.0947 0.20 0.0770 0.0939 0.20

300 8.61 0.0795 0.0935 0.16 0.0791 0.0931 0.16

400 8.46 0.0790 0.0909 0.14 0.0787 0.0905 0.14

500 8.15 0.0766 0.0868 0.13 0.0764 0.0866 0.12

600 7.86 0.0744 0.0833 0.11 0.0741 0.0831 0.11

700 7.59 0.0721 0.0801 0.11 0.0719 0.0799 0.11

800 7.04 0.0671 0.0740 0.10 0.0669 0.0739 0.10

900 6.98 0.0667 0.0732 0.09 0.0666 0.0730 0.09

1000 6.83 0.0654 0.0714 0.09 0.0653 0.0713 0.09

McKay Miller

Duration 
(overall)
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Table 6.6  Confidence intervals of number of trips for different number of runs 

 

 

̅
	 	 / ̅

0.5
̅

																																																																																								 6.4  

Tables 6.3 - 6.6 show that, as expected, the confidence intervals decrease with an 

increasing number of runs. More precisely, based on 100 runs, the range in the 

coefficient of variation is 0.29 times the CV itself. By increasing the number of runs to 

1000, this range drops to 0.09 times the CV. The values obtained by McKay and Miller 

are very close, but Miller’s approach results in symmetric values for the right and left 

bounds because it is based on the normal distribution, whereas MacKay’s approach 

results in a skewed right bound because it is based on the Chi-square distribution.  

A closer look at the values demonstrates that the ratio of the confidence interval 

and the CV is marginally influenced by the value of CV itself for the same number of 

runs for different indicators.  

, /
1 1 , / , /

1 1 , / 	

	 

 

																			
, /

1
, / , /

1
, /

	 

No of runs CV (%)
Lower 

boundary
Upper 

boundary
Range/ CV

Lower 
boundary

Upper 
boundary

Range/ CV 

100 9.65 0.0848 0.1126 0.29 0.0829 0.1101 0.28

200 12.89 0.1172 0.1431 0.20 0.1160 0.1418 0.20

300 12.92 0.1193 0.1404 0.16 0.1187 0.1398 0.16

400 12.97 0.1211 0.1395 0.14 0.1206 0.1389 0.14

500 12.59 0.1183 0.1342 0.13 0.1179 0.1338 0.13

600 12.20 0.1153 0.1293 0.11 0.1150 0.1290 0.11

700 11.84 0.1124 0.1250 0.11 0.1121 0.1247 0.11

800 11.44 0.1089 0.1203 0.10 0.1087 0.1201 0.10

900 11.05 0.1055 0.1159 0.09 0.1053 0.1157 0.09

1000 10.84 0.1038 0.1134 0.09 0.1033 0.1135 0.09

No of trips 
(overall)

McKay Miller
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, /

1
, / , /

1
, /

/

		 

, /

1
, / , /

1
, /

		 

1 , /

1
, /

1

/

																																																																					 6.5 		 

 The influence of CV squared compared to value the of 1 	is negligible or at 

least not visible for the two digit accuracy, as shown in Tables 6.3 to 6.6. A similar 

argument holds for Miller ‘s approach: 

2 / 0.5
̅
	 																																																																															 6.6  

The impact of CV squared against 0.5 in equation (6.6) is trivially small.  

6.3.2 Destination totals 

The results of the uncertainty analysis, reported in the previous section, pertain to the 

set of four system-wide mobility/performance indicators. These represent the highest 

level of aggregation of simulated output of the Albatross model system. The next level 

of disaggregation concerns (time-dependent) origin-destination tables. These matrices 

count the number of trips between the defined set of origins and the set of destinations 

in the study area. Because time is explicitly modeled, the O-D matrices are time-

dependent. In principle, uncertainty analysis can also be conducted at the level of these 

trips between origins and destinations. Although this analysis was conducted, we 

decided not to report it because Albatross was not primarily developed for predicting 

isolated O-D matrices.  

In addition, simulated activity-travel patterns can be aggregated across either 

destinations or origins. The first analysis would allow deriving several statistics from the 

activity-travel patterns generated from a particular origin, including those reported in 

the previous section. Such analysis, including the results of the uncertainty analysis, is 

useful to compare origins, for example, in the context of social equity analysis (e.g., 

Van Wee & Geurts, 2011).  
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Figure 6.32 Spatial distribution of the coefficient of variation for destination totals 
under model uncertainty 

Similarly, the cell counts can be aggregated for each destination across origins. 

The result is a set of destination totals, which indicates the total number of trips that 

arrive at a destination across the day. Of course, these forecasted destination totals can 

be broken down by gender, time of day, transportation mode, etc. To reduce the 

overwhelming amount of data that would be reported in this thesis, we will confine the 

discussion to the overall destination totals, without any further segmentation. 

The Rotterdam area consists of 65 four-digit postal code areas (PCA’s). Thus, the 

O-D matrix is a 65 x 65 matrix. The number of trips in each cell of this matrix is 

determined by assigning the simulated activity-travel patterns of the fraction of the 

synthetic population to the appropriate cell of this matrix. In this section, model 

uncertainty in the O-D matrix with respect to the various destinations is explored.  
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Figure 6.33  CV vs. destination total 

To that effect, for each simulation run, the predicted trips in the O-D matrix are 

summed across the origins to obtain the destination totals. Different runs will then likely 

result in different totals for a particular destination. The coefficient of variation can be 

calculated to capture the uncertainty in the predicted destination totals for each zone. 

Because presenting the evolution of these across the 1000 simulation runs for each of 

the 65 destinations would give an overwhelming amount of information, we decided to 

only report the results based on the final result of 1000 runs.  

Figure 6.32 visualizes the spatial distribution of the coefficient of variation for 

destination totals across the 65 areas in Rotterdam, based on 1000 simulation runs. A 

few observations can be made. First, the figure suggests that the highest coefficients of 

variation occur at the boundary of the city. In this context, it should be reiterated that 

the analyses are confined to the population of Rotterdam only and hence the results do 

not reflect any activity-travel patterns of people living outside of Rotterdam with a 

destination in Rotterdam city. Consequently, the frequency of observations in some zip 

code areas close to the boundary of the city may be low.  

To better understand the relationship between the destination total and the CV, 

these variables were regressed against each other. Figure 6.33 demonstrates that 

although very large and very small destination totals have considerable impact on the 

level of variation, the correlation does not seem strong for the destination zones whose 

total number of visits (destination total) lies within a moderate range.  
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Figure 6.34  CV vs. number of runs for three 4 digit postal code areas 

Finally, the overall model uncertainty in destination totals derived from Albatross’ 

predicted activity-travel patterns is low (less than 22%) in most postcode areas of the 

city of Rotterdam but still higher than the uncertainty of some aggregate performance 

indicators reported in section 6.3.1.  

Although, as discussed, a systematic analysis of model uncertainty in predicted 

destination totals for each of the 65 identified destinations would not only involve a 

tremendous amount of work but would also be virtually impossible to communicate in a 

book format, Figure 6.34 was constructed to investigate the pattern of uncertainty 

reflected in the coefficient of variation as a function of the number of simulation runs. 

The relationship between model uncertainty in the destination total in a zone and the 

number of simulation runs is illustrated by selecting three destination zones, the one 

with the largest CV, the one with the smallest CV and an arbitrary one with an average 

CV. Figure 6.34 shows that the three selected destination zones have similar patterns in 

the sense that the CV increases with an increasing number of runs until reaching a 

maximum, after which it gradually decreases.  

The location of the point with the highest coefficient of variation, however, differs 

between the three zones. Zone 3046, which is the zone with the highest uncertainty, 

reaches its maximum at 500 runs. This point moves backward to 400 respectively 300 

runs for zone 3087 with a moderate coefficient of variation, and zone 3044 with the 

lowest coefficient of variation. Similar patterns were also observed for the other 

destinations. 
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The model uncertainty in the destination total thus varies between 5 and 22 per 

cent. This uncertainty is higher than the uncertainty reported for most system-wide 

performance indicators. This is not surprising as the number of observations related to 

the various destination totals is much lower than the number of observations underlying 

the calculated system-wide performance indicators. More precisely, by further 

disaggregating the indicator, uncertainty tends to become larger.  

To determine how many simulation runs are required to obtain an average 

accumulated average, respectively standard deviation, that differ from the final result 

after 1000 simulation runs within a certain degree of accuracy, the procedure described 

in the previous section was also applied to each of these three selected zones. Results 

indicate that for the destination with the highest degree of uncertainty in the predicted 

destination total, 220 simulation runs are required to achieve a difference of less than 

10 per cent from to the final result, based on 1000 runs, for the average. This number 

increases to respectively 415 and 630 for an increased accuracy of respectively 5 and 2 

per cent. The equivalent results for the standard deviation are respectively 295, 672, 

and 813 simulation runs. These findings suggest that similar to the previously reported 

performance indicators, the number of runs to obtain the stable average is smaller than 

the number needed to arrive at a stable standard deviation. The difference in the 

required number of runs for the average and the standard deviation is around 200 for a 

5 and 2 per cent difference, while this difference in number of runs reduces to 70 for a 

10% accuracy level.  

The reported results in this section concern the overall, fully aggregated, results. 

As we did for the overall mobility indicators, in principle these results can be further 

disaggregated according to activity type, transportation mode, gender, time of day and 

many other variables. Although the absolute values cannot be a priori derived, in 

general the uncertainty is expected to increase, depending on the inherent variability in 

the relevant parts of the decision tables and the frequency of observing particular 

aspects. Details will not be reported in this thesis. 

6.3.3 Activity-travel sequences 

The predicted outcomes of the Albatross model system are daily sequences of activity-

travel episodes. Each episode consists of a multi-dimensional profile of either an activity 

or a travel episode. Although the degree of uncertainty in these activity-travel 

sequences may not have any immediate transportation planning relevance, it does 
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provide useful information to modelers in the sense that it indicates the variability in 

predicted activity-travel sequences. 

If the goal is to keep the sequential information, conventional measures of 

uncertainty cannot be applied to quantify the degree of uncertainty in the predicted 

activity-travel sequences. In Chapter 5, we therefore suggested to use a normalized 

Levenshtein distance measure based on multi-dimensional sequence alignment to 

quantify the degree of uncertainty in activity-travel sequences. Because sequence 

alignment is based on pairwise comparisons, the computing times involved are huge. As 

indicated, the 10 per cent fraction of the synthetic population of the city of Rotterdam 

includes 41,668 persons. Hence, if 1000 model runs were implemented, the total 

number of pairwise comparisons is (41,668 x 1000 x 999) / 2 = 2,081,3166,000. For the 

50% fraction, the number of individuals is 5 x 41,668 = 208,340. The number of 

pairwise comparisons is then equal to 104,065,830,000. To reduce the computing 

times, we applied heuristic 4, which performed best in the smaller scale study, reported 

in Chapter 5. It involves arbitrarily selecting a subset of source activity-travel sequences 

and a subset of target sequences and then calculating normalized multidimensional 

Levenshtein distances based on all pairwise comparisons that can be made based on 

these two subsets of activity-travel sequences. In this study, 5 source and 50 target 

sequences were randomly selected from the 1000 model runs. The degree of 

uncertainty in activity-travel sequences is quantified by calculating the average 

dissimilarity between all possible pairs of predicted activity-travel sequences using multi-

dimensional sequence alignment for ∗ , ∀	 , where ∗
 
is the predicted 

multidimensional sequence profile of run n for individual i. This dissimilarity is expressed 

in terms of the Levenshtein distance, which measures the amount of effort (costs) 

needed to transform , , , … ,  into , , , … , . This amount of 

effort is equal to the number of operations needed in this alignment, using identity 

(equality), deletion, insertion and substitution as valid operators. The smallest amount 

of effort represents the Levenshtein distance metric, which is defined as the smallest 

number of substitutions, insertions and deletions required to change activity-travel 

sequence  into activity-travel . Further details were discussed in Chapter 5.  

The application of this measure requires some operational decisions. As said, the 

weights were set as usual: insertion, deletion and substitution had weights of 1, 1 and 2 

respectively. The latter value implies that substitution is seen to be equal to the effort of 

the two basic operators. The facets activity type, transportation mode and activity 

location were included to capture the multi-dimensionality of the sequences.  
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Figure 6.35  Normalized Levenshtein distance for four different travellers 
 
 
 
 

 
 Figure 6.36  Average normalized Levenshtein distance for different  

sources of predicted activity-travel sequences 
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Figure 6.37  Standard deviation normalized Levenshtein distance for different 
source and target predicted activity-travel sequences 

 

  

Figure 6.38  Accumulated average normalized Levenshtein distance for different 
source activity-travel sequences 
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Figure 6.39  Accumulated standard deviation of the normalized Levenshtein distance 
for different source activity-travel sequences 

 

 

 

Figure 6.40  Accumulated average and standard deviation of the normalized 
Levenshtein distance for all paired comparisons in heuristic 
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Figures 6.35 – 6.40 provide the results of this analysis. We show some 

intermediate results in addition to the final estimate of the uncertainty in the activity-

travel sequences. The uncertainty in these sequences is averaged across individuals. To 

understand between individual variability in activity-travel sequences and therefore 

uncertainty, we first show the similarity for four randomly selected travellers. 

Figure 6.35 portrays the normalized Levenshtein of 250 pairwise comparisons. The 

first 50 comparisons concern source sequence 1 with the 50 target sequences, the next 

set (51-100) relates to source sequence 2 and the 50 target sequences, etc. The graph 

illustrates the variability within and between individuals. For example, traveller 1 is a 

traveller, whose second source activity-travel sequence is perfectly identical to target 

sequences 6, 8, 10, 12, etc., defined in terms of activity type, transportation mode and 

activity location reflected by the data points on the horizontal axis.  

The other travellers show more variability in the (dis)similarity between the 

randomly selected source and target activity-travel sequences. While the minimum 

standardized Levenshtein distance is associated with traveller 1, both travellers 1 and 3 

show the highest uncertainty (0.33). The range in variability is the highest for traveller 

1 (0.33), followed by travellers 3 and 4 with 0.22 and 0.20, respectively. The minimum 

of 0.18 pertains to the variability of activity-travel sequence of traveller 2. 

Figure 6.36 visualizes the average variability in simulated activity-travel sequences 

across the sample. It portrays the normalized Levenshtein distance, averaged across 

the members of the fraction of the synthetic population, between each of the five 

source activity-travel sequences and the 50 target activity-travel sequences, both 

randomly selected from the total set of 1000 model runs that were executed under 

model uncertainty for each individual of the 10% fraction of the synthetic population. 

Because each individual in this and subsequent steps in the analysis has 5 source and 

50 target patterns, we will use the term set of source and set of target patterns. 

The graph suggests the existence of two segments: source set 1, 2 and 4, and 

source set 3 and 5. The averaged normalized Levenshtein distances show small 

variations within each segment between these sets of source activity-travel sequences 

for different sets of target sequences. Such variations are expected; the research 

question is how much variation would be observed. The graph also shows that the 

averaged distance is smaller for some combinations of sets of source and sets of target 

activity-travel sequences. In some cases, the averaged shift is similar for all sets of 

source sequences, implying that those targets are relatively extreme in dissimilarity 
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space. This finding thus indicates that the normalized Levenshtein distance depends on 

the averaged position of the sets of source and target sequences in similarity space. 

Figure 6.37 shows the corresponding standard deviation. The graph has a typical 

sequence. For the first sets of target activity-travel sequences, the standard deviation is 

small. Then, the standard deviation jumps, inversely related to the decreased average. 

After that, the averaged standard deviation tends to fluctuate around 0.002 for one 

segment and around 0.006 for the other.  

As discussed, the ultimate aim of the current analysis is to derive a summary 

measure, knowing that the number of possible combinations of sequences is 

overwhelming and prohibitive in empirical applications. The idea, therefore, is to 

calculate the accumulative average, respectively standard deviation, of the normalized 

Levenshtein distance. Figure 6.38 shows this accumulated average. This average 

stabilizes around 22 percent for source sets 1, 2 and 4, and around 21 per cent for 

source sets 3 and 5.  

Figure 6.39 shows the accumulated averaged standard deviation. Source sets 1, 2, 

and 4 tend to stabilize at a value of 0.002, while the other two source set sequences 

stabilize at a value of 0.005. Figure 6.40 shows the results based on all pairwise 

comparisons of the 5 randomly selected source set activity-travel sequences and the 50 

randomly selected set of target sequences, averaged across all individuals of the 10% 

fraction of the synthetic population. It clearly shows that the average normalized 

Levenshtein distance converges at 21.5 percent (left vertical axis) and the standard 

deviation at 4 per cent (right vertical axis). 

6.4  Conclusions and discussion 

This chapter has documented the results of an analysis of model uncertainty of the 

Albatross model system, applying the approach developed in this thesis to a 10 per cent 

fraction of the synthetic population of the City of Rotterdam. A total of 1000 model 

simulation runs was executed, based on Monte Carlo draws of the 27 decision tables 

making up the Albatross model. Considering the probabilistic nature of the decision 

tables, these runs result in different predicted activity-travel sequences for each run. 

The set of predicted activity-travel sequences was aggregated in different ways. At the 

highest level of aggregation, activity-sequences can be summarized in terms of system-

level performance indicators. At the next lower level, origin-destination tables can be 

constructed, indicating destination totals and traffic counts. Only the results pertaining 
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to destination totals were reported in this thesis. The next lower and final level 

represents the activity-travel sequences themselves.  

For each of these model outputs, the number of runs required to obtain stable 

means and standard deviations was calculated. Moreover, the coefficient of variation 

was calculated. Finally, for each coefficient of variation, confidence intervals were 

derived, using multiple operational statistics. Some of these model outputs were further 

broken down according to gender, transportation mode and activity type. 

Several conclusions can be drawn from the results of these analyses. First, overall, 

model uncertainty is small: less than 10 per cent and 20 per cent for the majority of 

four selected system level performance indicators and destination totals, and around 20 

per cent for the average normalized Levenshtein distance of the three facets of activity 

travel schedules of people. Additionally, it has been demonstrated that the variability of 

most performance indicators, ceteris paribus, becomes higher when further 

segmentation is involved. It reflects the fact that the number of observations tends to 

increase with increasing levels of aggregation. 

Thirdly, at the level of system-wide performance indicators the effects of model 

uncertainty are the highest for the daily average distance travelled and the total number 

of trips. A possible explanation is based on the overall structure of the Albatross model 

system. The duration decision is made before the location choice scheduling decision in 

the model. Hence, a higher variability in distance compared to duration may be 

expected. Travel time, on the other hand, is bounded to a great extent to various 

constraints that people are facing. Therefore, it may be expected that variability cannot 

exceed a certain level; otherwise the person cannot conduct the desired schedule due 

to a lack of time. Although the latter is related to the observed activity-travel patterns, 

Albatross’ simulated patterns will follow this expected behavior to the extent it 

replicates the observed patterns. The evolution of uncertainty in different performance 

indicator accounts for the inherent variability in the relevant choice facets, the relative 

frequency of occurrence of that choice facet, and its influence on the scheduling 

outcomes. A larger degree of inherent variability means larger uncertainty and a larger 

number of draws needed to capture that underlying distribution. Frequency has the 

same effect in the sense that a larger number of draws will be needed to increase the 

simulated frequency.  

Next, the breakdown according to transportation modes and gender slightly 

changes this overall sequence of results in that the number of trips now becomes most 
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uncertain. Uncertainty is smallest for slow modes for distance and travel time and 

highest for car passengers. Model uncertainty tends to be higher for men than women. 

Fifth, the effect of the number runs indicates that 200-300 runs give the highest 

degree of uncertainty in the majority of cases, after which the coefficient of variation 

gradually drops with a further increasing number of runs. The work activity is a clear 

exception (except for the number of trips) in that the coefficient of variation is virtually 

unaffected by the number of simulation runs. 

Sixth, the number of model runs required for a stable accumulated mean or 

standard deviation within some degree of accuracy from the final mean, respectively, 

standard deviation after 1000 simulation runs, is considerably higher for the standard 

deviation than for the mean. The required number of runs increases substantially if the 

accuracy is increased. The number also depends on the performance indicator, with the 

highest number required for the number of trips. 

Seventh, model uncertainty in destination totals at the level of zones varies 

between 5 and 22%, which is higher than the uncertainty related to the overall 

performance indicators. It implies that for applications that rely on these destinations, 

this uncertainty may be too high. In that case, a larger sample fraction or spatial 

reweighted sampling may be needed. 

These results have some important implications for travel demand forecasting in 

transportation planning. Assuming that these results generalize to other data sets, at 

least in a qualitative sense, results suggest that the effects of model uncertainty 

triggered by Albatross are relatively small and acceptable for the general, system-wide 

performance indicators, even for a small 10% sample fraction and the current regional 

application. Uncertainty increases for inherently more variable choice facets and when 

the results are disaggregated. For these situations, a larger sample fraction of the 

synthetic population is recommended. We will address this research question in Chapter 

9. First, however, in the two following chapters, we will report the results of the analysis 

of the effects of input uncertainty and the analysis of combined model/input 

uncertainty.   
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7 
Input Uncertainty 

 

 

 

 

7.1 Introduction 

Uncertainty in model forecasts may reflect the inherent stochastic nature of the model 

under consideration and imperfections in the data, or a combination of these. The 

previous chapter has examined model uncertainty for different outputs of the Albatross 

model system. It has been shown that model uncertainty is high for certain outputs of 

the model system and much lower for other choice facets. It should be emphasized that 

model uncertainty in outputs of the model system is defined as the degree of variability 

in different runs of a specific model specification, using the same input data. The 

concept, as defined in this thesis, does not relate to the differential predictive ability of 

different modeling approaches and model specifications. 

This chapter will be concerned with input uncertainty. Activity-based models of 

travel demand, like any other model, require data as input. Model forecasts are directly 

dependent on the values of the input data. Commonly, these data are considered error-

free in the sense that any possible errors in the data are usually not considered. 

However, this is an unrealistic assumption. Data are sensitive to different types of 

errors. Respondents may witness memory recall bias and, therefore, misreport 

particular socio-economic attributes. Respondents may be time-pressured and, 

therefore, misread particular questions that are used as input to the activity-based 

model. Respondents may deliberately not answer particular questions, round off or 

provide the wrong answers. Errors may occur in coding and data entry. Trip times may 

be derived from the centroid of a crude representation of traffic zones, introducing error 

in the data. Other examples can be easily given. 
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Incorporating such errors implies that the actual values of the data that constitute 

the input to model estimation and applications are different. In turn, this may lead to 

misleading model forecasts. Thus, successively using different input data within the 

known or assumed error bounds will generally lead to variation or uncertainty in model 

forecasts. This is the realm of input uncertainty: different values of the input data, 

sampled from distributions of measurement error, will lead to variation and, therefore, 

uncertainty in predicted activity-travel sequences. 

Having conducted an analysis of model uncertainty that has been reported in the 

previous chapter, this chapter will report the results of an analysis of input uncertainty. 

Again, this analysis concerns the Albatross model system, applied to a 10% fraction of 

the synthetic population of Rotterdam. Although the original intention was to base the 

input uncertainty on 1000 runs, as was done for the case of model uncertainty, it soon 

became clear that the effects of input uncertainty are relatively small. Therefore, to 

achieve efficacy in computing times, reported results are based on only 600 model runs. 

The chapter is organized as follows. First, we discuss the approach that was 

adopted to analyze input uncertainty. This is followed, in section 7.3, by a discussion of 

the findings of the analysis. It follows the same structure as the one used in Chapter 6. 

That is, first we will discuss the results related to system-wide performance indicators. 

Next, predicted activity-travel patterns are disaggregated into OD-matrices and the 

results of input uncertainty in destination totals will be discussed. In the following 

subsection, the results pertaining to activity-travel sequences will be highlighted. Finally, 

the main findings of the effects of input uncertainty in the Albatross model system are 

summarized in the conclusion and discussion section, which completes this chapter. 

7.2  Approach 

In line with the approach applied to examine model uncertainty, the conducted analysis 

of the effects of input uncertainty was applied to the city of Rotterdam using the same 

synthetic population and the same model (Albatross).  Uncertainty in the input data was 

confined to uncertain travel times in a specific corridor of the transportation network 

and some uncertain employment data. 

As for the employment data, these are used to define destination attractiveness in 

the Albatross model system, and thus impact the decision tables that serve to simulate 

destination choice of different activities. All employment data could be considered for 

uncertainty analysis. However, uncertainty in some of the employment statistics is 

believed to induce more variability in results than others. It was decided, therefore, to 
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examine the effects of input uncertainty in the number of employees in daily goods 

retailing. The reason is that this activity appears in the schedule of most individuals 

and, consequently, its variability is expected to significantly affect the results. The 

number of employees in daily goods retailing was assumed to follow a truncated normal 

distribution with a coefficient of variation of 0.3. Monte-Carlo draws were used to create 

a set of new land-use data, which were used as new input for a model run of the 

Albatross process model. To prevent the effect of model uncertainty in different runs, 

the random number seed was held constant for different runs.  

In addition to input uncertainty in the number of employees in daily goods 

retailing, uncertainty in travel times along a certain corridor of the transportation 

system was used to represent input uncertainty in the model. Travel time data were 

extracted from a “Basisnetwork” file. In this file, link speed represents the average flow 

speed on the concerned route throughout the day, according to expert knowledge, at 

the level of individual links of main roads. Albatross uses three speeds: one for the 

morning peak, one for the evening peak and one for the remainder of the day. 

Uncertainty in the average speed on the main routes was taken into account. Six main 

routes (consisting of several links each) were selected (Figure 7.1).  

 

 

 

 

 

 

 

 

 

 

Figure 7.1  Critical routes in Rotterdam for travel time uncertainty 
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Table 7.1  Definition of input uncertainty in travel time of selected routes 

Route ID  Average speed in km CV (%) 

A16 80 – 100 20 

A20 90 – 100 20 

Gravendijkswal 20 – 40 10 

Statenweg 15 – 40 10 

Schieweg 15 – 30 10 

Schiekade 20 – 30 10 

Travel times were assumed to follow a truncated normal distribution with a 

coefficient of variation that varied between routes. Table 7.1 gives and overview. 

Similar to creating the new data for employment to reflect input uncertainty, a set of 

new ‘Basisnetwork” data was created using Monte Carlo draws and each different set 

was used as input in the different runs. Again, the random number seed was kept 

constant. Thus, to summarize, the analysis involved the following procedure: 

1.  Draw a random sample s = { } of fraction size 	from the synthetic    

population; 

2.  Obtain for each sampled individual s, the configuration of K input variables 	

			 , , … , ; 

3. Using Monte Carlo draws, sample a realization of the probability distributions of 

travel times on the corridor on the transportation network and the employment in 

each postal code area for all manipulated input data; 

4.  Run for each sampled individual the agent-based model one time to obtain a value 

for the considered performance indicators ; 

5.  Repeat steps 3 and 4 N times, using the same seed points; 

6.  Calculate the coefficient of variation and its confidence intervals for each 

performance indicator across the sample. 

In this study, N was set equal to 600, which is smaller than the number chosen for the 

case of model uncertainty. The reason is that the effect of input uncertainty is smaller 

and, therefore, we could gain computing time by reducing this number. Because we 

wish to examine the effects of fraction size on the degree of uncertainty, uncertainty 

analysis was based on, respectively, a 10%, 30% and 50% fraction of the synthetic 

population. This chapter reports the results for the 10% fraction. 

s1, s2,.., sNF
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7.3  Analysis and results 

7.3.1 Performance indicators 

We first discuss the effects of the simultaneous uncertainty in the number of employees 

in daily goods retailing and speeds in some part of the network on a set of system-wide 

performance indicators, derived from the simulated activity-travel patterns of the 10% 

fraction of the synthetic population. The coefficients of variation were calculated for the 

following performance indicators (i) distance travelled per day per person broken down 

by activity type, transportation mode and gender, (ii) travel time per day per person 

broken down by activity type, transportation mode and gender, (iii) activity duration per 

person per day broken down by activity type and gender, and (iv) total number of trips 

per day broken down by activity type, transportation mode and gender.  

 

                Figure 7.2 Work                                       Figure 7.3: Business 

 

Figure 7.4: Bring/get                            Figure 7.5: One-store shopping 

 

      Figure 7.6: Multi-store shopping                             Figure 7.7: Service 
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                Figure 7.8: Social                                      Figure 7.9: Leisure 

 

Figure 7.10: Touring 

Figures 7.2 - 7.10  Coefficient of variation vs. number of runs for average distance, 
average travel time, average duration and number of trips segmented by activities 

Figures 7.2 - 7.10 graph the coefficients of variation against the number of runs 

for nine different activities. The most uncertain indicator of all activities is distance, 

followed in most cases by travel time. The fluctuation in the evolution of the uncertainty 

as a function of number of runs is also higher for these two performance indicators. The 

least uncertain performance indicator is duration, with the exception of “Touring” that 

has a high variability. For “Work” activities, distance is the only indicator with a 

relatively high fluctuation, reaching its maximum coefficient of variation at 400 runs. 

The remaining indicators are more or less stable. The coefficient of variation of the 

number of trips and travel time of “Business” activities is 2%. The coefficients of 

variation for travel time, duration and number of trips converge at 1.5% after 300 runs 

for “BrgGet” activity. For “Shop 1”, the number of trips and duration have very similar 

coefficients of variation, which are the lowest for this activity type (less than 1%). As 

for “ShopN”, the evolution of the coefficient of variation against the number of runs is 

similar, although different in values. “Social” activities show a distinguished pattern in 

the sense that the coefficients of variation of distance, travel time and number of trips 

converge after 300 runs and continue to be close until 400 runs to diverge afterwards.  
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To understand the effects of input uncertainty on the set of selected performance 

indicators for different transportation modes, their coefficients of variation were 

graphed for different number of model runs. Figures 7.11 - 7.14 show the results. Note 

that duration is not included as it is not very relevant for the segmentation by 

transportation modes. Consistent with the segmentation by activity type, distance has 

the highest uncertainty of all performance indicators. The input uncertainty of distance, 

which is presented by blue lines, also shows most fluctuation. The lowest variability 

pertains to the number of trips, except for the “Public” transportation mode, for which 

the number of trips is the second most uncertain travel performance indicator. 

Figures 7.15 and 7.16 compare the coefficients of variation related to the four 

system-wide performance indicators for males and females. These figures demonstrate 

that the rank order of the four performance indicators is exactly the same for males and 

females. Distance, as expected, has the highest coefficient of variation, followed by 

travel time (the same pattern that has been observed for most activity types) and 

duration, which has the lowest coefficient of variation. While distance and travel time 

reach their highest uncertainty after 200 runs, and tend to stabilize thereafter, duration 

and number of trips are relatively constant. 

 

 

            Figure 7.11: Car driver                                Figure 7.12: Slow mode 

 

        Figure 7.13: Public transport                         Figure 7.14: Car passenger 

Figures 7.11 - 7.14  Coefficient of variation vs. number of runs for average distance, 
average travel time and total number of trips segmented by transportation modes 
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                 Figure 7.15: Male                                    Figure 7.16: Female 

Figures 7.15 - 7.16  Coefficient of variation vs. number of runs for average distance, 
travel time, duration and total number of trips segmented by gender 

The highest uncertainty for travel time is reached with a smaller number of model 

runs in case of women. The curvature of duration and number of trips first goes down 

slowly for males, while it monotonically increases for females.  

Figures 7.17 to 7.20 compare the coefficients of variation for different 

performance indicators of various activities. The results portrayed in these figures are 

very different from the results obtained for model uncertainty, reported in the previous 

chapter. In case of model uncertainty, we found that the uncertainty in most 

performance indicators was the lowest for the fixed activities (Work, BrgGet and 

Business) due to the more articulated decision tables for these activity types.  

In case of input uncertainty, however, the variability in predicted activity-travel 

patterns and associated performance indicators stems from uncertain travel times and 

uncertain number of employees. Therefore, the performance indicators pertaining to 

fixed activities are not necessarily the most certain because the degree of uncertainty in 

this case is affected by the spatial distribution of (residential) land use and the 

configuration of the transportation network relative to the distribution of locations 

where activities are conducted. Although “Work” occupies the lowest position in all the 

graphs, this is not the case for the other two fixed activities.  

As for distance, Figure 6.17 shows that “Work” and “Social” activities followed by 

“Leisure” have a relative low degree of uncertainty, while “Shopn” and “Touring” have a 

relative high degree of uncertainty. This means that the variability in travel times on 

critical routes in Rotterdam influence the latter activities most. Moreover, it suggests 

that the decision tables related to these activities are more sensitive to fluctuations in 

the spatial distribution of employees in daily goods retailing. Recalling the results of 

model uncertainty reveals that the most certain flexible activities in terms of input 
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uncertainty coincide with the corresponding ones in terms of model uncertainty. The 

range in the coefficients of variation varies between 1 and 4.5 per cent for distance.  

As for travel time, the activities with the highest and lowest degree of uncertainty 

are similar for model and the specified input uncertainty. More precisely, “Shopn” is 

most affected by input uncertainty and is the most uncertain activity type in this 

respect, while ”Work” is the most certain, and, therefore, least affected. The coefficient 

of variation ranges from 0.5 to 2.5 per cent. 

The rank order in uncertainty for duration is quite different in that “Touring” 

represents the most uncertain activity. The coefficient of variation or the duration of 

“Touring” for model uncertainty, shown in Figure 6.18, indicates that this activity has 

the highest CV for duration in case of model uncertainty as well. “Work”, similar to its 

position in the distance and travel time graphs, is the activity with the lowest coefficient 

of variation, followed by “Shopn”. It implies that people allocate a relatively invariant 

amount of time to shopping at multiple stores. The duration uncertainty fluctuates 

between 0 and 3 per cent.  

Finally, the coefficient of variation for the number of trips as a result of the 

uncertainty in travel times and number of employees in daily goods retailing is the 

lowest for “Work” and the highest for “Touring” and “Business”. Compared to model 

uncertainty, the coefficient of variation for the number of trips is substantially reduced. 

If Albatross validly represents people’s scheduling behavior, this suggests that when 

faced with changes in travel time or attractiveness of destinations, people prefer to stick 

to the already planned trips and cope with the changes in their environment by 

adjusting mostly their travel distance/ travel time. 

In summary, Figures 7.17 - 7.20 visualize some noticeable outcomes. Compared to 

the findings under model uncertainty, “Work” is the fixed activity with the lowest 

uncertainty, whereas the other fixed activities have higher coefficients of variation. It 

implies that when facing uncertain travel times, people are more inclined to adjust 

certain facets of these other fixed activities. “Social” and “Leisure” activities as non-fixed 

activities have relatively low input and model uncertainty. In contrast, duration of 

“Touring” has the highest variability for both sources of uncertainty. Shopping at one 

store has a high variability for almost all indicators under model uncertainty, but a 

relatively low uncertainty for travel time and number of trips under input uncertainty, 

suggesting that people change the travel time and number of trips of their grocery 

shopping less than in case of other types of activities when facing fluctuations in travel 

time or attractiveness of the supermarket.  
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             Figure 7.17: Distance                                Figure 7.18: Travel time 

 

             Figure 7.19: Duration                           Figure 7.20: Number of trips 

Figures 7.17 - 7.20  Comparison of coefficient of variation of performance 
indicators for different activities 

 

 

Figure 7.21: Distance                              Figure 7.22: Travel time 

 

Figure 7.23: Number of trips 

Figures 7.21 - 7.23  Comparison of coefficient of variation of performance indicators 
for different transportation modes 
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Figure 7.24: Distance, travel time                Figure 7.25: Number of trips 

                               and duration 

Figures 7.24 - 7.25  Comparison coefficients of variation for males and females 

 

Figure 7.26: Distance/ Travel time 

 

Figure 7.27: Duration 

 

Figure 7.28:  Number of trips 

Figures 7.26 - 7.28  Accumulated average for distance, travel time, duration 
and number of trips 
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Figure 7.29: Distance 

 

 

Figure 7.30: Travel time 

 

Figure 7.31: Duration 

 

Figure 7.32: Number of trips 

Figures 7.29 - 7.32  Accumulated standard deviation for distance, travel time, 
duration and number of trips 
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In order to investigate the variability of travelling with different transportation 

modes under travel time and number of employees in daily goods retailing uncertainty, 

Figures 7.21 - 7.23 were constructed. For all travel indicators, car drivers have the 

lowest coefficient of variation, followed by walking or cycling (slow mode). Public 

transportation, on the other hand, appears to have the highest uncertainty for the 

average daily distance and total number of trips. This observation is quite different from 

the results under model uncertainty. While using car as a passenger is the 

transportation mode with the highest variability in travel time for both model and input 

uncertainty, “Slow” mode has highest model uncertainty for the number of trips, while it 

is one of the modes with a relatively low coefficient of variation under input uncertainty.  

Comparing the four different transportation modes, people who drive a car are 

least affected by travel time fluctuation in the selected links as they may have more 

flexibility to change their link. Slow mode (as expected) is also affected marginally by 

input variability. The small uncertainty is related to the changes in the number of 

employees in daily goods retailing, which may trigger people to change the location of 

their activities (particularly for daily goods shopping), and consequently may (dis)enable 

them to reach some activity locations by slow modes.  However, as noted, the effect of 

input uncertainty for the slow transportation modes is small, suggesting that any such 

changes in the choice of destination, which trigger a chance in transportation mode, are 

limited in number and/or effect. 

Figures 7.24 and 7.25 compare the coefficients of variation of the performance 

indicators between men and women. These figures reveal some noticeable differences. 

For all performance indicators, females show a higher uncertainty than males. It 

suggests that the simulated activity-travel patterns of women show higher variability 

than those of men when inducing input uncertainty in travel times and number of 

employees in the Albatross travel demand forecasting system. The decision tables of 

women appear to be more sensitive to differences in travel times and number of 

employees than those of men.  

This finding is in contrast with the corresponding results for males and females for 

the case of model uncertainty in that males evidenced a higher coefficient of variation 

under model uncertainty for all performance indicators as shown in Figures 6.23 and 

6.24. This suggests that while males show higher inherent variability in their behavior, 

on average, they tend to change their activity-travel facets less than females when 

faced with changes in travel time and/or attractiveness of destinations, captured in 

terms of employment in daily goods retailing. Another look at the values of the 
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coefficients of variation for all performance indicators for males and females suggests 

that the coefficients of variation of the final outcomes at the system level are much 

smaller than the assumed values for the input variables. 

The overall average performance indicators are another outcome of interest. 

Figures 7.26 - 7.28 show the accumulated average for total distance, travel time, 

duration and number of trips. All figures are constructed with two different scales on 

the vertical axis. One is consistent with the scale of analogous graphs in Chapter 6, 

while the other allows observing the detailed patterns. The figures make clear that none 

of the indicators shows major variations when their total average is considered.  

Average distance varies between 10.12 and 10.15 kilometers, while travel time 

ranges between 15.25 and 15.30 minutes. Duration and the total number of trips have 

a range of 1 minute and 364 trips, respectively. As for the variation in the standard 

deviation of the indicators as a function of the number of model runs, Figure 7.29 

illustrates that distance has an upward although small slope until 180 runs and tends to 

become stable thereafter. Travel time has a similar pattern with less fluctuation. The 

standard deviation of duration has a relatively deep trench at run number 20; oscillation 

continues until 230 runs and thereafter the standard deviation flattens out. The 

standard deviation of the number of trips has a slight up and down slope until 250 runs 

with a pit after 13 runs. The standard deviation for distance and travel time ranges 

between 0.009 and 0.09, and 0.01 and 0.08 respectively, while for duration and number 

of trips, it varies between 0.28 and 1.54, and 12 and 114 respectively. 

Comparing Figures 7.26 - 7.32 with the corresponding figures in Chapter 6 

(Figures 6.25 - 6.31) suggests that the fluctuation in accumulated average is 

considerably smaller under input uncertainty compared with model uncertainty.  

Convergence rates 

To assess the convergence properties of the Albatross model system for the current 

data set, subject to the explained variability in travel times on critical routes and the 

variability in the spatial distribution of number of employees in daily goods retailing, the 

difference between the total average/standard deviation after 600 runs and the 

corresponding average/standard deviation after n runs was computed. The number of 

runs required to obtain an average/standard deviation that deviates only within a 

certain amount from the final average/standard deviation after 600 model runs is 

reported in Tables 7.1 and 7.2. Note that these tables list the number of required runs 

for different indicators and accuracy levels for the different segmentations. 
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Table 7.2  Required number of runs to obtain an average indicator with a certain 
                 accuracy 

 
 
Table 7.3  Required number of runs to obtain a standard deviation for different 
                 indicators with a certain accuracy 

 

Examining the values in Table 7.2 demonstrates that to obtain a stable average for a 

performance indicator that differs 10, respectively 5 per cent from the final means only 

1 run is sufficient, regardless of the nature of the indicator. A major jump occurs in the 

number of runs required to obtain a stable average distance if the accuracy level is 

increased to a 2 per cent difference from the final mean. In this case, 58 runs are 

needed for the touring activity, which is the highest.  

Table 7.3 provides the results for the standard deviation. In general, these results 

indicate that a larger number of model runs is required to obtain the same degree of 

accuracy for the standard deviation. As expected, it also demonstrates that increasing 

the accuracy increases the number of required model runs.  

Dist (10% 
diff from 

final mean

Travel time 
(10% diff 
from final 

mean

Duration 
(10% diff 
from final 

mean

No of trips 
(10% diff 
from final 

mean

Dist (5% 
diff from 

final mean

Travel time 
(5% diff 

from final 
mean

Duration 
(5% diff 

from final 
mean

No of trips 
(5% diff 

from final 
mean

Dist (2% 
diff from 

final mean

Travel time 
(2% diff 

from final 
mean

Duration 
(2% diff 

from final 
mean

No of trips 
(2% diff 

from final 
mean

Total 1 1 1 1 1 1 1 1 1 1 1 1
CarD 1 1 - 1 1 1 - 1 1 1 - 1
Slow 1 1 - 1 1 1 - 1 1 1 - 1
Public 1 1 - 1 1 1 - 1 3 1 - 1
CarP 1 1 - 1 1 1 - 1 20 1 - 1
Work 1 1 1 1 1 1 1 1 1 1 1 1
Business  1 1 1 1 1 1 1 1 15 15 24 2
BrgGet 1 1 1 1 1 1 1 1 1 1 29 1
Shop1 1 1 1 1 1 1 1 1 1 1 1 1
Shopn 1 1 1 1 1 1 1 1 32 1 1 1
Service 1 1 1 1 1 1 1 1 1 25 1 1
Social 1 1 1 1 1 1 1 1 1 1 1 1
Leisure 1 1 1 1 1 1 1 1 1 1 1 1
Tour 1 1 1 1 1 1 1 1 58 32 6 1

Dist (10% 
diff from 
final Std

Travel time 
(10% diff 
from final 

Std

Duration 
(10% diff 
from final 

Std

No of trips 
(10% diff 
from final 

Std

Dist (5% 
diff from 
final Std

Travel time 
(5% diff 

from final 
Std

Duration(5
% diff from 

final Std

No of trips 
(5% diff 

from final 
Std

Dist (2% 
diff from 
final Std

Travel time 
(2% diff 

from final 
Std

Duration(2
% diff from 

final Std

No of trips 
(2% diff 

from final 
Std

Total 118 70 455 495 140 152 499 544 275 330 517 577
CarD 285 86 - 156 487 486 - 289 530 531 - 501
Slow 284 284 - 166 314 299 - 462 498 428 - 561
Public 270 183 - 49 416 334 - 150 463 378 - 402
CarP 79 67 - 63 519 521 - 323 536 532 - 593
Work 195 36 109 500 376 71 533 520 471 469 586 583
Business  19 209 207 331 234 490 317 540 506 504 530 560
BrgGet 226 228 174 153 352 240 308 428 574 574 543 446
Shop1 46 227 89 417 448 430 169 453 523 492 407 550
Shopn 225 224 417 233 376 369 499 318 520 561 552 457
Service 127 343 166 259 279 423 388 308 448 561 386 456
Social 36 124 82 325 364 206 339 421 575 514 508 459
Leisure 260 152 131 263 483 164 319 305 536 250 549 337
Tour 53 237 82 171 420 364 263 366 470 433 283 451
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Table 7.4  Confidence intervals of distance travelled for different number of runs 

 

Table 7.5  Confidence intervals of travel time for different number of runs 

 

Table 7.6  Confidence intervals of duration for different number of runs 

 

Table 7.7  Confidence intervals of number of trips for different number of runs 

 

No of runs CV (%)
Lower 

boundary
Upper 

boundary
Range/ CV 

Lower 
boundary

Upper 
boundary

Range/ CV 

100 0.704 0.0062 0.0082 0.28 0.0060 0.0080 0.28

200 0.912 0.0082 0.0100 0.20 0.0081 0.0099 0.20

300 0.895 0.0082 0.0097 0.16 0.0082 0.0096 0.16

400 0.890 0.0083 0.0096 0.14 0.0083 0.0095 0.14

500 0.869 0.0082 0.0093 0.12 0.0084 0.0095 0.12

600 0.892 0.0084 0.0094 0.11 0.0084 0.0094 0.11

McKay Miller

Distance 
travelled 
(overall)

No of runs CV (%)
Lower 

boundary
Upper 

boundary
Range/ CV 

Lower 
boundary

Upper 
boundary

Range/ CV 

100 0.442 0.0039 0.0051 0.28 0.0038 0.0050 0.28

200 0.474 0.0043 0.0052 0.20 0.0042 0.0052 0.20

300 0.508 0.0047 0.0055 0.16 0.0047 0.0055 0.16

400 0.480 0.0045 0.0052 0.14 0.0045 0.0051 0.14

500 0.483 0.0045 0.0051 0.12 0.0045 0.0051 0.12

600 0.486 0.0046 0.0051 0.11 0.0046 0.0051 0.11

McKay Miller

Travel time 
(overall)

No of runs CV (%)
Lower 

boundary
Upper 

boundary
Range/ CV 

Lower 
boundary

Upper 
boundary

Range/ CV 

100 0.209 0.0018 0.0024 0.28 0.0018 0.0024 0.28

200 0.231 0.0021 0.0026 0.20 0.0021 0.0025 0.20

300 0.231 0.00214 0.0025 0.16 0.0021 0.0025 0.16

400 0.226 0.0021 0.0024 0.14 0.0021 0.0024 0.14

500 0.243 0.0023 0.0026 0.12 0.0023 0.0026 0.12

600 0.256 0.0024 0.0027 0.11 0.0024 0.0027 0.11

McKay Miller

Duration 
(overall)

No of runs CV (%)
Lower 

boundary
Upper 

boundary
Range/ CV 

Lower 
boundary

Upper 
boundary

Range/ CV 

100 0.252 0.0022 0.0029 0.28 0.0022 0.0029 0.28

200 0.285 0.0026 0.0032 0.20 0.0026 0.0031 0.20

300 0.286 0.0026 0.0031 0.16 0.0026 0.0055 0.16

400 0.281 0.0026 0.0030 0.14 0.0026 0.0030 0.14

500 0.299 0.0028 0.0032 0.12 0.0028 0.0032 0.12

600 0.318 0.0030 0.0034 0.11 0.0024 0.0027 0.11

McKay Miller

No of trips 
(overall)
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For obtaining indicators within a margin of 10 per cent from the final standard 

deviation, the number of required runs ranges from 20 to 500. When the accuracy is 

increased to a 5 per cent discrepancy from the final standard deviation, this range 

increases from 70 to 550, with the majority of the required number of runs closer to the 

higher number. A further increased accuracy to a 2 per cent difference from the final 

standard deviation leads to an increase of a minimum of 250 model runs. Comparing 

the values of Tables 7.2 and 7.3 indicates that obtaining a stable standard deviation 

requires substantially more runs than reaching a stable average. However, the table 

also suggests that the increase in the number of required model runs is a non-linear, 

decreasing function of increased accuracy. 

Confidence intervals for different number of runs 

The results reported in this chapter with respect to the coefficients of variation of 

different indicators are related to a 10 per cent of the synthetic population only. To 

estimate the range of the coefficients of variation for the population, a confidence 

interval was calculated based on McKay’s (1932) and Miller’s (1991). Results are shown 

in Tables 7.4 to 7.7 for different indicators. The confidence intervals decrease with an 

increasing number of runs, implying that the coefficients of variation can be estimated 

more precisely for the synthetic population of the City of Rotterdam when a higher 

number of runs is executed. In case of 100 runs, the 95% confidence interval is 28 per 

cent of the value of the CV itself, while by increasing the number of runs to 600, the 

confidence interval is reduced to 11 per cent of the value of the CV. 

7.3.2  Destination totals 

An important indicator, mostly relevant for land use planning, is the uncertainty in 

destination choice. It allocates individuals and households to the set of destinations and 

in that sense gives an indication of the demand for various types of land use in the 

destination zones. In this section, we discuss the outcomes of an input uncertainty 

analysis to the simulated O-D matrices, with a special focus on destination totals. Thus, 

we trace the impact of uncertain travel times along some major corridors in the 

Rotterdam area and the spatial distribution of employment statistics on the uncertainty 

in the predicted zonal destination totals. The variability in destination totals provides an 

indication of their uncertainty and is measured in terms of the coefficient of variation. 

To limit the amount of output, the analyses are restricted to the final number of model 

runs and the destination totals, aggregated for a full day. Disaggregated results by 

activity type, transportation mode, gender, etc. are not included in this thesis. 



7. Input uncertainty 

 164

 

 
Figure 7.33  Spatial distribution of coefficient of variation destination totals  

under input uncertainty 

Figure 7.33 visualizes the coefficients of variation after 600 runs for the destination 

totals of the 65 destinations in Rotterdam. It suggests that, except for a few postcode 

areas at the border of the city, the uncertainty in destination totals due to input 

uncertainty in the travel times in the chosen corridor of the transportation network and 

the uncertainty in daily goods retailing employment (CV=0.3) is small. The high 

uncertainty in these zones may be due to the fact that the analysis only concerned the 

population of Rotterdam and their low choice frequencies to start with.  

Comparison of this figure and the corresponding one in Chapter 6 (Figure 6.32) 

demonstrates that while the coefficients of variation of the majority of the areas under  

input uncertainty ranges from 0.05 and 0.1, under model uncertainty the coefficients of 

variation vary between 0.11 and 0.15. 

To test the hypothesis of correlation between the number of trips to each 

destination zone and the uncertainty in the destination total of that zone, the coefficient 

of variation was graphed against the number of arriving trips in Figure 7.34. A negative 

power function appears to best describe the distribution of data points. This 

observation, interestingly, is in contrast with the corresponding result for model 
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uncertainty, reported in Chapter 6, which suggested the lack of any strong correlation 

between the number of trips arriving at a particular destination and the degree of 

uncertainty in the destination total for that destination.  

This may be explained as follows: As shown for the four-step model in many 

previous studies, the uncertainty in destination choice is lower for the zones with a 

larger number of trips. The reason is that in these models, destination choice is a 

straightforward function of travel time and some attractiveness function. Inducing a 

distribution to any of these input variables (or both) creates uncertainty in the 

destination choice. In that case, a larger number of visits to a destination means a 

larger number of draws from the assumed probability distribution, which consequently 

results in the lower uncertainty.  

This process also applies (albeit in a more complex manner) to the case of input 

uncertainty in Albatross. It means that although the model has a much more complex 

structure than the 4–step models, still the only influential factors are travel time and an 

indicator of attractiveness (number of employees). Depending on the selected size of 

the coefficient of variation, capturing the degree of input uncertainty, a relatively large 

number of runs will activate the same branch in the decision tree and hence the 

relationship between destination totals and uncertainty follows the negative power 

function. 

 

 

Figure 7.34  CV vs. destination total 
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Figure 7.35  CV vs. number of runs for selected four digit postal code areas 

However, in case of model uncertainty, the variability comes from the probabilistic 

decision tables. It should be realized that activity participation and destination choice 

are simulated on an attribute-by-attribute basis. It means that destinations, which may 

be the destination for some activities, may not be the destination for others. Ceteris 

paribus, therefore, the large frequency destinations would be different depending on 

the activity. The overall picture will then likely exhibit a weak correlation between 

destination totals and degree of uncertainty in these totals under model uncertainty. 

To understand the evolution of the coefficients of variation of the destination 

totals as a function of the number of runs, Figure 7.35 was constructed for 3 selected 

zones with respectively the highest, lowest and medium variation. Note that, except for 

the most uncertain zone, these other zones are not the same as those selected for the 

case of model uncertainty. This is not surprising because the uncertain travel times in 

the corridor and in employment statistics, due to their spatial distribution, affect the 

destination zones differently. It shows that while the CV for zone 3046 with the highest 

uncertainty has a downward slope, it has a relatively flat shape for zones 3038 and 

3067. The fact that the CV for the zone with the medium variation is closely located to 

the zone with the lowest uncertainty suggests that the majority of zones have relatively 

small coefficients of variations. 

The comparison of Figure 7.35 with its counterpart in Chapter 6 (Figure 6.34) tells 

us that while the zone with the highest CV has a similar degree of uncertainty for both 

sources of uncertainty, the CV of the zones with the lowest and with the medium level 
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is much lower for input uncertainty (between 0 and 5 per cent) than for model 

uncertainty (5 to 15 per cent).   

Next, the number of model runs required to obtain an accumulated average, 

respectively standard deviation that differs from the final result after 600 model runs 

within some degree of accuracy was investigated. Results indicate that for the zone with 

the highest degree of uncertainty in the predicted destination totals, 586 model runs are 

required to achieve an accuracy of less than 10 per cent, compared to the average, 

based on the total 600 runs. 

This number increases to, respectively, 598 and 600 runs for an increased 

accuracy of respectively 5 and 2 per cent. The equivalent results for the standard 

deviation of all levels of accuracy require 600 runs. These findings suggest that while 

the global value of the coefficient of variation is small (less than 5%), it fluctuates 

considerably within this limited range.  

7.3.3 Activity-travel sequences 

The analysis of uncertainty in activity-travel sequences under input uncertainty followed 

the same approach as the one described to quantity the degree of uncertainty in 

predicted activity-travel sequences under model uncertainty. Drawing from the assumed 

distributions of the input related to the spatial distribution of employment in daily goods 

retailing and to the speeds on the selected links of the transportation network creates a 

new set of input data for the Albatross model. Each run potentially results in different 

predicted activity-travel patterns. The variability in these predicted activity-travel 

sequences captures the effects of input uncertainty on the uncertainty in the activity-

travel sequences. To reduce the computing times, heuristic 4 suggested in Chapter 5 

was applied. Five randomly selected source and 50 randomly selected target sequences 

were selected for that matter. The normalized Levenshtein distance based on multi-

dimensional sequence alignment of all pairwise comparisons of the selected subsets 

then served as a measure of uncertainty in predicted activity-travel sequences.  

Operational decisions were the same as in the case of model uncertainty. The 

weights for the operators to calculate the amount of effort to equalize two activity-

travel patterns were set to respectively 1, 1 and 2 for insertion, deletion and 

substitution. Activity type, transportation mode and activity location were used to 

capture the multi-dimensionality of the sequences. The average normalized Levenhstein 

distance and the corresponding standard deviation were calculated on the basis of the 

pairwise comparisons, implied by the selected heuristic.  
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Figures 7.36 – 7.40 provide the results of this analysis. Figure 7.36 depicts the 

normalized distance of four travelers for 5 randomly selected source sequences and 50 

randomly selected target sequences. Comparing this figure with Figure 6.35 (same 

analysis for model uncertainty) demonstrates that the maximum and minimum 

normalized Levenshtein distances are similar for input and model uncertainty (the 

minimum is zero, while the maximum normalized distance is around 30 per cent). The 

fluctuation, however, is higher in case of input uncertainty.  

It should be realized that under input uncertainty, which was varied only with 

respect to travel times in a corridor of the transportation network and in daily goods 

retailing employment, not all individuals and households are affected. An individual, 

which is affected in one draw from the uncertain input distribution, may not be affected 

on the next draw. In addition, the selected corridor of the transportation network may 

be outside the action space of some individuals of the selected population. Thus, for 

these reasons a Levenshtein distance equal to zero is observed for many pairwise 

comparisons, indicating that those Monte Carlo draws from the assumed probability 

distributions capturing input uncertainty did not affect the predicted activity-travel 

sequences at all.  

Figure 7.37a demonstrates that uncertainty according to the average Levenshtein 

distance between selected sets of source sequences and sets of 50 randomly target 

sequences ranges from 0.11 to 0.24. It is considerably lower between set 5 of source 

sequence and some sets of target sequences.  

 

  

Figure 7.36  Normalized Levenshtein distance for different travelers 
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 Figure 7.37a  Average normalized Levenshtein distance for different source 
and target predicted activity-travel sequences (input uncertainty) 

 
 

 
Figure 7.37b  Average normalized Levenshtein distance for different source and 

target predicted activity-travel sequences (model uncertainty for comparison) 
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Figure 7.38a  Standard deviation normalized Levenshtein distance for different 
sources of predicted activity-travel sequences (input uncertainty) 

 

 

Figure 7.38b  Standard deviation normalized Levenshtein distance for different 
sources of predicted activity-travel sequences (model uncertainty for comparison) 

 



                             Soora Rasouli 

 171 

 

  

Figure 7.39  Accumulated average normalized Levenshtein distance for different 
source activity-travel sequences 

 

 

 

Figure 7.40 Accumulated standard deviation normalized Levenshtein distance for 
different source activity-travel sequences 
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Figure 7.41  Accumulated average and standard deviation of normalized Levenshtein 
distance for all paired comparisons in heuristic 

 

In order to facilitate the comparison of the current results to those pertaining to  

model uncertainty, the corresponding results reported in Chapter 6 were copied into 

Figure 7.37b. The vertical scale of this figure was manipulated to make the scale of the 

vertical axis consistent with that used in Figure 7.37a. Results show that the variability 

in distances between the sets of source sequences and the sets of target sequences is 

much higher. In addition, it shows more fluctuations under input uncertainty than 

observed under model uncertainty, which is an interesting result. Thus, although the 

uncertainty in terms of the coefficient of variation for the system level performance 

indicators is lower under input uncertainty, it seems that the variability in travel time 

and the attractiveness of the location for daily good shopping results in more frequent 

changes in the location, transportation mode and/or activity type in the activity-travel 

sequences.  

Figure 7.38a shows the corresponding standard deviations, which vary 

considerably for the different source sets. Overall, it tends to be lowest for source set 1 

and highest for set 5. The corresponding figure in Chapter 6 for the case of model 

uncertainty has been copied into Figure 8.38b to facilitate comparison. It reveals that a 

much larger standard deviation in the normalized distance for input uncertainty. 
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The accumulated average is presented in Figure 7.39. The effects of input 

uncertainty in predicted activity-travel sequences stabilize around 20 per cent for source 

sets 3, 4 and 5, and around 21 per cent for source sets 1 and 2.  

Figure 7.40 shows the corresponding accumulated averaged standard deviation. It 

tends to stabilize after 30 sets of target activity-travel sequences. It is lowest for source 

set 1 and highest for source set 5. Figure 7.41 shows the results based on all pairwise 

comparisons implied by the selected heuristic for calculating the degree of uncertainty 

of the 5 randomly selected sets of source activity-travel sequences and the 50 randomly 

selected sets of target sequences, averaged across all individuals in the synthetic 

population. The average uncertainty converges at 20 per cent (left vertical axis), slightly 

lower than under model uncertainty (21.5 per cent), while the standard deviation 

converges at 1.3 per cent (right vertical axis), which is almost 3 times larger than the 

corresponding value obtained in the model uncertainty analysis. 

Only a single comparison is need to obtain an average uncertainty that is within 

5% of the final accumulated average uncertainty in the predicted activity-travel 

sequences. To increase the accuracy to 2% different from the final mean, 111 runs are 

required. For a stable standard deviation of the Levenhstein distance, the number of 

required runs is equal to respectively 214, 215 and 228 for an accuracy of respectively 

10, 5 and 2 per cent. This finding that more runs are required to obtain a stable result 

for the standard deviation is consistent with all earlier results related to the required 

number of runs for other outcomes of the Albatross model system. 

7.4    Conclusions and discussion 

Applications of activity-based models of travel demand forecasting to transportation 

planning practice typically take the input data that describe the explanatory variables of 

the model as given. Consequently, the predicted activity-travel patterns are conditional 

on these input data. Implicitly or explicitly, it is assumed that these input data are valid 

and do not contain any errors. In reality, however, several factors may lead to errors in 

the data used for model predictions (and in model estimation for that matter). The 

literature review of Chapter 2, however, shows that the effects of input uncertainty on 

the uncertainty in predicted activity-travel patterns, and therefore also in various 

aggregations of these patterns, have rarely been subjected to systematic analysis. Only 

few studies were found in the literature, and none of these relate to rule-based models 

of travel demand. 
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To contribute to this scarce literature on input uncertainty in complex model 

systems and reduce the void of insights, this chapter examined the effect of uncertainty 

in input data on the uncertainty in predicted activity-travel patterns and aggregations 

thereof for a 10% fraction of a synthesized population in the Rotterdam area, using the 

Albatross model system. The decision tables underlying the Albatross model system 

have many input variables. In addition to outcomes of previously simulated decisions in 

the scheduler, input consists of a set of socio-demographic variables, travel times and 

some supply side variables, mainly used to simulate destination choice. In principle, 

each of these input variables can exhibit some degree of uncertainty. In case of the 

socio-demographic variables, it should be realized that in the present case, and in most 

applications of activity-based models of travel demand, the socio-demographic profiles 

of individuals and households are based on a population synthesis. That is, the socio-

demographic variables are not observed/surveyed, but are the outcome of an 

algorithmic approach that is based on a particular set of assumptions. It implies that 

different assumptions and different operational decisions, will lead to a different 

synthetic population. Consequently, it is interesting and relevant to study the effects of 

such decisions in synthesizing a population on the uncertainty in the ultimately 

predicted activity-travel patterns and associated model outcomes. We decided to leave 

such a study for future research and focused on uncertainty in travel times and 

employment statistics. 

More specifically, input uncertainty was manipulated by drawing from an assumed 

error distribution of the number of employees in daily goods retailing in the different 

zones, based on an assumed coefficient of variation of 0.3, and from an error 

distribution related to speeds on links of a corridor of the road transportation system. 

The effects of input uncertainty were traced for different degrees of aggregation of the 

activity-travel patterns, predicted by the Albatross model system, ranging from system-

level mobility indicators, such as daily average kilometers travelled, average daily travel 

time, daily average duration of activities and the total number of trips, via destination 

totals to individual activity-travel sequences. The effects of uncertain travel times in the 

designated corridor of the transportation network and in the employment data were 

investigated by drawing from the associated probability distributions and using this as 

input for a single model simulation run of individual activity-travel patterns. Seed points 

in the activation of the sequence of decision tables were kept constant, controlling for 

model uncertainty.  
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Considering the discrete nature of the Albatross model system, Monte Carlo draws 

that indicate a different travel time category may lead to changes in simulated actions 

in one or more decision tables. In contrast, Monte Carlo draws that fall within the same 

category as initially defined, will not lead to any differences in the simulated activity-

travel pattern. Because of the complex interdependencies in the simulation process, it 

should be evident that fixing the seed point will only partially control the process of 

different activations of the decision tables as so many different trajectories may occur. 

Keeping these considerations and caveats in mind, results indicate that at the level 

of system-wide performance indicators the effect of input uncertainty is highest for 

distance, followed by travel time. The effects of an increasing number of runs on these 

performance indicators do not show a consistent pattern. The uncertainty in the system 

level indicators is smaller for input uncertainty (less than 5%) than for model 

uncertainty. The overall tendency observed for the case of model uncertainty, that 

disproportionally more runs are needed to obtain stable accumulated mean 

performance indicators that deviate from the final mean with increasing accuracies is 

confirmed to some extent for the case of input uncertainty. However, the number of 

runs needed is considerably lower. To obtain a stable average for a performance 

indicator that differs 10 respectively 5 per cent from the final means only 1 run is 

sufficient, regardless of the nature of the indicator. As expected, a larger number of 

model runs is required to obtain the same degree of accuracy for the standard 

deviation. 

With coefficients of variation between 0 and 5% for input uncertainty and between 

5% and 15% for model uncertainty, the uncertainty in destination totals is also lower 

uncertainty for the case of input uncertainty compared to model uncertainty A 

noticeable discrepancy between the uncertainty in the destination totals for respectively 

input and model uncertainty concerns the strength and form the relationship, and 

therefore correlation, between the number of trips arriving at the destination zone and 

the degree of uncertainty. While these two factors show a negative power relation when 

the input variables are varied, conform the theoretical results derived in Chapter 3, they 

tend to be relatively independent for the case of model uncertainty. The fluctuation in 

the activity-travel sequences with respect to activity type, transportation mode and 

location is almost 3 times higher when Albatross simulates activity-travel sequences 

with different realizations of the considered input variables, reflected in the higher 

standard deviation, compared to simulating activity-travel sequences on the basis of the 

activation of different realizations of its probabilistic decision tables. The average 
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standardized Levenshtein distance, however, tends to be very similar for the case of 

model uncertainty and the case of input uncertainty. 
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8 

Combined Model and Input Uncertainty 

 

 

 

 

8.1  Introduction 

In the previous two chapters, we have reported and discussed the results of an 

uncertainty analysis related to model uncertainty and an uncertainty analysis related to 

input uncertainty separately. It is evident that in applications of activity-based demand 

forecasting models, predicted activity-travel patterns and performance indicators 

derived from these predicted patterns are influenced by both these sources of 

uncertainty. It is, therefore, of interest to study the combined effect of both model and 

input uncertainty on the uncertainty in predicted activity-travel patterns and derived 

performance indicators as well. Such analysis will reveal whether these two sources of 

uncertainty are fully independent and errors add up, or whether some compensation or 

amplification may occur. 

In this chapter, we will, therefore, report results of a combined model and input 

uncertainty analysis for an application of the Albatross model system in Rotterdam. The 

focus of the analysis follows the same structure as the one used for the separate 

analyses. That is, we will first report the effects of combined model and input 

uncertainty on some system-wide mobility indicators. Next, we will shift the focus of our 

attention to the origin-destination matrices, with a specific emphasis on associated 

destination totals. This will be followed by an analysis of the activity-travel sequences. 

All the analyses will be based on the same methodology as the one applied for the 

separate model and input uncertainty analyses and for the same 10% fraction of the 

synthetic population of Rotterdam. Consequently, the results of the combined 

uncertainty analysis can be directly compared with the findings of the separate 

analyses. This chapter is completed with conclusions and a discussion of results. 
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8.2  Approach 

In line with the approach used to study model and input uncertainty, the analysis of the 

effects of combined model and input uncertainty was applied to the city of Rotterdam 

based the same synthetic population, using the Albatross model system. The following 

procedure was used to analyze the effects of combined model and input uncertainty. 

1. Draw a random sample s = , , … ,  of fraction size 	 from the synthetic 

population; 

2.  Obtain for each sampled individual s, the configuration of K input variables 

 							 , , … , ; 

3.  Using Monte Carlo draws, sample  realizations of the probability distributions of 

travel times on the corridor of the transportation network and employment in daily 

goods retailing in each postal code area and adjust the relevant elements of ; 

4. Using  realizations, run for each sampled individual the agent-based model  

times to build a sample of values of the considered performance indicators ; 

5.  Calculate the coefficient of variation and its confidence intervals for each 

performance indicator across the sample. 

In this study, N was set equal to 900. The uncertainty analysis was based on, 

respectively, a 10%, 30% and 50% fraction of the synthetic population. This chapter 

reports the results for the 10% fraction; the results for the other fractions will be 

documented in Chapter 9. The uncertainty in part of the input data was manipulated as 

explained in more detail in Chapter 7. 

8.3  Analysis and results 

8.3.1 Performance indicators 

Figures 8.1 - 8.9 display the coefficients of variation as a function of the number of runs 

segmented by activity type. These figures show that for the combination of sources of 

uncertainty in the selected input variables, for most activities, except for “Work” and 

“Shop1” and “Touring”, distance has the highest overall uncertainty, followed by 

number of trips. For some categories, such as “Shopn”, “Social”, and “Leisure” activities, 

the uncertainty in travel time and number of trips is very similar. Duration is the most 

certain performance indicator, except for “Touring” activity type, which has a relatively 

high coefficient of variation, probably caused by its varying nature.  
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This is consistent with the corresponding outcomes for “Touring” in Chapters 6 

and 7. More specifically, the relatively low position of duration in the uncertainty graph 

(CV against number of runs) coincides with similar findings for input uncertainty, while 

for some activities the position of duration is not the lowest, i.e. most certain, in the 

case of model uncertainty.  

The evolution of uncertainty with respect to the number of runs does not follow a 

clear pattern. For instance, no obvious peak or ditch can be observed in any of the 

indicators. Almost all have either slight fluctuations or a negligible upward/downward 

slope. This may be caused by a considerable amount of heterogeneity in the original 

travel data.  

For comparison, while the analysis of model uncertainty led to the finding that the 

number of trips is the mobility indicator with the highest uncertainty, followed by 

distance, and the input uncertainty analysis resulted in the highest coefficient of 

variation for distance, followed by travel time, the combined model/input uncertainty 

analysis the rank order of the performance indicators in terms of uncertainty is distance, 

followed by number of trips. 

Figures 8.10 - 8.13 show the coefficients of variation of the four performance 

indicators broken down by transportation mode. The figures show that uncertainty is 

consistently highest for the distance indicator, also when the results are broken down 

by transportation mode into car driver, car passenger, public transport and slow mode. 

The next most uncertain performance indicator is the number of trips for public 

transportation and car passenger, followed by travel time. Their order is reversed for 

slow mode, while for car driver their degree of uncertainty is very similar.  

Recalling the relevant outcomes of Chapters 6 and 7, results show that regardless 

of the type of uncertainty analysis, the fluctuation in the coefficient of variation of the 

travel time indicator for public transportation is the lowest, although the absolute values 

of the coefficients of variation differ (4% in case of model uncertainty, 1.1% in case of 

input uncertainty and almost 2% for combined model/input uncertainty). This 

observation means that activating uncertainty in the structure of Albatross as well as 

introducing uncertainty in travel times and employment in daily good retailing least 

impacts the uncertainty in the average travel time by public transportation. It is also 

worth mentioning that while the rank order of the three performance indicators for all 

modes is distance, followed by travel time and the number of trips for input uncertainty 

analysis, the combined uncertainty analysis, like the model uncertainty analysis, leads to 
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some local reshuffling of the rank order of the coefficients of variation for the three 

performance indicators across the different transportation modes. 

 

 

Figure 8.1: Work                                        Figure 8.2: Business 

 

Figure 8.3: Bring/get                            Figure 8.4: One-store shopping 

 

      Figure 8.5: Multi-store shopping                            Figure 8.6: Service 

 

               Figure 8.7: Social                                        Figure  8.8: Leisure 
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                                             Figure 8.9: Touring 

Figures 8.1 - 8.9  Coefficient of variation vs. number of runs for average distance, 
average travel time, average duration and number of trips segmented by activities 

                

 

    Figure 8.10 : Car driver                                   Figure 8.11: Slow mode 

 

        Figure 8.12: Public transport                        Figure 8.13: Car passenger 

Figures 8.10 - 8.13  Coefficient of variation vs. number of runs for average distance, 
travel time, duration and number of trips segmented by transportation modes 

The next question is how the coefficient of variation develops for males and 

females with an increasing number of model runs. Figures 8.14 and 8.15 show the 

results. The figures demonstrate that the patterns show much resemblance and that 

uncertainty is highest for distance, followed by travel time for both genders. Note that 

this finding is not different from the general pattern, observed for other segmentations, 

and from the pattern that emerged from the input uncertainty analysis, described in 

Chapter 7.  
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                  Figure 8.14: Male                                  Figure 8.15: Female 

Figures 8.14-8.15  Coefficient of variation vs. number of runs for average distance, 
average travel time, average duration and number of trips segmented by gender 

                                 
Figure 8.16: Distance                               Figure 8.17: Travel time 

 
Figure 8.18: Duration                           Figure 8.19: Number of trips 

Figures 8.16 - 8.19  Comparison of coefficient of variation of performance 
indicators for different activities 

To better understand the rank order of the activity types in terms of their 

uncertainty, Figures 8.16 to 8.19 were constructed. Of all activities, “Work” is located in 

the lowest part of the graphs, implying it has the lowest uncertainty, while shopping at 

multiple stores is positioned in the highest part. Except duration, which has “Touring” as 

the most uncertain activity type, Shopping at multiple stores is the most uncertain type 

of activity, followed by “Touring” in case of distance and travel time, while “Service” is 

the most uncertain activity type in case of number of trips.  
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Figure 8.20: Distance                                 Figure 8.21: Travel time 

 

Figure 8.22: Number of trips 

Figures 8.20 - 8.22  Comparison of coefficient of variation of performance 
indicators for different modes 

 

Figure 8.23: Distance, travel time and duration          Figure 8.24: Number of trips 

Figures 8.23 - 8.24  Comparison coefficients of variation for males and females 

This result is only partially consistent with the corresponding findings for model 

uncertainty and input uncertainty, reported in respectively Chapters 6 and 7. “Work” is 

the most certain activity of all performance indicators and “Touring” is the most 

uncertain in terms of duration across all three sources of uncertainty. Shopping at 

multiple stores is another indicator with a high coefficient of variation for most of the 

performance indicators for all three types of uncertainty analysis.  
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Figure 8.25: Distance/ Travel time                     Figure 8.26: Duration 

 

             Figure 8.27: Number of trips 

Figures 8.25 - 8.27  Accumulated average for distance, travel time, duration 
and number of trips 

 

       Figure 8.28: Distance                                      Figure 8.29: Travel time 

 

        Figure 8.30: Duration                             Figure 8.31: Number of trips 

Figures 8.28 - 8.31  Accumulated standard deviation for distance, travel time, 
duration and number of trips 
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The position of “Service” activities in the uncertainty graph has some commonality 

between the results of model and combined model/input uncertainty analysis: for both 

types of uncertainty analysis, the coefficient of variation for this activity type is quite 

high, but it is not in case of input uncertainty analysis. 

A possible explanation maybe that service activities show a relatively large degree 

of inherent variability in many choice facets, depicted in the probability distributions 

across the action states of the decision tables, but are less affected by simulated 

changes in the spatial distribution of employment in daily goods retailing (which 

concerns another activity) and travel times in certain parts of the transportation 

network. The fact that the uncertainty is high again for the combined model/input 

uncertainty suggests that inherent variability dominates the small effect of uncertain 

input variables. “Touring”, on the other hand, has a relatively high coefficient of 

variation for almost all performance indicators for both input and combined model/input 

uncertainty analysis. The detailed comparison of the absolute values of the coefficients 

of variation between different sources of uncertainty will be provided in section 8.4.    

Figures 8.20 - 8.22 portray the order of the coefficients of variation for different 

transportation modes. These figures show that the uncertainty in all performance 

indicators is highest for “Public transportation”, followed by “Car passenger” and “Slow” 

modes. The lowest coefficient of variation, therefore, is found for “Car drivers”.  This 

ordering is the same as the ordering for the corresponding mobility indicators (Fig 7.21- 

7.23), reported in Chapter 7 for input uncertainty analysis with a swap between ”Public 

transportation” and “Car passenger” for travel time. In case of model uncertainty, the 

corresponding ordering of the transportation modes was ”Car passenger” and “Public 

transportation” as the first two most uncertain transportation modes for the distance 

and travel time performance indicators and “Slow modes and “Car passenger” for the 

number of trips indicator. All in all, it seems that “Public transportation” and “Car 

passenger” are more uncertain for all types of uncertainty analysis than “Slow modes” 

and “Car driver”.  

Finally, examining Figures 8.23 and 8.24, females tend to have a higher degree of 

uncertainty for all four performance indicators. This effect is identical to what has been 

observed for the impact of input uncertainty on the mobility indicators, segmented by 

gender, reported in Chapter 7.  

In addition to understanding the fluctuation in uncertainty of some key mobility 

indicators (distance, travel time, duration and number of trips), having insight into the 

pattern of evolution of these indicators themselves as a function of the number of runs 
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is of greater interest. To that end, the accumulated average of the performance 

indicators is visualized against the number of model runs in Figures 8.25 to 8.28. The 

curves for distance and travel time have a marginal upward slope with a peak around 

runs number 6 to 10. Average distance varies between 10.34 and 12.33 kilometers. The 

maximum value for average travel time is 16.25 minutes and the minimum is 15.30 

minutes. The curve for the average duration has a very small upward slope from a deep 

pit after 8 runs to 500 runs, after which the curve flattens out. Duration varies between 

334.70 and 357.90 minutes. The changes in the average number of trips by 

incrementally increasing the number of runs are somewhat different from the other 

mobility indicators in the sense that the curve has an upward slope up to 12 runs and 

then starts to have a downward slope. The minimum and maximum number of trips is 

116,430 and 122,786 respectively. 

Comparing these findings with the relevant ones for model uncertainty and input 

uncertainty reveals some noticeable differences. While the accumulated average for 

average daily distance travelled, average daily travel time and average activity duration 

is the highest under model uncertainty with values of respectively 12.2 kilometer, 17.5 

minutes and 403.6 minutes, it has the lowest value for the number of trips (102,714). 

Under input uncertainty, the accumulated average has the lowest values for travel time 

(15.3 minutes) and duration (354.9 minutes). The accumulated averages of the mobility 

indicators for the combined model/input uncertainty analysis have intermediate values, 

although closer to the values under input uncertainty (15.8 minutes, 357.9 minutes and 

121,891 trips for travel time, duration and number of trips, respectively). The values for 

distance travelled are identical under input and combined model/input uncertainty (10.2 

kilometers).  

In summary, if the current results can be generalized, the decision which type of 

uncertainty analysis to perform in applications of activity-based models (Albatross) to 

transportation planning practice not only has consequences for the calculated 

uncertainty in mobility indicators, reflected in the coefficients of variation, but also has 

implications for the predicted average absolute value of the indicators themselves. As 

evidenced here, the difference in predicted daily average distance travelled per capita is 

2 kilometers based on the maximum number of runs between the three types of 

uncertainty analyses, which is considerable. As for travel time and duration, the 

discrepancies amount to 2.15, respectively 49 minutes, while the maximum difference in 

the total number of trips is 19,177 trips. Of course, resources allowing, it is best to 

conduct all three types of uncertainty analysis in policy assessments. 
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As the stability of the standard deviation is another measure to decide on the 

number of simulation runs to differentiate policy effects from uncertainty, the 

accumulated standard deviation is graphed against the successively increasing number 

of runs in Figures 8.28 to 8.31. All four performance indicators have a downward 

pattern, with distance and travel time having a trench after almost 20 runs and a peak 

after almost 50 runs. Duration has a peak and trench less deep than those observed for 

distance and travel time. Moreover, the peak and trench occur earlier at 15 and 30 

model runs respectively. The number of trips is the most distinctive indicator in that its 

standard deviation considerably increases during the first 15 model runs and then its 

slope is reversed rapidly up to 300 model runs. After that, the downward slope 

continues, albeit with a smaller angle.  

It is interesting to compare these findings with those reported in Chapters 6 and 7 

for, respectively, model uncertainty and input uncertainty. While the accumulated 

standard deviation of distance under combined uncertainty analysis is 0.144, the value 

is 0.86 for model uncertainty and 0.1 for input uncertainty only. It implies that the 

standard deviation of the uncertainty of this mobility indicator is more than 1.44 times 

higher under combined uncertainty than under input uncertainty, and more than 8 

times higher under model uncertainty than under input uncertainty.  

The accumulated standard deviations for travel time under the three types of 

uncertainty analysis vary as follows: 0.146 under combined uncertainty, 0.08 under 

input uncertainty and 0.638 under model uncertainty. It means that the difference in 

the accumulated standard deviation of travel time between input uncertainty and 

combined uncertainty is similar to the difference in uncertainty between these sources 

of uncertainty for distance, while the difference between model and combined 

uncertainty is smaller for the accumulated standard deviation of travel time. 

As for duration, the accumulated standard deviation under model uncertainty is 

substantially higher than the accumulated standard deviation for the other two source 

of uncertainty. While the accumulated standard deviation under model uncertainty is 

27.54, the corresponding values for input and combined uncertainty are 1.54 and 2.3. 

While the accumulated standard deviations under combined model/input uncertainty for 

all the previous mentioned performance indicators is almost 1.5 times larger than the 

corresponding values under input uncertainty, this ratio increases to 8 for the total 

number of trips. The accumulated standard deviation for the total number of trips under 

model uncertainty is respectively 175 and 20 times larger than the corresponding value 

under input and combined uncertainty.  
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Convergence rates 

To investigate the number of runs required to obtain relative stable averages and 

standard deviations when the system is subject to the variation of travel times on some 

critical links and employment numbers, as well as the uncertainty that comes from the 

probabilistic decision tables underlying the Albatross model travel demand forecasting 

system, Tables 8.1 and 8.2 were constructed. 

Table 8.1 lists for the selected performance indicators the number of runs needed 

to obtain an average within a certain degree of accuracy of the final average, based on 

all 900 simulation runs. It demonstrates that all indicators reach the desired accuracy of 

a 10 per cent difference from the final average after 1 run only. In case of a higher 

accuracy of 5 per cent, the fixed activities still require only 1 run. For other activities as 

well as transportation modes, the required number of runs varies between 100 and 300. 

A further increase in precision to 2 per cent from the final average leads to the finding 

that between 200 and 400 runs are required.  

Similarly, Table 8.2 provides information about the number of runs needed to 

acquire a certain level of accuracy for the standard deviation. It suggests that, in 

general, more runs are needed for a stable standard deviation compared to the number 

of runs required for a stable average. Moreover, even for the lowest degree of accuracy 

(10 per cent), apart from some exceptions, more than 100 runs are needed. 

Confidence intervals for different number of runs 

To estimate the confidence intervals of the coefficients of variation for the synthetic 

population of Rotterdam, McKay’s (1932) and Miller’s approaches (1991) were applied. 

Table 8.3 lists the confidence interval for the distance performance indicator for a 

gradually increasing number of simulation runs.  

The confidence interval decreases with a larger number of simulation runs for both 

approaches. The values of the confidence intervals based on the two approaches are 

very similar, particularly when the degrees of freedom are high. The difference is higher 

at the top of the table, where the number of runs is quite low. In this case, Miller’s 

approach gives a symmetric right and left confidence interval as it is based on the 

normal distribution, while McKay’s approach gives a rightly skewed distribution as it is 

constructed from the Chi-square distribution. The pattern for the other performance 

indicators, such as travel time, duration and number of trips, illustrated in Tables 8.4 - 

8.6, is similar. That is, using a larger number of simulation runs has the advantage that 

the estimated confidence intervals of the uncertainty parameter become smaller. 
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Table 8.1  Required number of runs for average indicators with a certain accuracy 

 
Table 8.2  Required number of runs for standard deviations of indicators with                  

certain accuracy 

 

Table 8.3  Confidence intervals of distance travelled for different number of runs 

 

Dist (10% 
diff from 

final mean

Travel time 
(10% diff 
from final 

mean

Duratin(10
% diff from 
final mean

No of 
trips(10% 
diff from 

final mean

Dist (5% 
diff from 

final mean

Travel 
time(5% 
diff from 

final mean

Duratin(5
% diff from 
final mean

No of 
trips(5% 
diff from 

final mean

Dist (2% 
diff from 

final mean

Travel 
time(2% 
diff from 

final mean

Duration(2
% diff from 
final mean

No of 
trips(2% 
diff from 

final mean

Total 3 1 1 1 218 198 125 168 382 241 168 193
CarD 1 1 - 1 98 174 - 96 243 209 - 207
Slow 1 1 - 1 114 189 - 106 296 213 - 199
Public 1 1 - 1 123 196 - 114 373 284 - 303
CarP 1 1 - 1 112 183 - 112 335 282 - 292
Work 1 1 1 1 1 1 1 1 1 1 1 1
Business  1 1 1 1 1 1 1 1 1 2 1 1
BrgGet 1 1 1 1 1 1 1 1 3 1 1 1
Shop1 1 1 1 1 281 150 127 83 384 205 201 112
Shopn 5 1 1 1 305 284 265 273 432 393 318 365
Service 1 1 1 1 265 204 214 263 325 290 303 309
Social 1 1 1 1 245 197 163 174 262 213 144 191
Leisure 1 1 1 1 247 173 159 168 294 236 207 216
Tour 3 1 1 1 293 239 280 51 430 371 410 102

Dist (10% 
diff from 
final Std

Travel time 
(10% diff 
from final 

Std

Duratin(10
% diff from 

final Std

No of 
trips(10% 
diff from 
final Std

Dist (5% 
diff from 
final Std

Travel 
time(5% 
diff from 
final Std

Duratin(5
% diff from 

final Std

No of 
trips(5% 
diff from 
final Std

Dist (2% 
diff from 
final Std

Travel 
time(2% 
diff from 
final Std

Duration(2
% diff from 

final Std

No of 
trips(2% 
diff from 
final Std

Total 406 285 94 311 497 384 354 412 584 394 482 498
CarD 392 312 - 295 417 399 - 370 507 499 - 425
Slow 387 345 - 287 471 428 - 349 528 488 - 403
Public 415 320 - 335 481 388 - 404 540 450 - 515
CarP 424 289 - 334 504 386 - 392 534 461 - 501
Work 313 82 5 79 385 294 210 213 807 707 424 519
Business  286 86 18 243 533 286 189 395 604 401 285 404
BrgGet 243 87 125 138 278 184 204 205 497 247 256 414
Shop1 358 211 109 129 416 388 219 224 446 403 398 158
Shopn 403 208 201 261 465 342 253 455 547 429 398 503
Service 385 186 56 259 487 402 214 448 519 485 386 495
Social 128 70 55 84 344 212 189 248 401 305 249 328
Leisure 291 78 26 154 380 199 85 312 415 344 274 406
Tour 303 151 247 109 529 299 485 202 605 445 562 384

No of runs CV (%)
Lower 

boundary
Upper 

boundary
Range/ CV 

Lower 
boundary

Upper 
boundary

Range/ CV 

100 3.32 0.0292 0.0387 0.29 0.0286 0.0378 0.29

200 2.49 0.0226 0.0276 0.20 0.0224 0.0273 0.20

300 2.03 0.0188 0.0220 0.16 0.0187 0.0219 0.16

400 1.75 0.0164 0.0188 0.14 0.0163 0.0187 0.14

500 1.58 0.0148 0.0168 0.13 0.0148 0.0167 0.13

600 1.46 0.0138 0.0155 0.11 0.0138 0.0154 0.12

700 1.39 0.0132 0.0147 0.11 0.0132 0.0147 0.11

800 1.40 0.0134 0.0147 0.10 0.0133 0.0147 0.10

900 1.36 0.0130 0.0143 0.09 0.0130 0.0143 0.09

1000 1.26 0.0120 0.0131 0.09 0.0120 0.0131 0.09

McKay Miller

Distance 
(overall)
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Table 8.4  Confidence intervals of travel time for different number of runs 

 

Table 8.5  Confidence intervals of duration for different number of runs 

 

Table 8.6  Confidence intervals of number of trips for different number of runs 

 

No of runs CV (%)
Lower 

boundary
Upper 

boundary
Range/ CV 

Lower 
boundary

Upper 
boundary

Range/ CV 

100 2.23 0.0196 0.0260 0.29 0.0197 0.0261 0.29

200 1.69 0.0154 0.0187 0.20 0.0152 0.0186 0.20

300 1.38 0.0128 0.0150 0.16 0.0127 0.0149 0.16

400 1.20 0.0112 0.0128 0.14 0.0111 0.0128 0.14

500 1.08 0.0101 0.0114 0.13 0.0101 0.0114 0.13

600 1.00 0.0094 0.0106 0.11 0.0094 0.0106 0.12

700 0.95 0.0090 0.0100 0.11 0.0090 0.0100 0.11

800 0.93 0.0089 0.0098 0.10 0.0089 0.0098 0.10

900 0.93 0.0089 0.0098 0.09 0.0089 0.0097 0.09

1000 0.91 0.0087 0.0095 0.09 0.0087 0.0094 0.09

McKay Miller

Travel time 
(overall)

No of runs CV (%)
Lower 

boundary
Upper 

boundary
Range/ CV 

Lower 
boundary

Upper 
boundary

Range/ CV 

100 1.20 0.0106 0.0140 0.29 0.0104 0.0137 0.28

200 0.95 0.0086 0.0105 0.20 0.0085 0.0104 0.20

300 0.83 0.0077 0.0090 0.16 0.0076 0.0090 0.16

400 0.77 0.0072 0.0083 0.14 0.0072 0.0082 0.14

500 0.74 0.0070 0.0079 0.12 0.0079 0.0070 0.12

600 0.72 0.0068 0.0076 0.11 0.0068 0.0076 0.12

700 0.69 0.0066 0.0073 0.11 0.0065 0.0074 0.11

800 0.67 0.0064 0.0070 0.10 0.0064 0.0070 0.10

900 0.64 0.0061 0.0067 0.09 0.0061 0.0067 0.09

1000 0.62 0.0060 0.0065 0.09 0.0104 0.0137 0.09

McKay Miller

Duration 
(overall)

No of runs CV (%)
Lower 

boundary
Upper 

boundary
Range/ CV 

Lower 
boundary

Upper 
boundary

Range/ CV 

100 0.99 0.0087 0.0116 0.29 0.0086 0.0113 0.28

200 0.71 0.0065 0.0079 0.20 0.0064 0.0078 0.20

300 0.58 0.0054 0.0063 0.16 0.0054 0.0063 0.16

400 0.52 0.0048 0.0056 0.14 0.0048 0.0055 0.14

500 0.48 0.0045 0.0051 0.12 0.0045 0.0051 0.12

600 0.46 0.0044 0.0049 0.11 0.0044 0.0049 0.11

700 0.44 0.0042 0.0047 0.11 0.0042 0.0047 0.10

800 0.44 0.0042 0.0047 0.10 0.0042 0.0047 0.10

900 0.44 0.0042 0.0046 0.09 0.0042 0.0046 0.09

1000 0.44 0.0042 0.0046 0.09 0.0042 0.0045 0.09

McKay Miller

No of trips 
(overall)
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8.3.2  Destination totals 

In this section, the uncertainty with respect to destination choice, embedded in 

simulated daily activity-travel patterns, is investigated. To do so, the variation in the 

number of trips to each of 65 4-digit postal code areas in Rotterdam is calculated for a 

different number of model runs. In each run, a new realization of the uncertain travel 

time distribution on critical links of the transportation network and of the distribution of 

employment was drawn. In addition, the uncertainty stemming from the probabilistic 

decision tables was incorporated. Thus, the simulated activity-travel patterns reflect 

both input and model uncertainty. For the reasons, expressed in the corresponding 

sections in the chapters on model uncertainty and input uncertainty, we limit the 

discussion to the total number of visits to the destinations, and some illustrative zones. 

Figure 8.32 visualizes the spatial distribution of the coefficient of variation for the 

combined model and input uncertainty in destination totals in the Rotterdam study area. 

It shows that overall the absolute values of the coefficients of variation for the 

destination totals are small. The distribution of this coefficient of variation, as depicted 

in Figure 8.32, strongly resembles the spatial distribution of the coefficient of variation 

of the destination totals for the case of input uncertainty only. A more detailed 

comparison is provided at the end of this chapter. The CV ranges between 2 and 16 per 

cent, except for zone 3059, where the very high CV is associated with the very low trip 

frequency (one to eight trips only). Comparison of these distributions suggests that only 

a few postcode areas in the South-Western corner of the study area shift color. This 

strong correspondence in these spatial distributions of the coefficients of variation for 

input uncertainty and combined model/input uncertainty suggests that input uncertainty 

has the higher influence in the distribution of uncertainty in destination totals.  

The relation between the degree of uncertainty, measured in terms of the 

coefficient of variation and the number of trips is captured in Figure 8.33. It suggests, 

similar to what has been observed in Chapter 7 for input uncertainty, that a negative 

power function describes the relationship between the coefficient of variation for the 

destination totals and number of trips. The relationship for the simulated model 

forecasts is close to the theoretical relationship. 

To gain some further insight into the fluctuation pattern of this coefficient of 

variation with respect to the number of model runs, Figure 8.34 was constructed. It 

illustrates the evolution of the coefficient of variation for the destination totals in three 

zones as a function of the number of model runs. The selected zones have respectively 

the highest, the smallest and an average degree of uncertainty. 
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Figure 8.32  Spatial distribution of coefficient of correlation for destination totals   
under combined model/input uncertainty 

 

Figure 8.33  CV vs. destination total 
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Figure 8.34  CV vs. number of runs for selected four digit postal code areas 

The figure generally suggests that the maximum CV for PCA 3046 is fluctuating 

with minor deviations around 16 per cent, which is 4 per cent less than the 

corresponding value under model uncertainty but very close to the value under input 

uncertainty. The lowest uncertainty is observed for PCA 3012. Its coefficient of variation 

is only 2 per cent, which is again 4 per cent lower that the corresponding value under 

model uncertainty. Destination 3029 was selected as a zone with an “average” CV for 

the destination totals under combined model/input uncertainty. Its uncertainty is 4 per 

cent, again with a very small variation. It is worth noting that PCA 3046 has the highest 

uncertainty under all three types of uncertainty, while the zones for the lowest and 

average uncertainty differ for the various types of uncertainty analysis. 

As for the case of input uncertainty and model uncertainty, the number of 

simulation runs required to obtain an accumulated average, respectively standard 

deviation that differs from the final result within some degree of accuracy was 

calculated. Results indicate that for the destination with the highest degree of 

uncertainty 2 simulation runs are required for an accuracy of less than 10 per cent. This 

number increases to respectively 28 and 99 for an increased accuracy of respectively 5 

and 2 per cent. The equivalent results for the standard deviation are respectively 51, 

239 and 274 simulation runs. These findings demonstrate that the number of runs 

required to obtain a stable standard deviation of the coefficient of variation for the 

destination totals under combined model/input uncertainty is higher than the number of 

runs required to obtain a stable average. Qualitatively, this finding is consistent with 

earlier reported results for both model and input uncertainty. 
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8.3.3 Activity-travel sequences 

To quantify the degree of uncertainty for the case of combined input/model uncertainty, 

the approach followed was very similar to the ones applied to examine the uncertainty 

in activity-travel sequences under model, respectively input uncertainty. The combined 

case involves Monte Carlo draws from the assumed distributions of the input related to 

the spatial distribution of employment in daily goods retailing and in the speeds on the 

selected links of the transportation network to create a new set of input for the 

Albatross model. Then, for each configuration of input variables, a number of simulation 

runs is conducted to simulate model error. Each run may and is likely to result in a 

different predicted activity-travel pattern. The variability in these predicted activity-

travel sequences captures the effects of combined model/input uncertainty on the 

uncertainty in the activity-travel sequences.  

The procedure to calculate the uncertainty in these sequences involves selecting 5 

random sets of source sequences and 50 random sets of target sequences from the 

total number of predicted activity-travel sequences. Next, the Levenshtein distance 

based on multi-dimensional sequence alignment of pairs of the selected source and 

target sequences is calculated. Included in the alignment were activity type, 

transportation mode and activity location. This measure is normalized to ease its 

interpretation. Operational decisions were the same as in the case of model and input 

uncertainty. The weights for the operators to calculate the amount of effort to equalize 

two activity-travel patterns were set to 1, 1 and 2 for insertion, deletion and 

substitution, respectively.  

Figures 8.35 – 8.40 provide the results of this analysis. It shows that the 

maximum normalized distance of four travellers for the 5 randomly selected source 

sequences and the 50 randomly selected target sequences is 0.35 (Fig. 8.35). Travelers 

1,2 and 4 show a zero normalized Levenshtein distance for some paired comparisons 

implying that the underlying activity-travel sequences are exactly the same. 

Figure 8.36a graphs the uncertainty in the predicted activity-travel sequences, 

based on heuristic 4, measured in terms of the average normalized Levenshtein 

distance between 5 randomly selected sets of source sequences and 50 randomly sets 

of target sequences. The uncertainty is shown to range from 0.2175 to 0.2195.  

It is obvious that source set 3 leads to the maximum normalized Levenshtein 

distance, while the average normalized Levenshtein distance for all people in source set 

2 has the highest similarity with target set 14, reflected in the minimum normalized 

Levenshtein distance. 
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Figure 8.35  Normalized Levenshtein distance for different travellers 

 

 

 

 Figure 8.36a  Average normalized Levenshtein distance for different source 
and target predicted activity-travel sequences 
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Figure 8.36b  Average normalized Levenshtein distance for different source and 
target predicted activity-travel sequences for three types of uncertainty analysis 

 

 

Figure 8.37a  Standard deviation normalized Levenshtein distance for different 
sources of predicted activity-travel sequences 
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Figure 8.37b  Standard deviation normalized Levenshtein distance for different 
source and target predicted activity-travel sequences for three types of uncertainty 

analysis 
 

 

 Figure 8.38  Accumulated average normalized Levenshtein distance for different 
source activity-travel sequences 
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Figure 8.39  Accumulated standard deviation normalized Levenshtein distance for  

different source activity-travel sequences 
 
 
 
 
 

 

Figure 8.40a  Accumulated average and standard deviation of normalized Levenshtein 
distance for all paired comparisons in heuristic 
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To make it easier to compare the uncertainty in people’s activity-travel sequences 

under combined model/input uncertainty with the uncertainty in activity-travel 

sequences due to the other two sources of uncertainty, Figure 8.36b was constructed. 

It visualizes the average normalized Levenshtein distance under respectively model 

uncertainty, input uncertainty and the combination of model and input uncertainty using 

the same scale. It clearly shows that that the combined uncertainty analysis results in 

the lowest variability in the normalized Levenshtein distances. The highest variability 

occurs under input uncertainty. Note that the discussion here is about variability in the 

normalized Levenshtein distances, resulting from the different types of uncertainty 

analysis. We will look into the values of the Levenshtein distance measure later.  

Figure 8.37a shows the corresponding standard deviations, which are quite small 

for all source and target sets. The standard deviation is smallest for source sequence 

sets 1 and 5, and a little higher for the remaining source sequence sets when based on 

the first half of the target sequence sets. Comparing the uncertainty across the source 

sequence sets and the second half of the randomly selected target sequence sets, 

differences in the standard deviation of the normalized Levenshtein distance measure 

become very small. Figure 8.37b shows the standard deviation of the normalized 

Levenshtein distance for the three types of uncertainty. The rank order is the same as 

the order found for the average normalized Levenshtein distance. 

Figure 8.38 presents the accumulated average normalized Levenshtein distance. It 

shows that the uncertainty in predicted activity-travel sequences tends to stabilize after 

10 target sequence sets. The uncertainty is highest for source set 1, followed by set 3, 

set 5 and the remaining two source sets. Figure 8.39 shows the corresponding 

accumulated averaged standard deviation. The standard deviations are small, certainly 

relative to the case of model and input uncertainty only. It is smallest for source 

sequence sets 1 and 5, and a little higher for the other three source sets.  

Figure 8.40a shows the results based on all pairwise comparisons implied by the 

selected heuristic for calculating the degree of uncertainty of the 5 randomly selected 

sets of source activity-travel sequences and the 50 randomly selected sets of target 

sequences, averaged across all individuals in the synthetic population. The average 

uncertainty converges at 21.85 per cent (left vertical axis), while the standard deviation 

converges at 0.00035 (right vertical axis). 

The differences between respectively the accumulated average and accumulated 

standard deviation of the normalized Levenshtein distance for the different types of 

uncertainty analyses, based on all 250 comparisons, are illustrated in Figure 8.39b. It 
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suggests that the absolute value of the accumulated average, after 250 comparisons, is 

the highest for the combined uncertainty analysis (0.218), followed by model 

uncertainty only (0.216). The input uncertainty analysis gives the lowest value (0.202).  

 

 

 

 

Figure 8.40b  Accumulated average and standard deviation of normalized Levenshtein 
distance for all paired comparisons in heuristic for three types of uncertainty 
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The second part of Figure 8.40b presents the accumulated standard deviation of 

the normalized Levenshtein distance, based on all 250 paired comparisons. As discussed 

before, the standard deviation, which is indicative of the fluctuations in the uncertainty 

measure, has the highest value for input uncertainty analysis. Second in magnitude is 

the standard deviation, calculated in the model uncertainty analysis. Consequently, the 

combined uncertainty analysis leads to the lowest fluctuation in the uncertainty in the 

predicted activity-travel sequences.  

8.4 Comparison of different sources of uncertainty 

Having discussed the results of combined model and input uncertainty analyses for the 

various performance indicators, two interesting research questions can be addressed. 

First, which of the identified sources of uncertainty has the largest effects on the 

uncertainty in the selected performance indicators? Second, does the combination of 

these two sources of uncertainty amplify the uncertainty in the outcomes of the 

Albatross model system or does it average or even reduce uncertainty? According to the 

theory, discussed in Chapter 3, in case of a linear model with independent explanatory 

variables, the errors in the independent variables should sum up. However, the 

Albatross model system has a more complex structure, and various types of constraints. 

Hence, the uncertainty of the outcomes of this complex model system cannot be 

theoretically derived.  

In this concluding section, we will systematically address these two research 

questions in the conclusions drawn. It should be emphasized from the outset that all 

findings are confined to the specific settings and operational decisions used in this 

study. Particularly, we examined input and therefore also combined model/input 

uncertainty by varying travel times in a particular set of links in a corridor of the 

transportation network in Rotterdam and introducing error in the spatial configuration of 

employment in daily goods retailing across zones only. Moreover, the conclusions in this 

section are based on a 10 per cent fraction of the synthesized population. 

Although some comparisons between the influence of different types of 

uncertainty on the uncertainty of outcomes of the Albatross model system were already 

made in both this chapter and Chapter 7, the discussion was limited and served to help 

clarifying specific results. In the next section of this chapter, a more systematic 

comparison will be entertained, summarizing the results from a comparison perspective 

and adding more details. The discussion of the results of the comparison follows the 

same structure as the one used in Chapters 6, 7 and earlier in Chapter 8.  
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Table 8.7   Comparison of the effects of model, input and combined model/input 
uncertainty on the coefficients of variation of daily travel distance/capita by 
activity type 

 

Table 8.8   Comparison of the effects of model, input and combined model/input 
uncertainty on the coefficients of variation of daily travel time/capita by 
activity type 

 

Distance No. of runs Model  Input Model+ input Distance No. of runs Model  Input Model+ input

200 1.391 1.308 1.435 200 7.554 2.199 3.593

400 1.411 1.512 1.437 400 8.169 2.365 3.553

600 1.435 1.444 1.484 600 7.741 2.376 3.667

800 1.489 ‐ 1.466 800 7.378 ‐ 3.693

1000 1.488 ‐ 1.436 1000 7.157 ‐ 3.704

200 3.203 2.765 2.859 200 2.660 1.471 2.763

400 3.135 2.701 2.842 400 2.630 1.423 2.772

600 2.999 2.715 2.927 600 2.470 1.470 2.768

800 2.932 ‐ 2.884 800 2.360 ‐ 2.743

1000 2.978 ‐ 2.884 1000 2.300 ‐ 2.742

200 3.195 3.035 3.219 200 2.415 1.897 2.296

400 3.159 3.293 3.323 400 2.358 2.173 2.261

600 3.255 3.322 3.319 600 2.379 2.242 2.286

800 3.173 ‐ 3.305 800 2.362 ‐ 2.343

1000 3.212 ‐ 3.293 1000 2.298 ‐ 2.362

200 7.690 2.885 3.891 200 3.928 3.418 2.629

400 7.890 2.719 3.790 400 4.016 3.473 2.751

600 7.421 2.868 3.788 600 3.812 3.286 2.754

800 6.998 ‐ 3.778 800 3.707 ‐ 2.780

1000 6.659 ‐ 3.723 1000 3.581 ‐ 2.775

200 6.771 4.328 5.018

400 7.157 4.006 4.918

600 7.281 3.819 4.873

800 7.244 ‐ 4.731

1000 7.131 ‐ 4.727

Work

Business

BrgGet

Shop1

Shopn

Service

Social

Leisure

Tour

Travel time No. of runs Model  Input Model+ input Travel time No. of runs Model  Input Model+ input

200 0.894 0.814 0.897 200 2.840 1.743 2.513

400 0.918 0.829 0.897 400 3.209 1.687 2.582

600 0.913 0.813 0.918 600 3.193 1.576 2.611

800 0.906 ‐ 0.905 800 3.154 ‐ 2.625

1000 0.918 ‐ 0.887 1000 3.164 ‐ 2.624

200 2.686 1.933 2.325 200 1.686 1.283 2.277

400 2.442 2.049 2.354 400 1.710 1.356 2.257

600 2.370 2.161 2.332 600 1.633 1.371 2.241

800 2.330 ‐ 2.383 800 1.575 ‐ 2.240

1000 2.350 ‐ 2.378 1000 1.546 ‐ 2.245

200 1.590 1.296 1.412 200 1.632 1.299 1.894

400 1.615 1.529 1.513 400 1.546 1.292 1.915

600 1.596 1.528 1.541 600 1.518 1.296 1.904

800 1.565 ‐ 1.558 800 1.508 ‐ 1.899

1000 1.555 ‐ 1.554 1000 1.485 ‐ 1.888

200 2.459 1.118 2.194 200 2.038 1.829 4.118

400 2.509 1.142 2.167 400 2.105 1.764 4.131

600 2.427 1.217 2.160 600 2.030 1.697 4.117

800 2.349 ‐ 2.167 800 2.000 ‐ 4.102

1000 2.296 ‐ 2.156 1000 1.936 ‐ 4.074

200 3.330 2.446 3.121

400 3.420 2.305 3.059

600 3.450 2.215 3.058

800 3.560 ‐ 3.013

1000 3.530 ‐ 3.020

Shop1 Tour

Shopn

Work Service

Business Social

BrgGet Leisure
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Table 8.9   Comparison effects of model, input and combined model/input uncertainty 
on the coefficients of variation of predicted duration by activity type 

 

 
 

That is, first we will discuss the results pertaining to the overall results of the four 

system-wide performance indicators. Next, we will present the results for these 

indicators, broken down by transportation mode and gender. Because duration has no 

meaning for segmentation by transportation modes, it will not be discussed. The 

discussion is completed with a summary description and interpretation of the results of 

the comparison of the required number of runs for respectively a stable average and a 

stable standard error for the system-wide indicators. 

Table 8.7 compares the effects of different sources of uncertainty on the 

coefficient of variation of the predicted daily travel distance per capita for the selected 

activity types. Some clear regularity can be observed. For all activities, except for two of 

the fixed activities (Work and BrgGet) and Social activities, and all number of runs, the 

uncertainty is highest for model uncertainty, followed by combined model and input 

uncertainty and input uncertainty. Surprisingly, input uncertainty has the highest 

coefficient of variation for “Work”, but only for 400 runs. In turn, for 200 runs and 600 

runs, combined model/input uncertainty has the largest coefficient of variation, followed 

by model uncertainty. From 600 runs onwards, the most common pattern can be 

observed. For “BrgGet” activities, the largest coefficient of variation for all number of 

Duration No. of runs Model  Input Model+ input Duration No. of runs Model  Input Model+ input

200 0.409 0.342 0.322 200 3.490 1.159 2.504

400 0.405 0.322 0.327 400 3.704 1.175 2.539

600 0.396 0.361 0.351 600 3.829 1.221 2.541

800 0.384 ‐ 0.360 800 3.746 ‐ 2.498

900/1000 0.385 ‐ 0.362 900/1000 3.664 ‐ 2.489

200 1.642 1.390 1.681 200 2.780 0.787 1.843

400 1.665 1.613 1.646 400 2.696 0.772 1.864

600 1.644 1.561 1.640 600 2.526 0.764 1.874

800 1.674 ‐ 1.636 800 2.380 ‐ 1.881

900/1000 1.672 ‐ 1.626 900/1000 2.251 ‐ 1.883

200 1.669 1.623 1.552 200 1.740 0.938 1.894

400 1.603 1.552 1.551 400 1.740 0.923 1.915

600 1.545 1.532 1.530 600 1.651 0.921 1.904

800 1.575 ‐ 1.544 800 1.567 ‐ 1.899

900/1000 1.549 ‐ 1.544 1 1.501 ‐ 1.888

200 3.360 0.785 1.758 200 5.500 2.875 4.118

400 3.420 0.799 1.778 400 5.530 2.758 4.131

600 3.280 0.780 1.783 600 5.210 2.786 4.117

800 3.120 ‐ 1.781 800 4.980 ‐ 4.102

900/1000 2.970 ‐ 1.790 900/1000 4.790 ‐ 4.074

200 3.670 1.267 2.486

400 3.620 1.199 2.435

600 3.660 1.080 2.393

800 3.580 ‐ 2.379

900/1000 3.460 ‐ 2.366

Shop1 Tour

Shopn

Work Service

Business Social

BrgGet Leisure
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runs except 600 is obtained for combined model/input uncertainty, while input 

uncertainty created the highest uncertainty for 600 runs. Combined model/input 

uncertainty gives the highest coefficient of variation for different number of runs for 

“Social” activities.  

Table 8.8 compares the effects of different sources of uncertainty on the 

coefficient of variation of the predicted average daily travel time per capita for the 

selected activity types. It shows that the effect of input uncertainty is smaller for all 

activity types. The difference in the effect of input uncertainty versus model uncertainty 

is highest for business, shopping at a single store, shopping at multiple stores, and 

service activities. The table also shows that the combination of the two sources of 

uncertainty amplifies the coefficient of variation for the average daily per capita travel 

time for social and leisure activities, and for touring. For the other types of activities, 

the CV lies in between the separate coefficients for input and model uncertainty. 

Table 8.9 lists the findings of a similar comparison of the effects of different 

sources of uncertainty, but now for the duration of the selected activity types. It shows 

that for all activities, except the three fixed activities, model uncertainty gives the 

highest coefficient of variation for every number of runs shown in the table, followed by 

combined model/input uncertainty. The coefficient of variation under model uncertainty 

is 1.2 to 1.7 times higher than the corresponding coefficient of variation for combined 

model/input uncertainty. This ratio varies between 1.9 to 4.2 for the comparison of 

model and input uncertainty. This profound distinction fades out to some extent for the 

fixed activities. For Work and BrgGet activities, for instance, for some number of runs, 

input uncertainty produces a larger coefficient of variation than combined model/input 

uncertainty. For Business activities, on the other hand, combined model/input 

uncertainty amplifies the results of separate model and input uncertainty. For 200 runs, 

it gives a larger coefficient of variation than model uncertainty. For the remaining 

number of runs, however, model uncertainty has the larger CV.  

Table 8.10 also shows that the value of the coefficient of variation for combined 

model/input uncertainly is between the value of this coefficient for model uncertainty 

only and the value of this coefficient for input uncertainty only. The table suggests that 

for all activities and number of model runs, without any exceptions, model uncertainty 

has the highest coefficient of variation, followed by combined model/input uncertainty. 

The exceptionally large coefficient of variation for three activity types (“Shop1”, “Shopn” 

and “Service”) suggests a critical review of structure of Albatross, particularly decision 

trees, related to these three activity types.  
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Table 8.10   Comparison effects of model, input and combined uncertainty on the 
coefficients of variation of total number of trips by activity type 

 

 

Table 8.11   Comparison effects of model, input and combined model /input 
uncertainty on the coefficients of variation of daily travel distance/capita 
by transportation mode and gender 

 

The next series of tables describe the effects of different sources of uncertainty on 

the uncertainty of the indicators, broken down by transportation modes and gender. 

Table 8.11 reports the results for average daily distance travelled, showing that the 

effect of input uncertainty on the CV of this performance indicator is much smaller than 

the effect of model uncertainty only. The same is shown for gender.  

No. of trips No. of runs Model  Input Model+ input No. of trips No. of runs Model  Input Model+ input

200 6.809 0.566 0.658 200 44.382 1.426 3.032

400 5.626 0.583 0.662 400 53.180 1.447 3.023

600 4.610 0.654 0.651 600 57.209 1.507 3.032

800 4.003 ‐ 0.650 800 58.120 ‐ 3.053

1000 3.670 ‐ 0.655 1000 57.980 ‐ 3.060

200 7.112 2.204 2.551 200 6.930 1.142 2.268

400 6.074 2.128 2.596 400 5.807 1.327 2.312

600 5.189 2.207 2.583 600 4.821 1.244 2.289

800 4.663 ‐ 2.563 800 4.236 ‐ 2.252

1000 4.423 ‐ 2.559 1000 3.915 ‐ 2.244

200 7.130 1.677 2.170 200 6.938 0.948 2.414

400 5.966 1.533 2.008 400 5.820 1.057 2.368

600 5.039 1.617 1.999 600 4.816 1.068 2.368

800 4.468 ‐ 1.963 800 4.226 ‐ 2.360

1000 4.160 ‐ 1.971 1000 3.901 ‐ 2.355

200 44.676 0.769 1.963 200 7.006 2.875 2.185

400 53.472 0.792 2.027 400 6.052 2.758 2.146

600 57.548 0.911 2.033 600 5.081 2.786 2.122

800 58.597 ‐ 2.014 800 4.507 ‐ 2.096

1000 58.481 ‐ 2.026 1000 4.210 ‐ 2.080

200 42.723 1.557 3.347

400 50.683 1.845 3.175

600 54.093 1.882 3.098

800 54.801 ‐ 3.063

1000 54.450 ‐ 3.077

Shop1 Tour

Shopn

Work Service

Business Social

BrgGet Leisure

Distance No. of runs Model  Input Model+ input Distance No. of runs Model  Input Model+ input

200 6.35 0.954 2.010 200 9.117 2.029 2.886

400 6.41 1.036 1.979 400 9.067 1.855 2.892

600 5.96 0.960 1.967 600 8.42 1.945 2.865

800 5.53 ‐ 1.968 800 7.83 ‐ 2.894

1000 5.21 ‐ 1.973 1000 7.37 ‐ 2.881

200 3.745 1.063 2.280 200 10.133 0.991 2.053

400 3.765 1.183 2.279 400 10.039 0.979 2.036

600 3.579 1.232 2.294 600 9.302 1.038 2.048

800 3.366 ‐ 2.292 800 8.598 ‐ 2.032

1000 3.197 ‐ 2.292 1000 8.06 ‐ 2.047

200 6.87 2.651 3.926 200 7.442 1.202 2.431

400 6.95 2.552 3.809 400 7.481 1.163 2.352

600 6.52 2.413 3.848 600 6.917 1.152 2.303

800 6.16 ‐ 3.834 800 6.435 ‐ 2.318

1000 5.87 ‐ 3.801 1000 6.058 ‐ 2.325

Slow Male

Public Female

CarD CarP
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Table 8.12   Comparison effects of model, input and combined model/input uncertainty 
on the coefficients of variation of daily travel time/capita by 
transportation mode and gender 

 

Table 8.13  Comparison effects of model, input and combined model/input uncertainty 
on the coefficients of variation of duration by transportation mode and 
gender 

 

Moreover, the table shows that the effects of combined model/input uncertainty 

are between those reported for model, respectively input uncertainty only. The ratio of 

the coefficients for respectively model and input uncertainty varies considerably across 

transportation modes. The ratio is higher for car passengers and car drivers, and 

smaller for the other two transportation modes. Similarly, it is higher for males than for 

females. Differences across transportation modes and gender tend to be substantially 

reduced for combined model/input uncertainty. Ratios of coefficients of variation are in 

the range of 2.6 – 10.2 for model uncertainty against input uncertainty and between 1.4 

and 5.0 for model uncertainty against combined model/input uncertainty. 

Travel time No. of runs Model  Input Model+ input Travel time No. of runs Model  Input Model+ input

200 4.493 0.601 1.629 200 6.269 1.255 2.186

400 4.564 0.672 1.618 400 6.299 1.185 2.209

600 4.27 0.622 1.624 600 5.889 1.264 2.186

800 3.968 ‐ 1.628 800 5.496 ‐ 2.207

1000 3.739 ‐ 1.630 1000 5.187 ‐ 2.199

200 3.059 0.753 1.905 200 5.445 0.533 1.635

400 3.068 0.837 1.909 400 5.45 0.548 1.616

600 2.916 0.870 1.920 600 5.115 0.572 1.610

800 2.74 ‐ 1.917 800 4.761 ‐ 1.622

1000 2.603 ‐ 1.917 1000 4.484 ‐ 1.636

200 3.768 1.095 2.267 200 3.298 0.712 1.715

400 3.724 1.077 2.253 400 3.352 0.692 1.706

600 3.512 1.076 2.278 600 3.149 0.691 1.721

800 3.319 ‐ 2.276 800 2.946 ‐ 1.741

1000 3.159 ‐ 2.268 1000 2.788 ‐ 1.744

CarD CarP

Slow Male

Public Female

Duration No. of runs Model  Input Model+ input Duration No. of runs Model  Input Model+ input

200 ‐ ‐ ‐ 200 ‐ ‐ ‐

400 ‐ ‐ ‐ 400 ‐ ‐ ‐

600 ‐ ‐ ‐ 600 ‐ ‐ ‐

800 ‐ ‐ ‐ 800 ‐ ‐ ‐

1000 ‐ ‐ ‐ 1000 ‐ ‐ ‐

200 ‐ ‐ ‐ 200 9.556 0.287 1.395

400 ‐ ‐ ‐ 400 9.441 0.269 1.407

600 ‐ ‐ ‐ 600 8.753 0.293 1.395

800 ‐ ‐ ‐ 800 8.106 ‐ 1.393

1000 ‐ ‐ ‐ 1000 7.596 ‐ 1.393

200 ‐ ‐ ‐ 200 7.391 0.349 1.477

400 ‐ ‐ ‐ 400 7.313 0.364 1.463

600 ‐ ‐ ‐ 600 6.798 0.400 1.459

800 ‐ ‐ ‐ 800 6.301 ‐ 1.447

1000 ‐ ‐ ‐ 1000 5.909 ‐ 1.445

CarD CarP

Slow Male

Public Female
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Table 8.14   Comparison effects of model, input and combined model/input uncertainty 
on the coefficients of variation of number of trips by transportation mode 
and gender 

 

Tables 8.12 and 8.13 report the equivalent results for respectively the average 

daily travel time per capita and duration by transportation mode and gender. Consistent 

with earlier analysis, the effects on duration by transportation modes were not 

calculated. In line with the findings for distance travelled, these tables clearly 

demonstrate that the effect of input uncertainty on the coefficients of variation for these 

two performance indicators for both transportation modes (where relevant) and gender 

is much smaller than the effect of model uncertainty only. The tables also show that the 

effects of combined model/input uncertainty average out between those reported for 

model, respectively input uncertainty only, in which input uncertainty has a higher 

weight. 

 Similar to the findings for distance, car driver and car passenger yields a larger 

difference in the uncertainty in predicted daily travel time per capita between model and 

input uncertainty. The uncertainty in travel time of males under model uncertainty 

shows the largest difference with the uncertainty under input as well as combined 

model/input uncertainty, a result similar to the finding for distance. 

Table 8.14 is the last table reporting the effects of the different sources of 

uncertainty on system-wide performance indicators, segmented by transportation 

modes and gender. More specifically, it reports the results for the number of trips 

performance indicator. It convincingly demonstrates that the difference in effects 

between model and input uncertainty is most profound for this indicator.  

No. of trips No. of runs Model  Input Model+ input Distance No. of runs Model  Input Model+ input

200 10.108 0.514 1.640 200 12.825 1.189 2.186

400 9.709 0.539 1.640 400 12.792 1.208 2.209

600 8.839 0.556 1.642 600 12.014 1.240 2.186

800 8.158 ‐ 1.657 800 11.270 ‐ 2.207

1000 7.686 ‐ 1.651 1000 10.683 ‐ 2.199

200 16.043 0.654 1.905 200 13.959 0.358 1.506

400 16.681 0.615 1.909 400 14.222 0.335 1.521

600 16.022 0.664 1.920 600 13.490 0.367 1.506

800 15.193 ‐ 1.917 800 12.719 ‐ 1.505

1000 14.473 ‐ 1.917 1000 12.085 ‐ 1.505

200 11.604 1.868 2.267 200 11.649 0.447 1.428

400 11.508 1.965 2.253 400 11.525 0.469 1.429

600 10.701 1.919 2.278 600 10.694 0.510 1.423

800 10.017 ‐ 2.276 800 9.961 ‐ 1.419

1000 9.475 ‐ 2.268 1000 9.407 ‐ 1.419

CarD CarP

Slow Male

Public Female
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Table 8.15  Comparison effects of model, input and combined model/input uncertainty 
on the number of runs required for stable predicted daily travel 
distance/capita for different degrees of accuracy by transportation modes 
and activity type 

 
 
 

 

Table 8.16   Comparison effects of model, input and combined model/input uncertainty 
on the number of runs required for stable predicted daily travel time/ 
capita for different degrees of accuracy by transportation modes and 
activity type 

 

 

 

 

model Input Model+input model Input Model+input model Input Model+input

Total 3 1 3 330 1 218 575 1 382

CarD 3 1 1 265 1 98 485 1 243

Slow 1 1 1 3 1 114 340 1 296

Public 3 1 1 60 1 123 325 3 373

CarP 3 1 1 335 1 112 575 20 335

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 1 5 15 1

BrgGet 1 1 1 1 1 1 5 1 3

Shop1 3 1 1 285 1 281 510 1 384

Shopn 3 1 5 145 1 305 450 32 432

Service 3 1 1 270 1 265 460 1 325

Social 1 1 1 3 1 245 60 1 265

Leisure 1 1 1 1 1 247 5 1 294

Tour 1 1 3 1 1 293 285 58 430

Distance 10% different Distance 5% different Distance 2% different

model Input Model+input model Input Model+input model Input Model+input

Total 1 1 1 3 1 198 395 1 241

CarD 1 1 1 3 1 174 400 1 209

Slow 1 1 1 3 1 189 290 1 213

Public 1 1 1 3 1 196 345 1 284

CarP 3 1 1 3 1 183 480 1 282

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 1 1 15 2

BrgGet 1 1 1 1 1 1 3 1 1

Shop1 1 1 1 3 1 150 115 1 205

Shopn 1 1 1 3 1 284 115 1 393

Service 1 1 1 1 1 204 5 25 290

Social 1 1 1 1 1 197 5 1 213

Leisure 1 1 1 1 1 173 1 1 236

Tour 1 1 1 1 1 239 5 32 371

Travel time 5% different Travel time 2% differentTravel time 10% different
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Table 8.17  Comparison effects of model, input and combined model/input uncertainty 
on the number of runs required for a stable average duration for different  
degrees of accuracy by transportation modes and activity type 

 

 

 

Table 8.18  Comparison effects of model, input and combined model/input uncertainty 
on the number of runs required for a stable average of the predicted daily 
number of trips/capita for different degrees of accuracy by transportation 
modes and activity type 

 

 

 

 

model Input Model+input model Input Model+input model Input Model+input

Total 2 1 1 326 1 125 568 1 168

CarD ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Slow ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Public ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

CarP ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 1 1 24 1

BrgGet 1 1 1 1 1 1 1 29 1

Shop1 1 1 1 3 1 127 320 1 201

Shopn 1 1 1 3 1 265 350 1 318

Service 1 1 1 3 1 214 370 1 303

Social 1 1 1 1 1 163 270 1 144

Leisure 1 1 1 1 1 159 3 1 207

Tour 1 1 1 134 1 280 425 6 410

Duration 10% different Duration 5% different  Duration 2% different

model Input Model+input model Input Model+input model Input Model+input

Total 260 1 1 410 1 168 670 1 193

CarD 3 1 1 300 1 96 545 1 207

Slow 320 1 1 500 1 106 740 1 199

Public 110 1 1 365 1 114 620 1 303

CarP 250 1 1 405 1 112 660 1 292

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 1 1 2 1

BrgGet 1 1 1 1 1 1 2 1 1

Shop1 715 1 1 820 1 83 900 1 112

Shopn 700 1 1 810 1 273 895 1 365

Service 710 1 1 820 1 263 895 1 309

Social 1 1 1 1 1 174 1 1 191

Leisure 1 1 1 1 1 168 1 1 216

Tour 1 1 1 1 1 51 1 1 102

No. of trips 10% different No. of trips 5% different  No. of trips 2% different
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Table 8.19  Comparison effects of model, input and combined model/input uncertainty 
on the number of runs required for a stable standard deviation of the 
predicted daily travel distance/capita for different degrees of accuracy by 
transportation modes and activity type 

 

Table 8.20  Comparison effects of model, input and combined model/input uncertainty 
on the number of runs required for a stable standard deviation of 
predicted daily travel time/capita for different degrees of accuracy by 
transportation modes and activity type 

 

As we have seen in Chapter 6, the effects of model uncertainty are relatively high 

with coefficients of variation starting around 7.7 per cent and up to 16.7 per cent. The 

corresponding coefficients of variation due to input uncertainty are dramatically smaller 

and vary between 0.33 and 1.96 per cent. Consistent with the other performance 

indicators, the effect of combined model/input uncertainty on the coefficients of 

variation of number of trips broken down by the different transportation modes is in-

between the coefficients for model uncertainty only and the corresponding coefficients 

model Input Model+input model Input Model+input model Input Model+input

Total 695 118 406 823 140 497 900 275 584

CarD 699 285 392 814 487 417 900 530 507

Slow 633 284 387 797 316 471 889 498 528

Public 587 270 415 782 416 481 883 463 540

CarP 677 79 424 813 519 504 901 536 534

Work 106 195 313 407 376 385 664 471 807

Business 141 19 286 410 234 533 515 506 604

BrgGet 49 226 243 125 352 278 454 574 497

Shop1 599 46 358 784 448 416 879 523 446

Shopn 265 225 403 307 376 465 519 520 547

Service 451 127 385 723 279 487 847 448 519

Social 520 36 128 697 364 344 826 575 401

Leisure 85 260 291 270 483 380 826 536 415

Tour 465 53 303 620 420 529 877 470 605

Distance 10% different Distance 5% different Distance 2% different

model Input Model+input model Input Model+input model Input Model+input

Total 686 70 285 820 152 384 900 330 394

CarD 694 86 312 820 486 399 898 531 499

Slow 639 284 345 801 299 428 890 428 488

Public 607 183 320 789 334 388 891 378 450

CarP 679 67 289 813 521 386 900 532 401

Work 106 36 82 527 71 297 772 469 707

Business 234 209 86 373 490 286 502 504 401

BrgGet 57 228 87 382 240 184 738 575 247

Shop1 33 227 211 614 430 388 804 492 403

Shopn 267 224 208 429 369 342 533 561 429

Service 275 343 186 299 423 402 693 561 485

Social 415 124 70 612 206 212 792 514 305

Leisure 192 152 78 437 164 199 612 250 344

Tour 46 237 151 588 364 299 883 433 445

Travel time 5% different Travel time 2% differentTravel time 10% different
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for input uncertainty only, but closer to the values of the coefficients for input 

uncertainty. The coefficients of variation range between 1.64 and 2.28 for the 

transportation modes.  

A similar result is obtained for gender, with values fluctuating between 1.42 and 

1.52. Again, the differences between model and input uncertainty as well as model with 

combined are higher for men than for women 

Table 8.15 provides the number of required runs to get a stable distance. It shows 

that in order to obtain a predicted average distance travelled per capita with an 

accuracy of 10% from the final mean, the required number of runs varies between 1 

and 3 for all three types of uncertainty analyses. Increasing accuracy to 5 percent does 

not change the number of required runs under input uncertainty, but for the other two 

types of uncertainty analysis, the required number of runs substantially increases.  

As for the rank order of different uncertainty type in terms of number of required 

runs, all segmented indicators except “Slow”, “Public” and three activities, “Shopn”, 

“Social”, “Leisure” and “Tour” suggest higher required runs under model uncertainty. 

The distance for the listed segmentation needs more runs under combined uncertainty. 

The pattern is similar for the increased accuracy of 2 per cent difference from the final 

average only this time “Slow” mode and Shopping at multiple store will be added to the 

list of segments for which more runs would be required under model uncertainty 

analysis. 

Results of similar analyses, but now for the daily per capita travel time 

performance indicator, are listed in Table 8.16. In this case, for all three sources of 

uncertainty, an accuracy level of 10 per cent difference from the final mean only 

requires a single run. Increasing the accuracy to 5 percent does not have any influence 

on the required number of runs under input uncertainty and increases the needed 

number of runs for some segmentations to 3 runs. The column associated with the 

combined uncertainty analysis, however, suggests a substantial increase. By further 

increasing the accuracy level to 2 percent difference from the final mean, input 

uncertainty again needs the smallest number of runs, varying from 1 to 32. For the 

lowest level of accuracy, all types of uncertainty analysis requires the same number of 

rune, while for increased accuracy to 5 percent, the combined uncertainty analysis 

requires more runs, almost for all indicators. In all segmentations, except Shopping at 

one and multiple stores, service, social, leisure and touring activities more runs are 

required for the highest level of accuracy to gain a stable outcome under model 

uncertainty.   
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Table 8.21  Comparison effects of model, input and combined model/input uncertainty 
on the number of runs required for a stable standard deviation of 
duration for different degrees of accuracy by activity type 

 

Table 8.22  Comparison effects of model, input and combined model/input uncertainty 
on the number of runs required for a stable standard deviation of the 
number of trips for different degrees of accuracy by activity type 

 

Table 8.17 reports the results of the number of runs required to achieve a stable 

average for the duration performance indicator. The pattern is exactly the same as what 

has been reported for travel time. The difference is that for all segmentations except 

leisure activities, duration under model uncertainty for an accuracy level of 2 per cent 

difference from the final mean needs more runs.  

The results of the number of runs required to achieve a certain degree of accuracy 

for the accumulated average number of trips are reported in Table 8.18. As discussed 

before, model uncertainty only, has a high uncertainty. This phenomenon is reflected in 

model Input Model+input model Input Model+input model Input Model+input

Total 704 502 94 825 531 354 903 584 482

CarD ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Slow ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Public ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

CarP ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Work 10 109 5 407 533 210 654 586 424

Business 35 207 18 84 317 189 366 530 285

BrgGet 32 174 125 375 308 204 512 543 256

Shop1 647 89 109 809 169 219 889 407 398

Shopn 63 417 201 744 499 253 879 552 398

Service 110 166 56 618 388 214 823 386 386

Social 672 82 55 820 339 189 900 508 249

Leisure 572 131 26 783 319 85 873 549 274

Tour 520 82 247 755 263 485 882 283 562

Duration 10% different Duration 5% different  Duration 2% different

model Input Model+input model Input Model+input model Input Model+input

Total 728 495 311 835 544 412 907 577 498

CarD 739 156 295 838 289 370 909 501 425

Slow 723 166 287 832 462 349 906 561 403

Public 728 49 335 837 150 404 906 402 515

CarP 726 63 334 835 323 392 907 593 501

Work 786 500 79 864 520 213 917 583 519

Business 710 331 243 809 540 395 894 560 404

BrgGet 752 153 138 845 428 205 910 446 414

Shop1 765 417 129 826 453 224 903 550 158

Shopn 705 233 261 827 318 455 904 457 503

Service 706 259 259 825 308 448 904 456 495

Social 771 325 84 856 421 248 913 459 328

Leisure 773 263 154 857 305 312 913 337 408

Tour 749 171 109 836 366 202 906 451 384

No. of trips 10% different No. of trips 5% different  No. of trips 2% different
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Table 8.18 in the large number of required runs under model uncertainty, also for the 

lowest reported degree of accuracy. Under the two other sources of uncertainty, only a 

single run for the same accuracy is needed for all segmentations. Increasing accuracy 

to 5, respectively 2 per cent, the largest number of runs is needed for model 

uncertainty, followed by combined model/input uncertainty.  

Table 8.19 – 8.22 provide the results of similar analyses, but now related to the 

standard deviation of the performance indicators rather than their average. In general, 

the required number of simulation runs to obtain a stable standard deviation is much 

higher than the number of runs required to obtain a stable average. Consistent with 

earlier findings, the required number of runs systematically increases with increasing 

accuracy. Table 8.19 lists the results for the daily distance travelled per capita indicator.  

The general pattern is that the required number of runs is highest for model 

uncertainty, followed by combined model/input uncertainty. There are, however, some 

exceptions for shopping at multiple stores and leisure activities in the sense that for 

these activity types, combined uncertainty analysis requires more runs. 

The results pertaining to the second performance indicator – daily travel time per 

capita – are presented in Table 8.20. For this particular performance indicator, the 

dominant pattern is that model uncertainty requires the highest number of runs, 

followed by combined model/input uncertainty. This pattern is violated for shopping at a 

single store and touring activities for the lowest level of accuracy (10% difference from 

the final mean) and for service activities at the intermediate level of accuracy.   

The third system-wide performance indicator is the average daily duration of the 

activities. The results for this indicator are presented in Table 8.21. The general pattern 

in this table is the same as those observed in previous tables. However, there are some 

exceptions. Combined model/input uncertainty requires more runs than the other two 

types of uncertainty for shopping at multiple stores and then only for the lowest level of 

accuracy. Input uncertainty turned out to need of higher number of runs in case of all 

activities, and Shopping at a single store, Service, Social and Leisure activities. 

Table 8.22 presents the results of the analysis for the number of trips. In all cases, 

the number of runs required to get a stable standard deviation is the highest for model 

uncertainty. In turn, for most cases, combined model/input uncertainty requires more 

runs than input uncertainty to obtain a stable standard deviation. Depending on the 

level of accuracy, this pattern is violated for some segments, such as “Shop1”, “Shopn”, 

“Social”, and “Touring”.  
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Figure 8.41  CV for destination total in 65 4-digit area of Rotterdam for three sources 
of uncertainty 

The results for the comparison of the uncertainty in destination totals under 

different sources of uncertainty are presented in Figure 8.41. The model uncertainty 

analysis, represented by the green color, obviously stands out in this figure. Although 

the values under input and combined model/input analysis do not differ much, 

uncertainty in destination totals tends to be higher under combined model/input 

uncertainty compared to input uncertainty only.  

To assist in reaching a more detailed conclusion, Figure 8.41 graphs the four 

quartiles of the values of the coefficient of variation for all 65 zones in Rotterdam for 

the three types of uncertainty analysis. All quartiles related to model uncertainty turn 

out to be larger than for the other two sources of uncertainty. Noticeable, however, is 

the diminishing difference between the corresponding quartiles as the quartile 

increases. For instance, the first quartile of the coefficient of variation for model 

uncertainty is more than 4 times higher than the coefficient of variation for the other 

two sources of uncertainty, but this ratio decreases to less than 1.5 for the maximum 

coefficient of variation. This can be explained by previous observations about 

destination totals, reported in the relevant section of chapter 7 and the current chapter. 

It was demonstrated that the zone with the highest CV is the same under all sources of 

uncertainty and that the values of the CV for this zone are not very different from the 

values of the CV for the zones with the minimum and intermediate CV.  It implies that 

the differences are larger across the lower levels of the coefficient of variation, 

confirmed here by the differences between the various percentiles. 
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Figure 8.42  The four percentiles for the coefficient of variation of destination 
totals in 65 4-digit area in Rotterdam for three sources of uncertainty 

 

 

 

Figure 8.43  The four percentiles of the average normalized Levenshtein 
distance for three sources of uncertainty 
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The ultimate comparison is related to the sequence of activity travel patterns. 

Although some comparisons were made before in the related sections of Chapter 7 and 

the current chapter, Figure 8.43 was constructed to illustrate the four quartiles of the 

Levenshtein distance under the three sources of uncertainty. As can also be deducted 

from Figure 8.40b, it shows that the average normalized Levenshtein distance under 

input uncertainty is the lowest. For the first two quartiles, the average normalized 

Levenshtein distance is larger under model uncertainty than under combined 

model/input uncertainty, but this order is reversed for the third quartile and the 

maximum value of the average normalized Levenshtein distance. It means that while 

the combination of the two sources of uncertainty averages their separate effects when 

the normalized Levenshtein distance is less than average, the effect of each source of 

uncertainty is amplified for larger Levenshtein distance values.  

8.5  Conclusions and discussion 

A single model forecast of activity-travel patterns, as commonly given in applied 

transportation planning research, is based on the critical, but difficult to defend 

assumptions that the model is deterministic and/or does not contain any errors, and 

that the data used as input to the forecast are error-free. To be able to better qualify 

the predicted activity-travel patterns and the policy performance indicators that were 

derived from these predicted patterns, it is of the utmost importance to perform a 

combined model/input uncertainty analysis. A systematic search of the literature 

suggests, however, there such an analysis does not seem to exist for any of the 

comprehensive activity-based models of travel demand in general, and certainly not for 

any of the rule-based model systems. 

This chapter has reported the results of such a combined input-model uncertainty 

analysis for the Albatross model system, applied to a 10% fraction of the synthetic 

population of Rotterdam. As explained in Chapter 7, input uncertainty concerned 

uncertain travel times in a part of the transportation network and uncertain employment 

in daily goods retailing statistics, while model uncertainty is reflected in the probabilistic 

nature of the decision tables that make up the Albatross model system. 

Albatross, like any other activity-based model of travel demand, simulates the 

daily activity-travel pattern of each individual included in a randomly selected fraction of 

the synthesized population of the study area. These simulated patterns can be spatially 

and temporarily aggregated in different degrees, and moreover can be subjected to 

different socio-demographic, temporal and spatial segmentation schemes. It goes 
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without saying that the resulting potential number of uncertainty statistics is 

overwhelming and prohibits full, detailed discussion in the context of this thesis. It was 

decided, therefore, to zoom in and focus on particular analyses that vary between 

system-wide performance indicators, describing different aspects of activity-travel 

behavior to individual-level activity-travel sequences and some intermediate 

aggregations (destination totals). 

Input uncertainty concerned uncertain travel times in a main corridor of the 

transportation network and in daily good retailing employment statistics. Their effects 

were examined by using Monte Carlo draws to create realizations of the probability 

distributions representing this input uncertainty. These realizations then serve as input 

for the Albatross model system. Different simulation runs were conducted to add model 

uncertainty to sets of realizations of the uncertain input data. Uncertainty in the 

simulated activity-travel patterns and relevant model outcomes was characterized in 

terms of coefficients of variation. 

The absolute size of the uncertainty resulting from input and model uncertainty for 

specific model outcomes is important, as is the evolution of uncertainty as a function of 

the number of simulation runs. In addition, it is interesting to see whether input 

uncertainty and model uncertainty add up or whether some compensatory effects can 

be observed. 

Based on the outcomes, reported in this chapter, some interesting conclusions can 

be drawn. First, in most cases, the degree of uncertainty in the four selected system-

wide performance indicators under combined model/input uncertainty is in between the 

uncertainty under model uncertainty and the uncertainty under input uncertainty, where 

the latter has a higher weight. However, in some cases, the effects of these two 

sources of uncertainty accumulate, while in some other cases the effects of combined 

model/input uncertainty are smaller than the effects of each of these two sources of 

uncertainty separately. 

Second, distance has the highest overall uncertainty, followed by number of trips 

or travel time, depending on the type of segmentation. Uncertainty in performance 

indicators is higher for females than males. 

Third, the degree of uncertainty does not follow a clear pattern with an increasing 

number of runs and in most cases no major fluctuations are observed. 

Fourth, results demonstrate that only a single run is required to achieve a stable 

mean for all performance indicators within a 10 per cent difference from the final mean. 

If a higher degree of accuracy is aimed for, a higher number of runs is required, 
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particularly for the flexible activities. More runs are required for stable standard 

deviations of the performance indicators.  

Fifth, when uncertainty is assessed at the level of OD-matrices and destination 

totals, the distribution of the coefficient of variation, based on combined model/input 

uncertainty, is very similar to the spatial distribution of the coefficient of variation of the 

destination totals for the case of input uncertainty only, illustrating the relative 

importance of this source of uncertainty.  

To complete this chapter, it is needless to say that these conclusions are restricted 

to the set up of and the operational decisions with respect to the degree and nature of 

input uncertainty in only some links of the transportation network and daily goods 

retailing employment underlying this study. One of these decisions was the choice of 

the 10% fraction of the synthetic population. In the next chapter, we will focus our 

attention to the impact of larger fractions on the uncertainty of the various outcomes of 

the Albatross. 
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9                 

Effects of Population Fraction 
 

 

 

 

9.1  Introduction 

As explained in Chapter 2, the current generation of activity-based models of 

transportation demand forecasting is based on micro or agent-based simulation 

approaches. These models simulate or predict the effects of policy scenarios by applying 

(sets of) equations to predict particular facets of activity-travel patterns. Because the 

underlying utility functions are stochastic, the simulations involve Monte Carlo draws to 

create realizations of the utility function. In case of the Albatross model system, which 

is not based on stochastic utility functions but on probabilistic decision heuristics, the 

simulation is based on an underlying scheduling process model, that is depicted in 

terms of a sequence of 27 probabilistic decision tables. This sequence dictates the order 

in which decisions regarding different choice facets are made. 

This simulation process requires the socio-economic profiles of individuals and 

households, their home location and some other personal characteristics as input. 

Because, in general, such data are not available, a synthetic population is created. As 

explained in Chapter 4, a dominant approach to create a synthetic population is to 

iteratively adjust the cells of a multidimensional table, keeping in tact the correlations 

found in the sample, until the marginal distributions of this table are satisfied. One then 

has created a synthetic population whose correlations between socio-economic variables 

are consistent with those found in the sample, while their marginal distributions are 

consistent with known data. In the present study, population data from Rotterdam 

defines the marginal distributions, while the correlations were based on the Dutch 

National Travel Survey (MON). 
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Although in principle, there is no reason not to use the full synthetic population for 

predicting travel demand, if the study area becomes big, the population is large and 

therefore computing times will also be very high. A single simulation run of the activity-

based model of travel demand may then take at least several hours of computing time. 

In practice, therefore, the application of these activity-based models of travel demand is 

commonly based on a fraction of the synthetic population. The use of a fraction, 

however, means that population forecasts of travel demand are only predicted within 

some error bounds, the width of which depends on the size of the sample fraction. 

Moreover, the use of a small fraction may imply that the Monte Carlo draws will not fully 

capture the distributional properties of the variable of interest. Using a small fraction 

implies a gain in computation times; adopting a larger fraction means that the results of 

the uncertainty analysis become more robust, while coefficients of variation would be 

expected to decline. 

Unfortunately, very little is known in transportation research about the impact of 

sample fraction size on model uncertainty in complex travel demand forecasting models 

in general and activity-based models of travel demand in particular. This issue has very 

rarely been investigated in travel behavior research. A systematic research of the 

relevant literature only produced a single conference paper that addressed the issue. 

Kwak et al. (2012) conducted a study on the effects of model uncertainty in an activity-

based model on traffic flow forecasts in a dynamic assignment model. As a 

consequence of the micro-simulation approach, the output of an activity-based model 

consists of as many predicted activity-travel patterns, as there are individuals in the 

chosen fraction of the synthetic population. To support a macroscopic approach in 

dynamic traffic assignment, the patterns were processed to derive aggregated trip 

matrices for different times of the day. The temporal dimension assumes time slices of 

sufficiently short duration to meet the requirements of dynamic traffic modeling. The 

model simulation error that results may imply that predictions are not sufficiently 

reliable at this level of temporal resolution. Simulation error may lead to substantial 

uncertainty in predictions of traffic flows. The non-linear behavior of dynamic traffic 

assignment algorithms implies that small changes in conditions may have large effects. 

The authors investigated the relationship between predictions of traffic flows and 

the size of the fraction of the synthetic population, running Albatross for 25%, 50% and 

100% fractions of the population in a region in the Netherlands, combined with a 2% 

fraction of population outside the study area, and the combination of the full synthetic 

population of the study area, combined with a 4% fraction of the external population.  
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Their findings indicated that at levels of traffic flows, differences were mostly less 

than 1%, indicating that predicted traffic flows at this aggregated level are rather 

robust for choice of fraction size in the range they varied in their analysis. At the level of 

road segments, however, results of an analysis of error variance indicated that error 

was larger on roads and time slices with smaller traffic flows. Local roads were more 

sensitive to fraction size of the external population, whereas highways were found to be 

more sensitive to the fraction size of the internal population. Their case study showed 

simulation error rates on links ranging from 3 to 8% for highways and from 5 to 15% 

for local roads when 100% of the internal population and 2% of the external population 

was simulated (1.8 million agents inside and 0.2 million agents outside the study area). 

They concluded that multiple runs of the travel demand model are required. 

Although the findings of this study are indicative of the expected effects of fraction 

size, the study examined a specific range in fraction size and was only concerned with 

traffic flows as predicted by the dynamic assignment algorithm. Thus, there still is a 

major void in empirical knowledge about the effects of fraction size on different types of 

uncertainty in the spectrum of outcomes/performance indicators of activity-based 

models in general and also specifically with respect to the Albatross model demand 

forecasting system. 

Thus, to shed light on the effect of fraction size on the degree of uncertainty, this 

chapter reports the findings of a study, which systematically varied the fraction size of 

the synthetic population of Rotterdam between 10% and 50% and traced its impact on 

the uncertainty of various outcomes of the Albatross model system. These analyses 

were conducted for model uncertainty only, input uncertainty only and for the case of 

combined model/input uncertainty. The chapter is organized accordingly. 

Within each section, related to a specific source of uncertainty, first the results of 

the selected four system-wide indicators will be reported, overall and based on the 

segments that were used in previous chapters. This is followed by the results for the O-

D matrices with a special focus on the destination totals. 

9.2  Approach 

The effects of fraction size on the uncertainty of various outcomes of the Albatross 

model system were investigated by applying exactly the same approach for the analysis 

of model uncertainty for the 10% fraction of the synthetic population of Rotterdam, as 

outlined in Chapter 6.2, to the 30% and 50% fraction as well. Simulations were 

conducted in a non-accumulative manner. Thus, it involved the following procedure: 
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1.  Draw a random sample s = , , …	 ,  of fraction size 	from the synthetic 

population; 

2. Obtain for each sampled individual s, the configuration of K input variables 

, , … , . 

3. Run for each sampled individual the agent-based model  times to obtain a 

stable estimates of the considered performance indicators s  and their 

standard deviations; 

4.  Calculate the coefficient of variation and its confidence intervals for each 

performance indicator across the sample. 

Because we aim at examining the effects of fraction size on the degree of uncertainty, 

the analyses are based on randomly selected 10%, 30% and 50% fractions of the 

synthetic population of Rotterdam. Noticing the earlier finding that a larger fraction 

produced less uncertain outcomes, to reduce the number of redundant computer runs 

the following parameter setting were applied:  = 1000 for the 10% fraction, 	= 

600 for the 30% fraction, and  =500 for the 50% fraction. For each sampled 

individual of a fraction, the Albatross model was run 	times, based on Monte Carlo 

draws of the action state of the sequence of 27 probabilistic decision tables, defining 

the model.  

These model runs will give different simulated activity-travel patterns. These 

differences provide the basis for calculating uncertainty of summary measures of the 

simulated patterns for the relevant sample fraction and for specific segments, identified 

according to activity types, transportation modes and gender. Running the model 

multiple times for different fraction sizes of the synthetic population allows examining 

the effects of fraction size and the number of runs on the uncertainty of the various 

model outputs. Again, the coefficient of variation was used to measure the degree of 

uncertainty.  

9.3  Analysis and results for model uncertainty 

The first analyses on the impact of increasing the fraction size of the synthetic 

population concern the uncertainty in the four selected system-wide performance 

indicators produced by the Albatross demand forecasting system for different number of 

runs. Figures 9.1 – 9.9 display the results for the activity types that were used to 

differentiate the activity part of the activity-travel schedules.  
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Figure 9.1  Sample fraction size and CV for performance indicators                     
(model uncertainty - work)  

 

 

Figure 9.2  Sample fraction size and CV for performance indicators            
(model uncertainty - business) 
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Figure 9.3  Sample fraction size and CV for performance indicators 

(model uncertainty - bring/get activities) 

Although the absolute value of the coefficient of variation differs between the four 

performance indicators, Figure 9.1 shows that in case of work an increase in sample 

size fraction from 10 to 30 per cent more or less decreases uncertainty in the 

performance indicator by half, and even more in case of the predicted number of trips. 

A further increase in the sample fraction size further reduces the uncertainty in the 

performance indicators, but less. Thus, for work-related performance indicators, 

uncertainty decreases at a decreasing rate with increasing fraction size. Interestingly, 

where uncertainty in some indicators may increase with an increasing number of model 

runs for the 10% sample fraction, for increasing fraction size, uncertainty appears to 

reduce systematically with an increasing number of model runs. 

The results for business activities, illustrated in Figure 9.2, show a very similar 

pattern, although the magnitude of the decrease in uncertainty is less, but still 

substantial. It shows that an increase in sample size fraction from 10 to 30 per cent 

decreases uncertainty in the performance indicators by around 30 per cent, and even 

more in case of the predicted number of trips. Using a 50% fraction as opposed to a 

30% fraction further decreases the uncertainty in the four selected performance 

indicators, but this reduction is significantly smaller. Thus, similar to work, the 

uncertainty in the four system-wide performance indicators for business activities 

decreases at decreasing rates with increasing fraction size. Unlike the case of distance, 
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where uncertainty in the indicators decreased more or less monotonically with an 

increasing number of model runs for the 30% and 50% fraction of the synthetic 

population, this monotonicity does not completely hold for travel time, although overall 

uncertainty appears to reduce with an increasing number of model runs.  

Figure 9.3 provides the results for bring/get activities. Again, a similar pattern can 

be observed. The uncertainty in all four system-wide performance indicators (daily 

average kilometer travelled, daily average time travelled, daily average duration of 

activities and daily average number of trips) for bring/get activities decreases at 

decreasing rates with increasing fraction size. For the 30% fraction, the uncertainty in 

the duration performance indicator is still increasing with an increasing number of 

model runs. All selected performance indicators more or less monotonically decrease or 

are stable with an increasing number of model runs for the 50% fraction of the 

synthetic population. 

Figure 9.4 portrays the results for shopping at single stores. The overall pattern in 

these results is similar to the patterns obtained for the activity types, reported above. 

The uncertainty in daily average kilometer travelled, daily average time travelled, daily 

average duration of activities and daily average number of trips for shopping at a single 

store decreases at decreasing rates with increasing fraction size.  

 

 Figure 9.4  Sample fraction size and CV for performance indicators        
(model uncertainty - shopping at a single store) 
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Figure 9.5  Sample fraction size and CV for performance indicators                  
(model uncertainty - shopping at a multiple stores) 

 

 

Figure 9.6  Sample fraction size and CV for performance indicators                 
(model uncertainty - service activities) 
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A difference with the previous activity types, however, is the reduction in 

uncertainty seems to have almost reached it maximum for the 30% fraction, the 

uncertainty in the performance indicators is hardly further decreasing for the 50% 

fraction of the synthetic population. Moreover, the uncertainty in the selected four 

performance indicators seems stable across an increasing number of model runs for the 

30% and 50% fractions.  

Figure 9.5 provides the results for shopping at multiple stores. The general pattern 

in the results, at least in a relative manner, is similar to those reported for the other 

activity types thus far. The uncertainty in all four performance indicators decreases at 

decreasing rates with increasing fraction size. Particularly, the reduction in uncertainty is 

high for the number of trips performance indicator. All indicators are stable and low 

from 30% fraction of the synthetic population onwards. For this fraction, the travel time 

indicator still needs a relatively high number of model runs to stabilize. At the 50% 

fraction of the synthetic population, all selected performance indicators are more or less 

stable with an increasing number of model runs.  

Figure 9.6 portrays the results for service activities. The overall pattern in these 

results is similar to the patterns obtained for the other activity types, and shows 

substantial agreement with the results of shopping at single stores. The uncertainty in 

daily average kilometer travelled, daily average time travelled, daily average duration of 

activities and daily average number of trips for service activities decreases at decreasing 

rates with increasing fraction size. From a 30% sample fraction onwards, the 

uncertainty is around 1 per cent or lower. Moreover, the uncertainty in the selected four 

performance indicators seems stable across an increasing number of model runs for the 

30% and 50% fractions. The coefficient of variation is hardly influenced the number of 

model runs for these fractions of the synthetic population.  

The results for social activities can be found in Figure 9.7. As with the other 

activity types, the uncertainty in daily average kilometer travelled, daily average time 

travelled, daily average duration of activities and daily average number of trips for social 

activities decreases at decreasing rates with increasing fraction size. From a 30% 

sample fraction onwards, the uncertainty drops to 1 per cent or lower. In case of 

distance and travel time, the figure still shows some minor fluctuations as a function of 

the number of model runs, but these fluctuations are small.  

Next are the results for the leisure activities, shown in Figure 9.8. Again, the 

uncertainty in the four selected performance indicators significantly drops if the fraction 

of the synthetic population in increased from 10% to 30%. Unlike the uncertainty in the 
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performance indicators of some other activity types, which stabilized at this level, for 

leisure activities there is evidence of a further reduction in uncertainty, particularly for 

distance and travel time. At a fraction size of 50%, uncertainty in all performance 

indicators has dropped to below 0.8 per cent, and has become more or less stable. 

 

Figure 9.7  Sample fraction size and CV for performance indicators                  
(model uncertainty - social activities) 

 

Figure 9.8  Sample fraction size and CV for performance indicators                  
(model uncertainty - leisure activities) 
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9  

Figure 9.9  Sample fraction size and CV for performance indicators                  
(model uncertainty - touring) 

The results of touring, are displayed in Figure 9.9. The results do not deviate 

much from those reported for other activity types. The uncertainty in the four system-

wide performance indicators (distance, travel time, duration and number of trips) 

rapidly drops with increasing fraction size. If the fraction is 50% of the synthetic 

population, uncertainty in the performance indicators is around 1 per cent, as measured 

by the coefficient of variation. At this level, the uncertainty in duration and number of 

trips do not show any sign of further reduction with an increasing number of model 

runs, whereas the uncertainty seems to still slowly reduce with an increasing number of 

model runs for the other two performance indicators: distance and travel time. 

Having discussed the effects of sample fraction size on the uncertainty of the four 

selected system-wide performance indicator for the nine activity types, we move on to 

discuss the effects of sample fraction size for the uncertainty in the same set of 

performance indicators, except duration, for transportation modes. Because the number 

of observations by transportation mode tends to be higher than by activity types, we 

expect the coefficients of variations to be lower. Figures 9.10 to 9.13 show the results. 

The effect of sample fraction on car drivers is shown in Figure 9.10. It shows that 

the uncertainty drops to low uncertainty values of around 0.5 per cent for all three 

performance indicators for sample fractions of 30% and 50%. For these fraction sizes, 

the uncertainty measured by the coefficient of variation does not show any major 

fluctuations as a function of the number of model runs. 
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Figure 9.10  Sample fraction size and CV for performance indicators                   
(model uncertainty - car drivers) 

 

 

Figure 9.11  Sample fraction size and CV for performance indicators                
(model uncertainty - slow modes) 
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Figure 9.12  Sample fraction size and CV for performance indicators                  
(model uncertainty - public transportation) 

Figure 9.11 shows these results for slow modes. Similar to the results found for 

car drivers, the figure clearly demonstrates that the uncertainty drops to low uncertainty 

values for all three performance indicators for increasing sample fractions of 30% and 

50%. The uncertainty in travel times and distance is further reduced with an increased 

fraction from 30% to 50%, whereas the number of trips already seems to have 

stabilized at a very low value for the 30% fraction. The coefficient of variation for these 

sample fractions is stable. 

The next transportation mode is public transportation. Its results are graphed in 

Figure 9.12. In this case, increasing sample fraction size has the same effect of 

dramatically reducing the uncertainty in the three selected performance indicators. The 

increase from the 10% to the 30% fraction already causes this reduction and 

subsequently increases in the sample fraction do not lead to any further significant 

reduction of uncertainty of the performance indicators. Uncertainty is low between 0.5 

and 1 for these indicators. The influence of the number of model runs is small. 

The effects of sample fraction size for the final transportation mode category - car 

passengers – are visualized in Figure 9.13. It shows that the uncertainty drops to low 

uncertainty values for all three performance indicators for sample fractions of 30% and 

50%. For these fraction sizes, the uncertainty measured by the coefficient of variation 

does not show any major fluctuation as a function of the number of model runs. 
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Figure 9.13  Sample fraction size and CV for performance indicators                   
(model uncertainty - car passengers) 

 

 

Figure 9.14  Sample fraction size and CV for performance indicators                   
(model uncertainty - males) 
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Figure 9.15  Sample fraction size and CV for performance indicators                   
(model uncertainty - females) 

The final analyses of this kind are concerned with a breakdown of the total sets of 

forecasted activity-travel patterns by gender. The results are shown in Figures 9.14 and 

9.15 for respectively men and women. The two figures are very similar. Both evidence 

that the uncertainty in the model performance indicators is substantial improved if the 

sample fraction is increased from 10% to 30% of the synthetic population of 

Rotterdam. A further increase to 50% does not have a significant additional effect.  

 

Convergence rates 

A standard component of the uncertainty analysis conducted in this thesis has been the 

number of model/simulation runs required to obtain stable averages and standard 

deviations of the performance indicators. Stable, in this context, has been defined in 

terms of percentage difference of the accumulated mean, respectively standard 

deviation, and the final means/standard deviation when all the simulation runs have 

been conducted.  

 The question regarding the effect of sampling fraction equally applies to this 

analysis. In applied research, to be sure that policy effects are discriminated from 

uncertainty, the number of simulation runs is increased until a stable outcome is 

obtained. It may be that this number is smaller if a larger fraction size is used. This 

section reports the results of analyses addressing this empirical question. 
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Table 9.1  Required number of runs to obtain an average distance with a certain   
accuracy for different sample fractions (model uncertainty) 

 

Table 9.2  Required number of runs to obtain an average travel time with a certain     
accuracy for different sample fractions (model uncertainty) 

 

Table 9.3  Required number of runs to obtain an average duration with a certain   
accuracy for different sample fractions (model uncertainty) 

 

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 3 1 3 330 1 1 575 1 1

CarD 3 1 1 265 1 1 485 1 1

Slow 1 1 1 3 1 1 340 1 1

Public 3 1 1 60 1 1 325 1 1

CarP 3 1 1 335 1 1 575 1 1

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 1 5 1 1

BrgGet 1 1 1 1 1 1 5 3 1

Shop1 3 1 1 285 1 1 510 1 1

Shopn 3 1 5 145 1 1 450 1 1

Service 3 1 1 270 1 1 460 1 1

Social 1 1 1 3 1 1 60 1 1

Leisure 1 1 1 1 1 1 5 1 1

Tour 1 1 3 1 1 1 285 1 2

Distance 10% different Distance 5% different Distance 2% different

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 1 1 1 3 1 1 395 1 1

CarD 1 1 1 3 1 1 400 1 1

Slow 1 1 1 3 1 1 290 1 1

Public 1 1 1 3 1 1 345 1 1

CarP 3 1 1 3 1 1 480 1 1

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 1 1 3 1

BrgGet 1 1 1 1 1 1 3 1 1

Shop1 1 1 1 3 1 1 115 1 1

Shopn 1 1 1 3 1 1 115 1 1

Service 1 1 1 1 1 1 5 1 1

Social 1 1 1 1 1 1 5 1 1

Leisure 1 1 1 1 1 1 1 1 1

Tour 1 1 1 1 1 1 5 1 1

Travel time 5% different Travel time 2% differentTravel time 10% different

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 2 1 1 326 1 1 568 1 1

CarD ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Slow ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Public ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

CarP ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 1 1 1 1

BrgGet 1 1 1 1 1 1 1 1 1

Shop1 1 1 1 3 1 1 320 1 1

Shopn 1 1 1 3 1 1 350 1 1

Service 1 1 1 3 1 1 370 1 1

Social 1 1 1 1 1 1 270 1 1

Leisure 1 1 1 1 1 1 3 1 1

Tour 1 1 1 134 1 1 425 1 1

Duration 10% different Duration 5% different  Duration 2% different
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 Table 9.1 gives an overview of the number of runs required to obtain a stable 

accumulated average for the average daily kilometers travelled per capita (distance) 

performance indicator for different sample fractions. In addition to total distance, the 

table also lists the number of runs required for the classification of activity types and 

transportation modes. It clearly demonstrates that the number of required runs 

substantially reduces with increasing sample fraction. At the 10% accuracy, the number 

of required runs is small. Yet, it becomes smaller with increasing sample fraction. This is 

not always true as shown for shopping at multiple stores and touring. For most activity 

types, the average distance of the first run is already within 10% of the final average 

distance for the higher sample fractions. The table, however, also shows that for the 

10% fraction a considerable higher number of runs is required.  

Table 9.2 provides the results of the number of runs required to obtain a stable 

accumulated average for the average daily travel time per capita (travel time) 

performance indicator for different sample fractions. As in the previous table, it lists 

both the results for the total travel time and the number of runs required for each 

activity type and transportation mode. The pattern of results is very similar to the 

results found for distance. The number of required runs is substantially reduced with 

increasing sample fraction. Different from distance, a smaller number of runs is already 

required at smaller sample fractions. Only a single run is required for all activity types, 

except business, for the 30% and 50% sample fractions. A total of three simulation 

runs is required to obtain an average for the travel time related to business activities 

that differs not more than 5 per cent from the final average travel time for business 

activities for the 30% sample fraction. 

Table 9.3 lists the findings of the analyses for the duration performance indicator 

for varying sample fractions. As in the previous tables, both the findings for duration 

across all activities and the findings, broken down by activity type and transportation 

mode, are listed. Again, the trends in these findings are very similar to the results found 

for the daily distance travelled per capita and daily travel time per capita performance 

indicators. Increasing the sample fraction from 10% to 50% substantially reduces the 

number of simulation runs required to derive stable average durations for the various 

activity types. Only a 10% sample fraction sometimes requires a larger number of 

simulation runs, particularly for touring at the 5 per cent accuracy. Interestingly, the 

required number of runs at this level of accuracy is also higher for the total. For a 

fraction of 30% or higher, the results indicate that just a single run is required to obtain 

stable activity durations, even if the accuracy is just 2 per cent.   
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Table 9.4  Required number of runs to obtain an average number of trips with a 
certain accuracy for different sample fractions (model uncertainty) 

 

Table 9.5  Required number of runs to obtain a standard deviation of distance with a 
certain accuracy for different sample fractions (model uncertainty) 

 

Table 9.6  Required number of runs to obtain a standard deviation of travel time with a 
certain accuracy for different sample fractions (model uncertainty) 

 

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 260 1 1 410 1 1 670 1 1

CarD 3 1 1 300 1 1 545 1 1

Slow 320 1 1 500 1 1 740 1 1

Public 110 1 1 365 1 1 620 1 1

CarP 250 1 1 405 1 1 660 2 1

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 1 1 1 1

BrgGet 1 1 1 1 1 1 2 1 1

Shop1 715 1 1 820 1 1 900 1 1

Shopn 700 1 1 810 1 1 895 1 1

Service 710 1 1 820 1 1 895 1 1

Social 1 1 1 1 1 1 1 1 1

Leisure 1 1 1 1 1 1 1 2 1

Tour 1 1 1 1 1 1 1 1 1

No. of trips 10% different No. of trips 5% different  No. of trips 2% different

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 695 45 183 823 61 232 900 303 342

CarD 699 23 175 814 121 248 900 658 283

Slow 633 133 5 797 344 176 889 523 225

Public 587 86 108 782 139 118 883 342 410

CarP 677 111 100 813 186 208 901 470 273

Work 106 41 112 407 144 209 664 695 250

Business 141 16 18 410 203 40 515 400 461

BrgGet 49 96 47 125 127 344 454 356 397

Shop1 599 62 33 784 66 115 879 512 393

Shopn 265 83 67 307 195 232 519 378 357

Service 451 54 52 723 132 190 847 306 384

Social 520 14 2 697 181 200 826 313 238

Leisure 85 124 130 270 151 173 826 351 230

Tour 465 69 101 620 169 160 877 262 334

Distance 10% different Distance 5% different Distance 2% different

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 686 67 31 820 222 60 900 259 309

CarD 694 23 169 820 124 225 898 462 283

Slow 639 131 23 801 298 213 890 491 229

Public 607 77 106 789 271 118 891 315 305

CarP 679 141 112 813 182 205 900 470 243

Work 106 153 94 527 425 196 772 520 266

Business 234 50 82 373 127 85 502 182 212

BrgGet 57 81 24 382 99 117 738 611 439

Shop1 33 79 16 614 175 106 804 696 290

Shopn 267 201 30 429 322 104 533 573 239

Service 275 34 35 299 48 87 693 159 462

Social 415 169 66 612 334 179 792 558 283

Leisure 192 157 20 437 193 197 612 346 457

Tour 46 193 90 588 264 185 883 412 413

Travel time 5% different Travel time 2% differentTravel time 10% different
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Table 9.7  Required number of runs to obtain a standard deviation of duration with a  
certain accuracy for different sample fractions (model uncertainty) 

 

Table 9.8  Required number of runs to obtain a standard deviation of number of trips 
with a certain accuracy for different sample fractions (model uncertainty) 

 

Table 9.4 shows the findings of the analyses for the number of trips performance 

indicator for the 10%, 30% and 50% sample fractions. It gives the results for the 

overall number of trips, and for the number of trips for each of the distinguished activity 

types and the classification of transportation modes. As we noticed in Chapter 6, the 

number of runs required for a stable average daily number of trips per capita for the 10 

per cent fraction is quite high. However, if the sample fraction is increased to 30 per 

cent, the number of required simulation runs dramatically drops to a single run. The 

only exceptions are the number of required for car passengers and for leisure for the 30 

per cent fraction and the 2 per cent accuracy: two simulation runs are required in these 

two cases.  

Having analyzed the differences in the number of required simulation runs to 

obtain stable average performance indicators, the next series of tables shows the 

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 704 30 49 825 94 110 903 602 199

CarD ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Slow ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Public ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

CarP ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Work 10 27 109 407 68 156 654 647 305

Business 35 110 26 84 142 74 366 545 346

BrgGet 32 24 113 375 318 132 512 611 389

Shop1 647 16 124 809 147 270 889 419 451

Shopn 63 7 55 744 24 101 879 529 459

Service 110 6 27 618 312 329 823 650 384

Social 672 71 15 820 229 314 900 279 355

Leisure 572 84 171 783 214 301 873 337 454

Tour 520 111 20 755 184 74 882 621 379

Duration 10% different Duration 5% different  Duration 2% different

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 728 30 48 835 93 103 907 601 244

CarD 739 45 53 838 182 281 909 687 337

Slow 723 135 47 832 226 53 906 356 432

Public 728 3 34 837 59 37 906 152 350

CarP 726 138 21 835 497 81 907 614 289

Work 786 72 15 864 166 138 917 401 245

Business 710 47 35 809 85 127 894 305 153

BrgGet 752 60 35 845 284 77 910 435 317

Shop1 765 41 25 826 267 73 903 755 292

Shopn 705 115 40 827 138 61 904 322 360

Service 706 37 34 825 95 38 904 386 277

Social 771 64 29 856 161 94 913 681 215

Leisure 773 47 74 857 53 161 913 160 355

Tour 749 48 49 836 53 147 906 387 340

No. of trips 10% different No. of trips 5% different  No. of trips 2% different
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results for obtaining stable standard deviations. In Chapter 6, we found for the 10% 

sample fraction that the number of required simulation runs was substantially higher to 

obtain a stable standard deviation as opposed to a stable average. Table 9.5 shows that 

if the sample fraction is increased from 10% to 30% the number of simulation runs 

required to obtain a stable standard deviation for distance is substantially reduced. 

However, no further reduction is necessarily obtained if the fraction is increased from 

30% to 50%. The table shows that for each of the three sample fractions, the number 

of required runs increases for each indicator with increased accuracy. However, for any 

given level of accuracy, a higher sample fraction is not necessarily related with a smaller 

number of runs required to achieve a stable standard deviation. 

Table 9.6 provides the results for the daily travel time performance indicator, 

again for the total and the breakdowns by activity type and transportation mode. The 

same patterns as observed for distance can be mentioned. The number of simulation 

runs required for calculating a stable standard deviation is higher than the number of 

simulation runs for a stable average. Moreover, the number of required simulation runs 

increases with increasing accuracy. Furthermore, at any given level of accuracy, a larger 

sample fraction does not necessarily lead to a smaller number of simulation runs 

required to obtain a stable standard deviation. 

Table 9.7 similarly documents the findings for the duration indicator. For all 

fractions of the population, the number of runs required to calculate a stable standard 

deviation for duration increases with increasing accuracy. Interestingly, for most 

indicators, the reduction in the number of required runs is highest for the shift from a 

10% to a 30% fraction and the lowest level of accuracy. Although the general tendency 

of a reduction in the number of required simulation runs is still observable for the lower 

degrees of accuracies, the differences tend to become smaller. 

The final table expressing the number of simulation runs required to obtain a 

stable standard deviation for a performance indicator under model uncertainty for 

varying sample fraction is Table 9.8. It relates to the daily number of trips per capita. 

Compared to the other performance indicators, the results show a little more regularity. 

As before, for all sample fractions, more simulation runs are required for increased 

accuracy, as one would expect. However, for this indicator, the effect of increased 

sample fraction is clearer. In case of a 10% fraction of the synthetic population, fewer 

simulation runs are required for a higher sample fraction, except for total, car driver, 

public transportation, leisure and touring. For the 5% accuracy, a similar tendency is 

observed, although the number of simulation runs is not smaller for the 50% fraction 
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and public transportation, but higher for business The results for the 2% accuracy 

shows that fewer runs are required for the 50% fraction, compared to the 30% fraction, 

for all activity types except leisure and shopping at multiple stores. A similar tendency is 

observed for transportation modes, except for slow mode and public transportation. 

9.4  Analysis and results for input uncertainty 

The next analyses on the impact of increasing fraction size concern the uncertainty in 

the four system-wide performance indicators produced by Albatross for the case of 

input uncertainty. Figures 9.16 – 9.24 display the results for the nine activity types that 

are in the Albatross model system to differentiate between activities. It should be 

emphasized that the effects of input uncertainty are confined to only two variables 

entering the model system: number of employees in daily goods retailing, and travel on 

a set of links defining a major corridor of the transportation network of Rotterdam. 

While the first source of input uncertainty may thus affect all individuals, the travel time 

uncertainty varied in the analysis will not affect all individuals. 

The effects of input uncertainty on the four selected performance indicators for 

work activities are shown in Figure 9.16. Uncertainty in the performance indicators, 

measured in terms of the coefficient of variation, decreases at a decreasing rate with 

increased sample fraction size. After 200 model runs, the effects of input uncertainty for 

duration and number of trips are the same for the 30% and the 50% fraction. The 

figure also shows that there are still some fluctuations in the uncertainty of the 

performance indicators as a function of the number of model runs for the larger sample 

fractions, except for distance, which makes sense because work represents a fixed 

activity, and the only effects possible would be the larger travel times if people would 

choose a lengthier route.  

All other performance indictors tend to become more or less stable after 200-300 

runs. In general, fluctuations in the coefficient of variation as a function of the number 

of model runs tend to become smaller for increasing fraction size. 

Figure 9.17 provides the results for business activities. Uncertainty in the daily 

average travel distance, travel time, duration of business activities and the average 

daily number of business trips are all systematically smaller when the fraction size is 

increased from 10% to 50%. At each sample fraction level, the coefficient of variation 

still shows relatively substantial fluctuations as a function of the number of model runs, 

which in this case depict the distribution of the input uncertainty. 
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Figure 9.16  Sample fraction size and CV for performance indicators                     
(input uncertainty - work) 

 

Figure 9.17  Sample fraction size and CV for performance indicators                     
(input uncertainty - business)  
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When the sample size fraction is 30%, the coefficient of variation tends to 

decrease after 200 model runs to depict the distribution of input uncertainty for the 

distance, and duration performance indicators. The trend also start at 100 runs for the 

travel time indicator, but at least 300 runs seem needed for the number of trips 

performance indicator. In case of the 50% fraction, fluctuations in the coefficient of 

variation tend to be less and after 200 runs to depict the distribution of input 

uncertainty. The coefficients representing the uncertainty in the performance indicators 

tend to become relatively stable.  

Figure 9.18 presents the results of the input uncertainty analysis for bring/get 

activities. In general, this is a difficult activity to predict because on the one hand it is 

more or less fixed in time and space, but on the other hand it is also of short duration. 

These properties were already reflected in the results for the 10% fraction, which 

showed that the coefficient of variation increases with an increasing number of model 

runs to depict input uncertainty for distance and travel time. 

Examining the results for the distance performance indicator, results shows that 

the uncertainty in the daily average travel distance for bring/get activities is significantly 

lower for the 30% and 50% fractions than the 10% fraction. Fluctuations in the 

corresponding coefficient of variation are also smaller. For the 50% fraction, the 

coefficient of variation still slowly increases with an increasing number of model runs. 

The results for the 30% and 50% fractions seem to converge after 600 model runs at a 

coefficient of variation of 1.5 percent. A similar, but magnified, set of results can be 

observed for the daily average travel time for bring/get trips. The results for the 30% 

and 50% fractions seem to converge after 600 model runs at a coefficient of variation 

of 0.8 percent.  

The tendencies observed in the daily average duration of bring/get activities and 

the average daily number of bring/get trips differ from the other two performance 

indicators. The case of the 10% fraction already led to the findings of increasingly lower 

uncertainty with an increasing number of Monte Carlo draws that would better depict 

the uncertainty. An increased sample fraction leads to a reduction of uncertainty at a 

decreasing rate. Fluctuations in the coefficient of variation are relatively small and seem 

to stabilize after 300 runs for the duration of bring/get activities and after 200 runs for 

the number of bring/get trips. 

As indicated, the manipulations of input uncertainty focused on the uncertainty in 

the input of the employment in daily goods retailing and travel times in a main corridor 

of the transportation network. Hence, the results of input uncertainty on the 
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performance indicators pertaining to the two shopping activity categories are of 

particular interest. Figure 9.19 displays the results of the input uncertainty analysis for 

shopping at a single store. It shows that uncertainty generally decreases at a 

decreasing rate with increasing sample fraction. Differences can, however, be observed 

for the different performance indicators.  

Examining the results for the distance performance indicator, results shows that 

the uncertainty in the daily average travel distance for shopping at a single store is 

significantly lower for the 30% and 50% fractions than the 10% fraction. For the 50% 

fraction, the coefficient of variation tends to stabilize just above 1.5 per cent after 300 

model runs. In contrast, the coefficient of variation of daily average travel time for 

shopping at a single store seems to converge for both the 30% and 50% fraction 

around 400 model runs at 0.8 per cent.  

The tendencies observed in the daily average duration of shopping at a single 

store and the average daily number of shopping at a single store trip indicate the extra 

reduction between the 30% and 50% fractions and the fact that the coefficient of 

variation first tends to increase with an increasing number of runs, before it flattens out 

and stabilizes around 0.4 per cent of uncertainty. 

 

  

Figure 9.18  Sample fraction size and CV for performance indicators                     
(input uncertainty – bring/get activities)  
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 Figure 9.19  Sample fraction size and CV for performance indicators                     
(input uncertainty – shopping at a single store)  

 

Figure 9.20  Sample fraction size and CV for performance indicators                     
(input uncertainty – shopping at multiple stores)  
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 Figure 9.21  Sample fraction size and CV for performance indicators                     
(input uncertainty – service activities)  

Figure 9.20 gives the results of the input uncertainty analysis for shopping at 

multiple stores. Some interesting findings should be emphasized. First, it shows that 

uncertainty generally decreases at a decreasing rate with increasing sample fraction. 

Because there is still no convergence between the 30% and 50% fractions a further 

increase in fraction size may further reduce the effects of input uncertainty. Second, for 

the 50% fraction, the coefficient of variation tends to stabilize just above 1.5 per cent 

although the curve is still slightly declining.  

Third, the coefficient of variation of daily average duration for shopping at multiple 

stores seems to converge for both the 30% and 50% fraction after 600 model runs at 

0.8 per cent. Fourth, the coefficient of variation for daily average travel time for 

shopping at multiple stores seems to stabilize after 200 runs around 0.75 per cent. 

Finally, the uncertainty in the average daily number of shopping trips at multiple stores 

does not show clear evidence of stabilization after 600 model runs for these fraction 

sizes, but the uncertainty is small.  

The next Figure 9.21 provides the results of the input uncertainty analysis for 

social activities. The findings look less consistent compared with the findings related to 

the other activity types for a variety of reasons. First, strangely the uncertainty in the 
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daily average travel time for social activities is higher for the 50% fraction than the 30% 

fraction. Because these sample fractions were drawn in a non-accumulative way, and 

thus totally independently, one possible explanation is the existence of considerable 

heterogeneity in the synthetic population.  

Second, although for the other performance indicators, uncertainty systematically 

decreases wit increasing sample fraction size, the graphs do not show much evidence of 

reaching stability, and the coefficient of variation for several performance indicators 

tends to increase with an increasing number of runs.  

Figure 9.22 summarizes the results for leisure activities. The effects of input 

uncertainty on the daily average distance travelled for leisure activities seem to stabilize 

around 0.9 per cent for both the 30% and 50% sample fraction size. For the daily 

average travel time for leisure activities, this seems to hold after 600 model runs. The 

higher uncertainty for a smaller number of model runs for the 50% fraction compared 

to the 30% fraction may signal heterogeneity in the synthetic population. As for the two 

remaining performance indicators, results show that the 50% fraction generates a 

smaller uncertainty, which tends to show some minor fluctuations around 0.35 per cent 

with an increasing number of model runs. The diverging curve for the 30% and 50% 

fraction seems to provide additional evidence of heterogeneity in duration. 

 

 

 Figure 9.22  Sample fraction size and CV for performance indicators                     
(input uncertainty – leisure activities)  
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Figure 9.23  Sample fraction size and CV for performance indicators                     
(input uncertainty – social activities)  

 

Figure 9.24  Sample fraction size and CV for performance indicators                     
(input uncertainty - touring)  
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Figure 9.23, demonstrating the results of the input uncertainty analysis for social 

activities, shows a more clear pattern. The curve for the performance indicators daily 

average distance travelled for social activities and the daily average travel time for 

social activities are very similar, although the absolute value of the coefficient of 

variation differs. Uncertainty in these indicators is systematically reduced at a 

decreasing rate with increasing sample fraction size. With a small number of model 

runs, the effects of input uncertainty on the uncertainty of these two indicators is 

virtually identical, but with an increasing number of model runs the curves diverge. In 

contrast, uncertainty in the daily average duration of social activities is smaller for the 

50% fraction compared to the 30% fraction. Finally, the coefficient of variation of the 

daily number of trips for social activities is the same for the 30 and 50% fraction of the 

synthetic population of Rotterdam, only slightly diverging again for 600 model runs. 

Finally, the results of the input uncertainty as they pertain to touring are visualized 

in Figure 9.24. It shows that the uncertainty of all performance indicators substantially 

drops for the larger sample fractions. Differences between the 30% and 50% fractions 

are small. In case of distance travelled, there is evidence of convergence after 600 runs 

across the 30 and 50% fractions. Note that the coefficient based on the 50% fraction is 

slightly higher. For travel time, the coefficients are already close after 200 model runs. 

Having discussed the effects of the input uncertainty analysis on the four selected 

system-wide performance indicators for each of the nine activity types, the next series 

of analyses concerns the effect of input uncertainty on the same set of performance 

indicators, except duration, for the different transportation modes. Figures 9.25 - 9.29 

portray the results of this analysis of input uncertainty. 

Figure 9.25 shows the results for car drivers. The increase in sample fraction size 

is shown to reduce the uncertainty in daily average distance travelled, daily average 

travel times and daily average number of trips for car drivers. Differences in uncertainty 

for these higher sample fractions are small, and also the absolute uncertainty is small. 

Interestingly, especially for a smaller number of model runs, the uncertainty is higher 

for the 50% fraction than for the 30% fraction. 

As shown in Figure 9.26, partly similar results were obtained for slow modes. The 

increase in sample fraction size from 10% to 30%, respectively 50% substantially 

reduces the uncertainty in the three performance indicators. For daily average distance 

travelled by slow mode and the corresponding daily average travel time, the uncertainty 

based on a relatively small number of model runs is higher for the smaller fraction size.  
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Figure 9.25  Sample fraction size and CV for performance indicators                     
(input uncertainty – car drivers)  

 

 

 Figure 9.26  Sample fraction size and CV for performance indicators                     
(input uncertainty – slow modes)  
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Figure 9.27  Sample fraction size and CV for performance indicators                     
(input uncertainty – public transportation)  

 

 

 Figure 9.28  Sample fraction size and CV for performance indicators                     
(input uncertainty – car passengers)  
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Figure 9.29  Sample fraction size and CV for performance indicators                     
(input uncertainty - males)  

 

 

Figure 9.30  Sample fraction size and CV for performance indicators                     
(input uncertainty - females)  
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After 300 runs, the smallest uncertainty for these two performance indicators is 

obtained for the 50% fraction, but differences are small and the absolute magnitude of 

the uncertainty is small at respectively 0.78 per cent for distance and 0.5 for travel 

time, although this is higher than the uncertainty in these performance indicators for 

car drivers. At a high number of model runs, the uncertainty in the daily average 

number of trips by slow modes is significantly smaller for the 50% sample fraction size 

than for the 30% sample fraction, suggesting that a larger sample fraction may further 

reduce the uncertainty in this performance indicator for slow transportation modes. 

Figure 9.27 provides the results of this analysis for public transportation. It 

illustrates uncertainty to decrease with an increasing sample fraction size at a 

decreasing rate. The uncertainty in the daily average distance travelled is virtually the 

same for the 30% and the 50% fraction. The lowest uncertainty is obtained for 200 

model runs for these fractions of the synthetic population of Rotterdam. Although the 

difference between these fractions is small for the other two performance indicators, 

especially for the smaller number of simulation runs, the higher fraction generates a 

smaller degree of uncertainty. Compared to the previous transportation modes, the 

degree of uncertainty in the daily average distance travelled, the daily average travel 

time by and the average daily number of trips by public transportation due to input 

uncertainty is somewhat higher, but in absolute terms still low.  

The findings for the last transportation mode category are displayed in Figure 

9.28. It shows evidence that the uncertainty in the three performance indicators is quite 

similar for the 30% and the 50% fraction size of the synthesized population of 

Rotterdam. The smallest difference for these fractions is observed for the travel time 

indicator. Interestingly, a small increase in uncertainty can be observed for an 

increasing number of model runs. A similar increase can be observed for the distance 

and number of trips performance indicators, but in these cases the 50% fraction 

produces a smaller uncertainty in these performance indicators than the 30% fraction. 

The final series of analysis on the effects of input uncertainty on the four system-

wide performance indicators examines for any gender differences. The results for men, 

respectively women are shown in Tables 9.29 and 9.30. The first table shows that the 

uncertainty in daily average distance travelled and daily average travel time for males 

tend to converge around respectively 0.5 and 0.31 for the two higher fractions of the 

synthetic population. There is no signal of convergence yet for the other two 

performance indicators for males in the sense that the uncertainty based on the 50% 

fraction is still substantially lower than the uncertainty based on the 30% fraction. 
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Moreover, uncertainty in these indicators increases with an increasing number of model 

runs. 

Shifting our attention to Figure 9.30, which summarizes the results for women, the 

uncertainty in the daily average distance travelled and the daily average travel time by 

women tend to stabilize around respectively 0.6 per cent and 0.4 per cent. The results 

for daily average activity duration and daily average number of trips for women do not 

exhibit such stability. Although uncertainty in these performance indicators for the 

higher fractions of the synthetic population of Rotterdam are much lower than the 

uncertainty derived for the 10% fraction, the uncertainty is higher for the 50% fraction 

that for the 30% fraction. Only around the maximum of 600 runs that were executed 

the degree of uncertainty in these performance indictors becomes the same. 

Convergence rates 

In this section, we report the results of analysis of the effects of sample fraction size on 

the number of runs that is required to obtain a stable average, respectively standard 

deviation for the selected system-wide performance indicators. Tables 9.9 – 9.13 

provide the results of the averages of the four performance indicators: distance, travel 

time, duration and number of trips. 

As shown in Table 9.9, overall the number of required runs is smaller in the case 

of input uncertainty compared to model uncertainty. If the desired accuracy of the 

averaged daily distance travelled per capita is higher than a 2 per cent difference from 

the final average calculated on the basis of all runs, only a single run is required to 

achieve this target for all sample fraction sizes. If the accuracy is increased to 2 per 

cent, the number of required runs increases for public transportation, car passengers, 

business activities, shopping at multiple stores and touring, especially in case of the 

10% sample fraction. For some of these categories, more than a single run is also 

required for the 30% and 50% sample fractions, but in all cases the required numbers 

substantially drops, except for the shopping at multiple stores activity for the 50% 

fraction.  

For the 30% fraction, 7 runs are required for service activities, while the 

corresponding number of the other two sample fractions is just one. Overall, however, 

the number of required runs, even at this high level of accuracy, is small for all these 

transportation and activity type categories. 
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Table 9.9  Required number of runs to obtain an average distance with a certain    
accuracy for different sample fractions (input uncertainty) 

 

Table 9.10  Required number of runs to obtain an average travel time with a certain   
accuracy for different sample fractions (input uncertainty) 

 

Table 9.11  Required number of runs to obtain an average duration with a certain   
accuracy for different sample fractions (input uncertainty) 

 

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 1 1 1 1 1 1 1 1 1

CarD 1 1 1 1 1 1 1 1 1

Slow 1 1 1 1 1 1 1 1 1

Public 1 1 1 1 1 1 3 1 1

CarP 1 1 1 1 1 1 20 1 1

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 1 15 1 1

BrgGet 1 1 1 1 1 1 1 1 1

Shop1 1 1 1 1 1 1 1 4 3

Shopn 1 1 1 1 1 1 32 4 8

Service 1 1 1 1 3 1 1 7 1

Social 1 1 1 1 1 1 1 1 1

Leisure 1 1 1 1 1 1 1 1 1

Tour 1 1 1 1 1 1 58 1 10

Distance 10% different Distance 5% different Distance 2% different

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 1 1 1 1 1 1 1 1 1

CarD 1 1 1 1 1 1 1 1 1

Slow 1 1 1 1 1 1 1 1 1

Public 1 1 1 1 1 1 1 1 1

CarP 1 1 1 1 1 1 1 1 1

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 1 15 1 1

BrgGet 1 1 1 1 1 1 1 1 1

Shop1 1 1 1 1 1 1 1 1 1

Shopn 1 1 1 1 1 1 1 1 1

Service 1 1 1 1 1 1 25 1 1

Social 1 1 1 1 1 1 1 1 1

Leisure 1 1 1 1 1 1 1 1 1

Tour 1 1 1 1 1 1 32 1 1

Travel time 5% different Travel time 2% differentTravel time 10% different

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 1 1 1 1 1 1 1 1 1

CarD ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Slow ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Public ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

CarP ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 1 24 1 1

BrgGet 1 1 1 1 1 1 29 1 1

Shop1 1 1 1 1 1 1 1 1 1

Shopn 1 1 1 1 1 1 1 1 1

Service 1 1 1 1 1 1 1 1 1

Social 1 1 1 1 1 1 1 1 1

Leisure 1 1 1 1 1 1 1 1 1

Tour 1 1 1 1 1 1 6 1 1

Duration 10% different Duration 5% different  Duration 2% different



9. Effects of population fraction 

 254

Table 9.12  Required number of runs to obtain an average number of trips with a 
certain accuracy for different sample fractions (input uncertainty) 

 

Table 9.10 reports the results for the average daily travel time per capita indicator, 

providing both the overall aggregate results and the findings for different transportation 

modes and activity types. Consistent with earlier findings, in general, a smaller number 

of runs is needed to achieve a certain accuracy. The table shows that only a single run 

is needed for all levels of accuracy for the 30% and 50% fractions of the synthetic 

population. Only in case of a 2% accuracy and a 10% fraction of the synthetic 

population, a higher number of runs is required for business (15), service (25) and 

touring (32). 

The number of runs required to obtain a stable average duration of the various 

activity types is also just one for most activity types, levels of accuracy and sample 

fractions as shown in Table 9.11. Only in case of a 2% accuracy and a 10% fraction of 

the synthetic population, a higher number of runs is required for business (24), 

bring/get activities (29) and touring (6). 

The last system-wide indicator is the number of trips. Table 9.12 shows the 

results. It demonstrates that this indicator is very stable. Regardless of the three sample 

fraction sizes and the varied degrees of accuracy, only a single run is required to obtain 

an average daily number of trips per capita that is within the targeted degree of 

accuracy for the total and the segmentations according to transportation modes and 

activity types. 

Tables 9.13 – 9.17 list the number of runs required to obtain stable standard 

deviations. As expected, this number is substantially higher than the number required 

for achieving stable averages. Observed can be the general trend that the number of 

required runs increases with increasing degree of accuracy for the same fraction of the 

synthetic population. However, an increasing fraction size for the same degree of 

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 1 1 1 1 1 1 1 1 1

CarD 1 1 1 1 1 1 1 1 1

Slow 1 1 1 1 1 1 1 1 1

Public 1 1 1 1 1 1 1 1 1

CarP 1 1 1 1 1 1 1 1 1

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 1 2 1 1

BrgGet 1 1 1 1 1 1 1 1 1

Shop1 1 1 1 1 1 1 1 1 1

Shopn 1 1 1 1 1 1 1 1 1

Service 1 1 1 1 1 1 1 1 1

Social 1 1 1 1 1 1 1 1 1

Leisure 1 1 1 1 1 1 1 1 1

Tour 1 1 1 1 1 1 1 1 1

No. of trips 10% different No. of trips 5% different  No. of trips 2% different
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accuracy does not always result in a smaller number of runs required to obtain a stable 

standard deviation. Thus, these findings may suggest that the standard deviations are 

not systematically related to the fraction of the synthetic population. Consequently, 

there is not a strong tendency of convergence. In any case, the absolute number of 

required runs is very high. Thus, it is unlikely that for this reason alone, much 

importance should be attached to a high degree of accuracy for the standard deviation 

of the performance indicators, but in total and for the segmentations by transportation 

mode and activity type. More importance should be attached to the confidence intervals 

of the average performance indicators, which ceteris paribus, is reducing with 

increasing sample fraction of the synthetic population. 

Table 9.13  Required number of runs to obtain a standard deviation of distance with a 
certain accuracy for different sample fractions (input uncertainty) 

 

Table 9.14  Required number of runs to obtain a standard deviation of travel time with 
a certain accuracy for different sample fractions (input uncertainty) 

 

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 118 355 131 140 387 185 275 495 454

CarD 285 231 96 487 400 111 530 497 406

Slow 284 228 94 316 367 163 498 435 234

Public 270 308 430 416 421 446 463 444 454

CarP 79 88 203 519 115 346 536 423 393

Work 195 199 204 376 440 270 471 476 343

Business 19 288 146 234 423 215 506 451 289

BrgGet 226 31 118 352 80 422 574 449 454

Shop1 46 189 97 448 255 147 523 279 372

Shopn 225 104 143 376 110 209 520 410 428

Service 127 165 143 279 360 353 448 369 441

Social 36 12 208 364 412 291 575 454 319

Leisure 260 327 90 483 427 231 536 476 355

Tour 53 167 159 420 189 181 470 447 429

Distance 10% different Distance 5% different Distance 2% different

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 70 57 138 152 277 393 330 478 441

CarD 86 222 221 486 240 384 531 454 450

Slow 284 245 69 299 385 151 428 433 349

Public 183 295 430 334 421 446 378 444 454

CarP 67 209 186 521 423 263 532 454 387

Work 36 207 189 71 297 411 469 347 469

Business 209 113 140 490 225 211 504 422 326

BrgGet 228 198 425 240 261 451 575 407 463

Shop1 227 190 41 430 302 212 492 334 341

Shopn 224 238 33 369 249 199 561 381 443

Service 343 86 189 423 439 297 561 460 458

Social 124 306 144 206 413 251 514 464 430

Leisure 152 259 45 164 394 211 250 452 405

Tour 237 117 131 364 156 162 433 428 448

Travel time 5% different Travel time 2% differentTravel time 10% different
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Table 9.15  Required number of runs to obtain a standard deviation of duration with a 
certain accuracy for different sample fractions (input uncertainty) 

 

Table 9.16  Required number of runs to obtain a standard deviation of number of trips 
with a certain accuracy for different sample fractions (input uncertainty) 

 

9.5  Analysis and results for combined model/input 
uncertainty 

The first analyses on the impact of increasing fraction size concern the uncertainty in 

the four selected system-wide performance indicators produced by the Albatross 

demand forecasting system for different number of runs. Figures 9.1 – 9.9 display the 

results for the activity types that were used to differentiate the activity part of the 

activity-travel schedules. All these figures are based on respectively the 10, 30 and 50% 

fractions, and 1000, 500 and 500 model runs for respectively model, input and 

combined model/input uncertainty for the same reasons as explained before. Note that 

a comparison of the 3 types of uncertainty has been reported in chapter 8 for the 10 

per cent population fraction. By increasing the sample size fraction to 30 and 50 per 

cent, the difference in uncertainty between the three different types of uncertainty 

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 455 341 213 499 419 232 517 442 450

CarD ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Slow ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Public ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

CarP ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Work 109 107 112 533 361 341 586 414 431

Business 207 317 264 317 372 432 530 458 456

BrgGet 174 36 234 308 368 276 543 456 380

Shop1 89 34 244 169 197 328 407 370 420

Shopn 417 109 245 499 173 320 552 465 450

Service 166 203 243 388 435 327 386 466 419

Social 82 240 62 339 254 359 508 419 449

Leisure 131 98 232 319 117 274 549 432 332

Tour 82 357 205 263 370 244 283 450 348

Duration 10% different Duration 5% different  Duration 2% different

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 495 421 215 544 452 235 577 479 450

CarD 156 17 209 289 433 427 501 451 464

Slow 166 288 140 462 321 218 561 335 361

Public 49 38 109 150 300 348 402 447 398

CarP 63 243 198 323 283 282 593 404 482

Work 500 240 147 520 255 328 583 465 442

Business 331 246 187 540 379 225 560 398 330

BrgGet 153 408 40 428 448 259 446 471 402

Shop1 417 144 218 453 362 241 550 456 307

Shopn 233 312 228 318 333 245 457 482 298

Service 259 144 212 308 164 327 456 381 419

Social 325 66 231 421 147 302 459 411 344

Leisure 263 357 52 305 374 228 337 451 452

Tour 171 215 135 366 375 165 451 447 346

No. of trips 10% different No. of trips 5% different  No. of trips 2% different
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(model, input and combined uncertainty) is equal or less than 0.5 per cent for all 

indicators. Given this small amount of difference, the chapter does not discuss the 

difference between those three uncertainty types. 

Figure 9.31 displays the results for the distance, travel time, duration and number 

of trips performance indicators for work activities. It shows that the uncertainty in all 

these four performance indicators decreases at a decreasing rate with an increasing 

fraction of the synthetic population. For the daily per capita distance traveled indicator, 

the results under combined model/input uncertainty are most similar to those observed 

for the case of model uncertainty only. The uncertainty in this indicators drops from 0.8 

to 0.6 when the fraction is increased from 30 to 50%.  

The figure on the top right shows the results for the daily average travel time 

indicator. Compared to the distance indicator, the uncertainty is lower for all sample 

fraction sizes. Uncertainty decreased with an increasing number of model runs, but it 

rather still increases for the two higher sample fractions.  

The uncertainty in the average duration of work activities is the lowest of all four 

performance indicators for this activity type. It fluctuates around 0.15 per cent.  

 

 

Figure 9.31  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty - work)  
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Figure 9.32  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty - business)  

The final performance indicator is the number of trips. Recall that the behavior of 

the uncertainty of this indicator was highly unstable, particularly for the case of model 

uncertainty. Figure 9.31 shows that if the two sources of uncertainty are combined, the 

tendencies in the uncertainty in the predicted daily number of trips becomes more 

stable. For the 30% fraction, the uncertainty fluctuates around 0.3%, and then tends to 

slightly increase after 300 model runs to 0.4%. An increase in sample fraction size to 

50% reduces the uncertainty to 0.25%, but the graph shows that the uncertainty tends 

to slightly increase to around 0.3% with an increasing number of model runs. 

Figure 9.32 shows the results of the uncertainty in the four system-wide 

performance indicators for the three different fraction sizes of the synthetic population 

for business trips. It should that the uncertainty in the travel time and number of trip 

performance indicators is reduced when the fraction size is increased from 30 to 50%. 

For the average distance traveled indicator, results suggest that its uncertainty tend to 

convergence for the 30 and 50% fractions after 400 model runs. Note that the 

uncertainty is marginally higher for the 50% fraction for a lower number of model runs. 

A similar tendency is observed for the duration performance indicator, although here 

the uncertainty is always lower for the higher fraction size. 
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Figure 9.33 visualizes the findings of the combined model/input uncertainty for 

different fraction sizes and model runs for bring/get activities. It shows that uncertainty 

in the four performance indicators, captured in terms of the coefficient of variation, is 

decreasing at a decreasing rate for an increasing fraction of the synthetic population. 

The figure shows that the uncertainty converges for the 30 and 50% fraction at 500 

model runs for the distance and travel time performance indicators. For the other two 

performance indicators, the largest fraction size witnesses a consistently lower 

uncertainty. 

The uncertainty in the predicted performance indicators for shopping at a single 

store under combined model/input uncertainty is reported in Figure 9.34. This 

uncertainty is shown to decrease at decreasing rates for the increasing fraction size, 

varied in this study. The uncertainty in predicted duration and number of trips is shown 

to converge for the 30% and 50% sample fraction and 500 model runs. The 

discrepancy is a little higher for the travel time performance indicator and yet slightly 

higher for the distance performance indicator. The uncertainty seems to stabilize with 

an increasing number of model runs for the 50% fraction. 

 

 

 

Figure 9.33  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty – bring/get activities)  
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Figure 9.34  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty – shopping at a single store) 

 

 

Figure 9.35  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty – shopping at multiple stores)  
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Figure 9.36  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty – service activities) 

Figure 9.35 presents the results of the analysis of the effects of varying sample 

fraction size and number of model runs for shopping at multiple stores. Uncertainly 

decreases at a decreasing rate with an increasing fraction size for all four indicators.  

The results for the next activity type, service activities, are summarized in Figure 

9.36. The overall patterns shows similarity to the results obtained for the previous 

activity types in the sense that the uncertainty in all four performance indicators, 

measured in terms of the coefficient of variation, decreasing at a decreasing rate with 

increasing size of the fraction of the synthetic population. The 50% fraction is 

associated with a (slightly) lower uncertainty of all performance indicators, except for 

duration. Distance is the most uncertain indicator and duration is the most certain one. 

The results for social activities, which are graphed in Figure 9.37, do not differ in 

any fundamental way from earlier discussed results. It shows that the uncertainty in all 

four performance indicators of the Albatross model system is substantially reduced if 

the sample fraction size is increased from 10% to 30%, and much less further reduced 

if the sample fraction is further increased from 30% to 50%. For most indicators and 

fraction sizes, uncertainty tends to reduce with an increasing number of runs, especially 

for distance and travel time.  
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Figure 9.37  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty – social activities)  

 

 

Figure 9.38  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty – leisure activities) 



                             Soora Rasouli 

 263 

 

 

Figure 9.39  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty - touring)  

Figure 9.38 describes the results of the combined model/input uncertainty 

analysis, varying the size of the fraction of the synthetic population, for leisure 

activities. As before, uncertainty in the four performance indicators is lowest for the 

50% sample fraction. An increase of the fraction from 10 to 30% results in a 

significance drop in uncertainty. A further increase from the 30 to the 50% fraction 

further reduces uncertainty but proportionally less. All indicators, except distance, show 

a stable pattern across the different number of runs. For distance, however, the 

uncertainty drops after 200 runs for the largest sample fraction and stabilize afterwards. 

Uncertainty shows evidence of convergence at 500 model runs for the distance 

performance indicator for the 30% and 50% sample fractions.  

The final activity type is touring. Results of the combined model/input uncertainty 

analysis pertaining to this activity types, varied for different sample fraction sizes, are 

illustrated in Figure 9.39. Again, it shows that the uncertainty in the four selected 

performance indicators decreases at a decreasing rate with increasing sample fraction 

size. For the two largest sample size fractions, the graph shows evidence of stability of 

the uncertainty, measured in terms of the coefficient of variation across the number of 

runs, for the duration and number of trips performance indicators. In contrast, 



9. Effects of population fraction 

 264

uncertainty still tends to decrease with an increasing number of simulation runs for the 

other two performance indicators: distance and travel time. 

This completes the results of the combined model/input analyses for the different 

activity types. The next series of analyses concerns the effect of combined model/input 

uncertainty on the same set of performance indicators, except duration, for the different 

transportation modes. Figures 9.40 - 9.43 portray the results of this analysis of input 

uncertainty. 

Figure 9.40 shows the results for car drivers. The figure clearly indicates that  

uncertainty in the three selected performance indicators is much higher for the 10% 

population fraction compared to the 30 and 50% fractions. The difference in uncertainty 

for all three performance indicators is relatively small between the 30 and 50 per cent 

fractions. Distance travelled and number of trips show a slightly higher uncertainty for 

the 30 per cent of population fraction of the synthesized population. In contrast, it has 

a lower uncertainty compared to the 50% fraction for travel time. However, at 500 

runs, the results for the two fraction sizes converge. For the other two indicators, 

uncertainty still marginally reduces with more model runs for the 50% fraction.  

 

 

Figure 9.40  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty – car drivers)  
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 Figure 9.41  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty – slow modes)  

 

 

Figure 9.42  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty – public transportation)  
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 Figure 9.43  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty – car passengers)  

Figure 9.41 depicts the results of the combined model/input uncertainty for 

various sample fraction sizes for slow modes. It witnesses very clear, stable patterns. 

An increase of the sample fraction size from 10% to 30% dramatically reduced the 

degree of uncertainty of all three performance indicators. A further increase of the 

sample fraction to 50% further reduces uncertainty only marginally. The figure, in 

addition, shows that the coefficient of variation is not affected by an increase in the 

number of simulation/model runs for a particular sample fraction size. These findings 

suggest that the number of draws is sufficiently higher for the 30% and 50% sample 

fractions to capture the inherent variability in the selected performance indicators for 

slow transportation modes. 

The next figure concerns the results of the combined uncertainty analysis for 

varying sample fraction sizes for public transportation. Figure 9.42 also exhibits a clear 

pattern, similar to slow transportation modes. Uncertainty in predicted performance 

indicators decreases at a decreasing rate with increasingly larger fraction sizes. The 

effect of an increasing number of model/simulation runs for a particular sample size 

fraction is marginal for all three selected performance indicators. The results, based on 

respectively the 30% and 50% fractions, for travel time show evidence of convergence 

at 500 model/simulation runs. 
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Figure 9.44  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty - males)  

 

 

Figure 9.45  Sample fraction size and CV for performance indicators                     
(combined model/input uncertainty - females)  
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The final transportation mode is car passengers. The results for this mode are 

portrayed in Figure 9.43. The findings for this mode do not fully match the results for 

the other modes. In common is the finding that an increase of the sample fraction size 

substantially reduces the uncertainty in the three system-wide performance indicators. 

The patterns do, however, show some differences if we compare the 30% and 50% 

sample fractions. In case of the distance performance indicators, Figure 9.43 shows that 

after some model/simulation runs the uncertainty in this indicator under combined 

model/input uncertainty converges for the two largest fractions of the synthetic 

population. In contrast, for the number of trips performance indicator, uncertainty, 

based on the 50% fraction, is systematically a little lower than for the 30% sample 

fraction, across different number of model/simulations runs. Finally, results indicate that 

the uncertainty in the travel time performance indicator is smaller for the 30% fraction 

of the synthetic population than for the 50% fraction. 

The final series of analysis reported in this section on the effects of combined 

model/input uncertainty on the four selected system-wide performance indicators 

analyzes any gender differences. The results for men, respectively women are shown in 

respectively Figures 9.44 and 9.45. Figure 9.44 shows that the uncertainty in all 

performance indicators are reduced with increasing sample fraction size. This reduction 

is most dramatically if the fraction is increased from 10% to 30%. A further increase to 

50% does not make much difference in further reducing uncertainty. The difference in 

uncertainty between the 30% and the 50% fraction is negligible for the travel time and 

duration performance indicators. Uncertainty of the other two indicators for men is 

lower for the 50% population fraction, compared to the 30% population fraction, but 

here as well differences are very small. 

Focusing our attention to Figure 9.45, which summarizes the results for women, 

uncertainty in all performance indicators significantly drops with increasing the fraction 

from 10% to 30%, after which reduction in uncertainty becomes much less. Compared 

to men, the simulated uncertainty in the performance indicators is higher for women, 

but differences tend to become smaller for larger sample fractions. Unlike for the men, 

the 50% sample fraction of the synthetic population yields a consistently smaller 

uncertainty than the 30% fraction across all four system-wide performance indicators. 

Convergence rates   

In this section, we report the results of analysis of the effects of sample fraction size on 

the number of runs that is required to obtain a stable average, respectively standard 
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deviation for the selected system-wide performance indicators under combined 

model/input uncertainty. Tables 9.17 – 9.20 provide the results for the required number 

of runs for the averages of the four performance indicators: distance, travel time, 

duration and number of trips. Recall that the number of required model runs is based 

on the minimum number of runs after which the indicators stays within the stipulated 

accuracy. 

Table 9.17 shows that if the desired accuracy of the averaged daily distance 

traveled per capita is 10 per cent difference from the final average calculated on the 

basis of all runs, only a single run is required to achieve this target, even for the 10% 

sample fraction, except for shopping at multiple stores and touring. If the fraction size 

is increased to 30 per cent, for the same level of accuracy, only a single run is required 

for all activity types, and other segmentations. Interestingly, for the 50% fraction size, 

the same number of runs is required than for the 10% fraction at this level of accuracy. 

An increase in accuracy required a significant larger number of runs for all activity 

types and transportation modes  for the 10% fraction, except for work, business and 

bring/get activities. No such increase is required if the sample fraction is 30% or 50%.  

Table 9.18 reports the results for the average daily travel time per capita 

performance indicator. Results are shown for overall aggregate results and the findings 

for different transportation modes and activity types. The table shows that only a single 

run is needed for all levels of accuracy for the 30% and 50% fractions of the synthetic 

population, except for business for the two highest degree of accuracy, but sill the 

number of required model runs is small in this case. In case of a 5% and 2% accuracy 

and a 10% fraction of the synthetic population, a significantly higher number of runs 

(several hundred) is required, except for work, business and bring/get activities. 

The number of runs required to obtain a stable average duration of the various 

activity types shows a very similar pattern, as evidenced in Table 9.19. Similar to travel 

time, the number of required runs equals to one (or is very small) for all activities in 

case of a 30% and 50% fraction of the population for all levels of accuracy. This 

number only increases for a 2% or 5% accuracy and a 10% fraction of the synthetic 

population, except for work, business and bring/get activities. 

Table 9.20 summarized the results for the number of trips indicator. The general 

pattern in these results is not different from the results for the other performance 

indicators.. In case of a 30% or 50% fraction, only a single run is required to obtain an 

average daily number of trips per capita that is within the targeted degree of accuracy 

for the total and the segmentations according to transportation modes and activity 
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types. Only for a 10% sample fraction, and the two higher degrees of accuracy, a larger 

number of runs is required, except for the same three activity types as before: work, 

business and bring/get activities. The increase in the number of required runs for the 

other activity types and transportation modes is substantial. 

In line with the organization of this chapter for the other sources of uncertainty, 

Tables 9.21 – 9.25 show the results for obtaining stable standard deviations of the 

coefficient of variation of the four performance indicators. Consistent with earlier 

findings, these tables suggest that the number of required runs to obtain a stable 

standard deviation is higher for the standard deviation compared to obtaining a stable 

average for all fraction sizes and all indicators. Table 9.21 reveals that the number of 

required runs for the distance performance indicator is still high, even for the largest 

fraction size and the lowest degree of accuracy. The umber systematically increases for 

smaller sample fraction and higher degrees of accuracy.  

 Table 9.22 provides the results for the daily travel time performance indicator, 

again for the total and the breakdowns by activity type and transportation mode. It 

shows a similar pattern as observed for distance. The number of simulation runs 

required for obtaining a stable standard deviation is higher than the number of 

simulation runs for a stable average. Moreover, with an increasing accuracy, the range 

in the ratio of the number of runs becomes more homogeneous between different 

segments. Moreover, the number of required runs tends to decrease with a larger 

sample fraction size. 

Table 9.23 documents the findings for the duration indicator. For all fractions of 

the population, the number of runs required to calculate a stable standard deviation for 

duration is substantially higher than the required number of runs to obtain a stable 

average. Similar to distance and travel time, for most indicators, the reduction in the 

number of required runs is highest for the shift from a 10% to a 30% fraction and the 

lowest level of accuracy. For most activity types and transportation modes, the number 

of required simulation runs increases with a smaller sample fraction and a higher degree 

of accuracy.  

Table 9.24 expresses the number of simulation runs required to obtain a stable 

standard deviation for the daily number of trips for varying sample fractions. With very 

few exceptions, results for this performance indicator are similar to the results obtained 

for the other indicators. The number of required simulation runs to attain a stable 

standard deviation for the indicators increases with increasing accuracy and decreases 

with an increasing fraction of the synthetic population.  
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Table 9.17   Required number of runs to obtain an average distance with a certain    
accuracy for different sample fractions 

 
 

Table 9.18   Required number of runs to obtain an average travel time with a certain 
accuracy for different sample fractions  

 
 

Table 9.19   Required number of runs to obtain an average duration with a certain   
accuracy for different sample fractions 

 

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 3 1 3 218 1 1 382 1 1

CarD 1 1 1 98 1 1 243 1 1

Slow 1 1 1 114 1 3 296 1 1

Public 1 1 1 123 1 1 373 2 1

CarP 1 1 1 112 1 5 335 1 1

Work 1 1 1 1 1 1 1 1 5

Business 1 1 1 1 1 1 1 1 1

BrgGet 1 1 1 1 1 1 3 1 1

Shop1 1 1 1 281 1 1 384 1 1

Shopn 5 1 5 305 1 1 432 1 3

Service 1 1 1 265 1 1 325 1 1

Social 1 1 1 245 1 1 265 1 1

Leisure 1 1 1 247 1 1 294 1 1

Tour 3 1 3 293 2 1 430 3 1

Distance 10% different Distance 5% different Distance 2% different

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 1 1 1 198 1 1 241 1 1

CarD 1 1 1 174 1 1 209 1 1

Slow 1 1 1 189 1 1 213 1 1

Public 1 1 1 196 1 1 284 1 1

CarP 1 1 1 183 1 1 282 1 1

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 3 2 2 1

BrgGet 1 1 1 1 1 1 1 1 1

Shop1 1 1 1 150 1 1 205 1 1

Shopn 1 1 1 284 1 1 393 1 1

Service 1 1 1 204 1 1 290 1 1

Social 1 1 1 197 1 2 213 1 1

Leisure 1 1 1 173 1 1 236 1 1

Tour 1 1 1 239 1 1 371 1 1

Travel time 5% different Travel time 2% differentTravel time 10% different

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 1 1 3 125 2 1 168 1 1

CarD ‐ ‐ ‐ ‐ ‐ ‐

Slow ‐ ‐ ‐ ‐ ‐ ‐

Public ‐ ‐ ‐ ‐ ‐ ‐

CarP ‐ ‐ ‐ ‐ ‐ ‐

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 1 1 1 1

BrgGet 1 1 1 1 1 1 1 1 1

Shop1 1 1 1 127 1 1 201 1 1

Shopn 1 1 1 265 1 4 318 1 1

Service 1 1 1 214 1 1 303 1 4

Social 1 1 1 163 1 1 144 1 1

Leisure 1 1 1 159 1 1 207 1 1

Tour 1 1 1 280 1 1 410 2 3

Duration 10% different Duration 5% different  Duration 2% different



9. Effects of population fraction 

 272

Table 9.20   Required number of runs to obtain an average number of trips with a 
certain accuracy for different sample fractions 

 

Table 9.21   Required number of runs to obtain a standard deviation of distance with a 
certain accuracy for different sample fractions 

 

Table 9.22   Required number of runs to obtain a standard deviation of travel time 
with a certain accuracy for different sample fractions 

 

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 1 1 1 168 1 1 193 1 1

CarD 1 1 1 96 1 1 207 1 1

Slow 1 1 1 106 1 1 199 1 1

Public 1 1 1 114 1 1 303 1 1

CarP 1 1 1 112 1 1 292 1 1

Work 1 1 1 1 1 1 1 1 1

Business 1 1 1 1 1 1 1 1 1

BrgGet 1 1 1 1 1 1 1 1 1

Shop1 1 1 1 83 1 1 112 1 1

Shopn 1 1 1 273 1 1 365 1 1

Service 1 1 1 263 1 1 309 1 1

Social 1 1 1 174 1 1 191 1 1

Leisure 1 1 1 168 1 1 216 1 1

Tour 1 1 1 51 1 1 102 1 1

No. of trips 10% different No. of trips 5% different  No. of trips 2% different

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 406 62 42 497 171 140 584 245 78

CarD 392 9 5 417 229 158 507 296 185

Slow 387 48 53 471 91 189 528 386 202

Public 415 74 41 481 149 179 540 327 149

CarP 424 28 15 504 141 119 534 203 94

Work 313 63 82 385 291 278 807 370 424

Business 286 354 178 533 403 374 604 455 387

BrgGet 243 19 84 278 194 158 497 284 178

Shop1 358 153 57 416 237 105 446 305 108

Shopn 403 219 185 465 288 246 547 464 154

Service 385 70 98 487 83 45 519 427 222

Social 128 159 127 344 198 177 401 304 198

Leisure 291 14 38 380 64 98 415 332 108

Tour 303 57 18 529 178 148 605 468 335

Distance 10% different Distance 5% different Distance 2% different

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 285 327 185 384 378 285 394 422 189

CarD 312 13 44 399 59 114 499 410 152

Slow 345 45 57 428 91 185 488 386 235

Public 320 82 110 388 153 198 450 320 147

CarP 289 28 15 386 35 17 401 240 170

Work 82 282 203 297 355 222 707 370 225

Business 86 100 75 286 161 185 401 374 102

BrgGet 87 25 54 184 95 112 247 489 187

Shop1 211 87 189 388 233 185 403 370 228

Shopn 208 171 97 342 403 204 429 468 274

Service 186 33 55 402 35 87 485 449 385

Social 70 44 29 212 132 99 305 263 285

Leisure 78 29 39 199 34 45 344 341 274

Tour 151 156 115 299 302 199 445 368 248

Travel time 5% different Travel time 2% differentTravel time 10% different
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Table 9.23   Required number of runs to obtain a standard deviation of duration with a 
certain accuracy for different sample fractions 

 

Table 9.24   Required number of runs to obtain a standard deviation of number of trips 
with a certain accuracy for different sample fractions 

 

9.6  Conclusions and discussions 

Because the application of the current generation of activity-based models of travel 

demand is typically based on only a fraction of the synthesized population of the study 

area, forecasts of their activity-travel behavior will, for this reason alone, show a certain 

uncertainty. One would expect, ceteris paribus, that choosing a larger fraction of the 

population will systematically reduce the uncertainty in the forecasts of activity-travel 

behavior of the population of interest. However, due to the virtually complete lack of 

empirical studies on this topic, very little is known about the size of the effect of the 

choice of a fraction and the nature of the relationship between sample fraction and 

uncertainty. 

Thus, to investigate this relationship, we repeated the uncertainty analysis 

reported in the previous chapters for a sample fraction of respectively, 10, 30 and 50%, 

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 94 44 28 354 172 84 482 455 285

CarD ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Slow ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Public ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

CarP ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐ ‐

Work 5 15 3 210 222 146 424 234 205

Business 18 43 25 189 48 8 285 407 214

BrgGet 125 45 57 204 255 156 256 336 197

Shop1 109 32 88 219 83 47 398 397 278

Shopn 201 36 105 253 372 89 398 447 301

Service 56 13 20 214 171 28 386 408 375

Social 55 47 28 189 129 139 249 351 220

Leisure 26 165 58 85 238 148 274 301 214

Tour 247 103 75 485 231 178 562 247 285

Duration 10% different Duration 5% different  Duration 2% different

10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction 10% fraction 30% fraction 50% fraction

Total 311 44 85 412 194 187 498 455 308

CarD 295 66 95 370 168 125 425 460 385

Slow 287 46 58 349 197 47 403 366 298

Public 335 58 74 404 204 222 515 370 298

CarP 334 57 36 392 244 148 501 341 298

Work 79 167 74 213 291 185 519 418 308

Business 243 383 187 395 442 325 404 476 398

BrgGet 138 13 25 205 79 49 414 443 398

Shop1 129 23 55 224 149 125 158 313 325

Shopn 261 43 148 455 95 28 503 348 299

Service 259 12 65 448 130 106 495 391 358

Social 84 56 44 248 84 98 328 278 218

Leisure 154 146 108 312 239 185 408 440 378

Tour 109 117 85 202 166 178 384 388 380

No. of trips 10% different No. of trips 5% different  No. of trips 2% different
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and compared the uncertainties based on multiple runs of the Albatross model system. 

The effects of an increasing fraction of the synthetic population on the uncertainty of 

various performance indicators were examined. 

The results of this analysis indicate that although the absolute value of the 

coefficient of variation differs between the four performance indicators, increasing the 

sample fraction size dramatically reduces the uncertainty in all performance indicators, 

at different levels of aggregation. The reduction in uncertainty is most substantial when 

the fraction is increased from 10 to 30%. It suggests that the 10% fraction was 

insufficient to capture the variability in most choice facets at least for the current case 

study. A further increase 30 to 50% further reduces the uncertainty in the various 

performance indicators but less. It suggests that the effect of increasing sample fraction 

on uncertainty is nonlinear. 

Because the effect of input uncertainty on the uncertainty in the performance 

indicators was in many instances smaller than the effect of model uncertainty, the 

reduction in uncertainty by increasing the sample fraction was smaller. A similar 

tendency was observed for the case of combined model/input uncertainty. 

Another interesting and relevant conclusion is that with the combination of a 

higher sample fraction and number of (simulation) runs evidence is obtained of stable 

uncertainty value for some indicators. The influence of sample fraction is stronger than 

the effect of the number of runs. For some indicators, however, the current findings 

suggest that further improvement in the results can be achieved by further increasing 

the sample fraction and/or number of simulation runs. 

It should be emphasized that these conclusions about sample size fraction of 

course relate to the synthesized population of the City of Rotterdam. It is reasonable to 

assume that qualitative similar conclusions will be obtained for cities and regions of 

similar size (and similar variability in the different aspects of activity-travel patterns). If 

the size of the synthetic population is (substantially) higher, a particular fraction implies 

that the absolute number of simulated individuals also increases. The effects of this 

absolute higher number of individuals may be high enough for capturing the variability 

in the data. 

The current findings, however, also illustrate that in the study area even for the 

higher sample fractions a large number of simulation runs is required to capture the 

uncertainty and differentiate policy effects from model error. It is evident that reported 

rules of thumbs in transportation planning practice are insufficient to do full justice to 

the issue of uncertainty in complex activity-based models of travel demand in this 
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study. The required number of runs implies that the computing times will be 

overwhelming if not prohibitive if a systematic uncertainty analysis will be included. It is 

unlikely that applied projects of similar size and complexity can afford the months of 

computing times underlying the analyses of the PhD study or the waiting times between 

computer runs that are implied. 

An effective solution in these cases would be to run the analyses on a 

supercomputer or to develop the software for parallel computing. However, in many 

applied projects, it is unlikely that the resources to accomplish this will be available. 

Hence, it would be beneficial for applied transportation planning if more fundamental 

solutions to this problem would be given. In the remainder of this thesis, three possible 

solutions will be explored. It should be emphasized from the outside that none of these 

potential solutions will be applied to the full scale of complexity of the model system. 

Rather, the potential of the approach will be studied for some specific small scale 

problems. 

A first solution that we will explore is based on the consideration that random 

Monte Carlo draws may not be the most effective in capturing the distributional 

properties of the probability distributions of the choice facets. Sample schemes that 

better cover the probability space may be equally informative but with a smaller number 

of draws. Although there is a larger literature on different sampling schemes and their 

properties, to the best of our knowledge this issue has not received any attention in the 

context of activity-based models of travel demand, and hence we are ignorant with 

respect to the potential gains of this solution. Chapter 10 reports results of an 

exploration of alternative sampling schemes. 

A second possible solution is to avoid additional model runs in applied planning 

sessions, bur rather to build a model of the expected value of a performance indicator 

as a function of its input. The success of such an emulator would depend on the 

strength of the relationship between the outcomes of complex process-based models of 

activity-travel demand and the input variables. The potential of using emulators is 

examined in Chapter 11. 

The different analyses of uncertainty have shown that heterogeneity in behavior 

increases the number of runs required to obtain stable results. The current model 

system is based on a single decision table and thus only captures heterogeneity to the 

extent it is captured in the condition states of the table. A third solution thus may be to 

better capture the heterogeneity. Chapter 12 explores the potential of using ensembles 

of decision tables. 
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Sampling Schemes 

 

 

 

 

10.1  Introduction 

The experiences reported in this thesis made clear that applying uncertainty analysis to 

complex activity-travel demand forecasting models is a challenging undertaking. 

Uncertainty analysis requires a large number of model runs. If it is realized that a single 

run of a complex model of activity-travel demand may already take more than 1 hour, 

conducting a formal uncertainty analysis may involve weeks if not months of computing 

time. Some of this time may be reduced by using parallel computers or, if access is 

available, a supercomputer. However, there is clearly a need for alternative, more 

fundamental solutions if uncertainty analysis is to become an integral component of the 

application of activity-based models of travel demand in transportation planning 

practice.  

In this chapter, we are going to explore the use of alternative sampling schemes in 

order to obtain realization from the probabilistic decision trees. The state of the art of 

uncertainty analysis in transportation research, including this thesis, is based on the use 

of the Monte Carlo sampling scheme. The essence of this approach is that random 

sampling techniques are used to select realizations from (discrete or continuous) 

probability space. Consequently, according to this approach, the probability of drawing 

a point from multidimensional probability space is proportional to the density of the 

space. Technically, random numbers are generated from a uniform distribution, defining 

a particular range, with subspaces being proportional to the underlying densities.  
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Although Monte Carlo sampling schemes have found wide application, the issue is 

that the random draws of points may not be most efficient in the sense that multiple 

points close in probability space may not be very informative. Using more efficient 

sampling schemes, which cover the probability space more systematically and quicker 

may save computing times.  

The aim of this chapter, therefore, is to compare the degree of uncertainty in 

simulated choices, measured in terms of the coefficient of variation, resulting from 

Monte Carlo draws and a more systematic sampling scheme. Since the action state is 

the choice of transportation mode, which is a discrete variable, the coefficient of 

unalikeability has been calculated for each leaf node and for each sampling scheme 

after the total number of realization equal to the number of travelers in the leaf node 

reaches. The process is repeated 100 times to capture the model uncertainty (similar to 

the approach which has been used in Chapter 6 for quantifying model uncertainty). 

Next, the standard deviation and the CV of the coefficient of unalikeability were 

calculated for these 100 runs. It is expected that the variability in terms of coefficient of 

variation is less using Halton draw for the realization as this drawing scheme cover the 

probability space more systematically. 

 Because a complete replication of all analyses reported in previous chapters, 

based on a different sampling scheme, is unrealistic in that it would take many months, 

the purpose of the analyses here is merely to explore the issue and obtain some 

indicative findings about the potential of this approach to improve the applicability of 

uncertainty analysis in urban and transportation planning practice. Analyses will rather 

involve a decision tree, specifically developed for this purpose.  

In principle, the analysis can be conducted for the case of model uncertainty, input 

uncertainty and the combination of model and input uncertainty. Because the results of 

previous chapters have shown model uncertainty to be larger than input uncertainty 

and combined input/model uncertainty, we decided to only explore the case of model 

uncertainty in this thesis.  

It should be realized that the nature of sampling differs between input uncertainty 

and model uncertainty. In case of input uncertainty, we draw data points from the two-

dimensional space of input values (in the current project). In contrast, in case of model 

uncertainty, we start drawing from the uni-dimensional probabilistic decision tables 

(more precisely from the correct column of the table or branch of the tree), use this 

value to identify the correct branch from the second tree, draw again and proceed this 

process until all 27 decision tables are processed in their sequential order. 
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In case of input uncertainty, the problem is to determine the degree of uncertainty 

in a vector of model outcomes , , … , where  and  represents the 

model under study, and , , …  is a vector of model inputs. Each of the inputs 

may be uncertain, implying that assessing the degree of uncertainty in the outcomes 

involves sampling from the multidimensional attribute space. Sampling schemes such as 

regular grid design, (orthogonal) Latin Hypercube design, maximin designs, uniform 

designs and Sobol’s sequence design may be considered for this case. 

In case of model uncertainty, the problem becomes how to approximate the 

characteristics of the assumed probability distribution or the empirical probability 

distribution of particular states as efficiently as possible. In this chapter, we explore the 

usefulness of shuffled Halton draws (Halton, 1960). A Halton draw involves a 

deterministic sequence of numbers, based on a particular prime number (i.e., 2, 3,7, 

11, …), which well covers the unit interval. More precisely, the sequence is constructed 

based on finer and finer prime based divisions of sub-intervals of the unit interval. The 

entire space is expected to be covered faster than in case of random sampling, where 

each draw is made by pure chance.  This space covering property makes this sampling 

scheme potentially more efficient. Because Halton sequences are deterministic, shuffled 

Halton sequences were developed and applied. Hess & Polak (2005) have shown for 

continuous variables that shuffled Halton sequences provide better coverage  of  the  

multi-dimensional area of integration than corresponding scrambled sequences. 

To date, (scrambled) Halton draws have been used in travel behavior research in 

the context of mixed logit models (e.g. Bhat, 2001). These models assume a probability 

distribution for each estimated parameter and, therefore, sampling is required to 

simulate these probabilities. Although Halton draws have become the standard for the 

estimation and application of mixed logit models, we are not aware of any application of 

this principle in uncertainty analysis. In fact, all studies on uncertainty analysis, 

mentioned in Chapter 3, have relied on Monte Carlo sampling schemes. 

This chapter is organized as follows. Before discussing the results, we will first 

discuss the example used in this explorative research. Next, because we need to 

quantify the variation in inherently categorical data, we will explain the measure of 

variability used because to the best of our knowledge it has not been used in travel 

behavior research before. Next, we discuss the procedure and continue with a 

discussion of the results of the analyses. The chapter is completed with a summary and 

discussion of results. 
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Table 10.1  Independent variables for decision tree construction 

Variables Levels 

Number of persons in the household Continuous 

Gender Male; female 

Age 0-17; 18-49; 50-74; > 75 yrs 

Driver’s license Yes; no 

Car availability Yes; no 

Income (in euros) < 12 yrs; no income; < 7500; 7500 << 22500; 22500 << 

0000; > 30000; unknown 

Activity type Work; business; service; shopping; education; visit; social; 

touring; other 

Trip length 0-5; 5-10; 10-15; 15-20; 20-25; 25-30; 30-45; 45-60; 60-

90; 90-120; > 120 

10.2  The problem 

To investigate the influence of a more efficient sampling approach on the variability of 

simulated action states Monte Carlo sampling and Halton draws were applied to a 

decision tree, describing the choice of transportation mode, constructed from the 2004 

MON data. The Rotterdam population was selected for that purpose. The total number 

of responses in Rotterdam was 3607. The data was split into a training and test data set 

by assigning half of the sample to each of these sets at random. 

Table 10.1 provides an overview of the selected input variables. Variables, which 

are logically expected to be influential on transportation mode choice, have been 

selected. The relevant literatures were also explored to confirm the choice. The 

extraction of the tree followed the same procedure as the one applied for the Albatross 

model system. That is, splitting of conditions was based on the Chi-square criterion. It 

resulted in a total of 15 leaf nodes, which means that the sample was classified into 

fifteen classes for forecasting the choice of transportation mode. Because the focus of 

our attention is on the technical aspects, we skip discussing the interpretation of the 

resulting segmentation here.  

10.3   Measuring variability in categorical data 

Relatively little effort has been paid to defining statistical concepts quantifying the 

degree of dispersion in categorical data. A systematic search led to two different 
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measures, suggested independently: the Gini-Martin index (Gini, 1912) and the 

coefficient of unalikability (Perry & Kader, 2005). Let there be given a categorical 

variable with l =1, … , L categories. We observe for each l a certain frequency   of 

observations. The Gini-Martin index equals 

															1 																																																																																																																												 10.1

 
where N is the sample size. This index was originally not introduced as a measure of 

variability per se, but rather as an alternative to the original Simpson diversity index λ 

(Simpson, 1949), which equals the probability that two measurements taken at random 

from the dataset with replacement represent the same category or type. The Gini-

Martin index, which equals the transformation 1 – λ, therefore equals the probability 

that the two measurements represent two different types. It led to many different 

diversification indices, including entropy-based measures, widely applied in 

environmental sciences and urban economics. A detailed discussion of these measures, 

however, goes beyond the purpose of this chapter. 

Reflecting on this measure in an attempt to interpret it as a measure of variability 

or uncertainty, if all observations fall into a single category (no uncertainty) the second 

term of this expression equals 1, and the overall measure is thus equal to 0. In case of 

maximum uncertainty, the frequencies/proportions in all categories are the same and 

thus equal to 1/L. Thus, the equation (10.1) becomes 

																	1
1

1 																																																																																																								 10.2  

																																						 																																																																																																								 10.3  

																																						
1
																																																																																																										 10.4  

To standardize, we therefore could use: 

																		
1
1 																																																																																																				 10.5 	 

Perry & Kader (2005) and Kader & Perry (2007) suggested another measure of 

variability for categorical variables. They claim their Coefficient of Unalikeability (CU) 

captures the variability by calculating of how often observations differ from one 

another. Let , , … ,  be a series of N categorical data. Their index is then defined 

as: 
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														 , /	 																																																																																																				 10.6 	 

where, 

    								 ,
1, if	

0, if	
																																																																																																					 10.7  

N is the total number of observations.  

In their papers, the authors present an “algorithmic” approach. They create an N x 

N matrix of observations and then apply equation (10.6). However, because decision 

tables are presented in an aggregate manner and reflect a probability distribution it is 

relevant to express these equations in a different format. First, for the general case, 

classify each into one of L mutually exclusive and exhaustive set of classes 

1, 2, … , . That is: 

∈ 				⋀		 ∉ ′ 	     ∀                                                                				(10.8) 

Let 	denote the frequency of observations that fall into category or class , implying 

that ∑ .	Then, equations (10.6) and (10.7) can also be expressed as: 

											
	

/	 		 																																																																																																					 10.9 	

											
	

											 																																																																																																			 10.10

 

										 1 																	
	

																																																																																																				 10.11  

										 																						
	

																																																																																																				 10.12

 

										 																			
	

																																																																																																				 10.13  
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Expressing equation (10.5), which concerned the other measures, in probabilities gives 
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1
	 1 		 																																																																																																													 10.15

 
This shows that equations (10.5) and (10.15) are identical. We calculated this measure 

of variability and averaged it across the series of Monte Carlo respectively Halton draws. 

In addition, we calculated the standard deviation and the coefficient of variation.  

10.4  Analyses and results 

Recall that the purpose of the analyses was to examine which of the two sampling 

schemes gives the lowest uncertainty in terms of CV in the probabilistic decision trees 

for each of its 15 leaf nodes. Thus, for each of these 15 nodes, separately for the 

training and test set, a number of realizations from the probabilistic distribution of 

modes equal to the number of travelers embedded in each leaf node was made, using 

respectively Monte Carlo and Halton draws. Next, the CU was calculated for each of 

these leaf nodes for each sampling scheme. The process was repeated 100 times. The 

average, standard deviation, CV and CU were calculated as well. Results are illustrated 

in Table 10.2. It demonstrates that in all cases, the sampling scheme based on the 

Halton draws results in a substantially lower coefficient of variation. The Halton draws 

lead to the simulated choices with a variability (CV of CU) of 10 to 20 percent of the one 

resulting from the Monte Carlo draws.  

Figure 10.1 graphs the coefficient of variation of the CU for 100 draws for all 15 

nodes for the training and test set and the complete decision tree. It evidences that the 

values of the CV for the CU obtained from the Halton draws are significantly lower than 

the corresponding values based on the Monte Carlo draws for both the training and test 

set. The CV varies between 3 and 25 per cent for the Monte Carlo draws in the training 

set, while the range is from 0.08 to 6.5 per cent for the Halton draws. For eight nodes, 

under the Monte Carlo sampling scheme and 11 nodes under the Halton draws 

sampling scheme, the uncertainty in the test data is even smaller.  

This result seem incongruent with findings in machine learning studies, which 

typically show a drop in performance from the training set to the test set. It should be 

realized, however, that these studies use the training data to estimate some model, and 

the test data to examine how well the estimated model predicts other data. As some 

random differences exist between the two sets, one expects a drop from the training 

set to the test set. In the present case, however, there is no such model estimation. 

Rather the data are just used to assess how well and fast the sampling schemes 

reproduce the observed variability in the action states of the probabilistic decision tree.  
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Table 10.2  Average Coefficient of unalikeability, standard deviation and coefficient of variation (Training and test set) 

 

 

 

 

 

 

 

Node 1 Node 2 Node 3 Node 4 Node 5 Node 6 Node 7 Node 8 Node 9 Node 10 Node 11 Node 12 Node 13 Node 14 Node 15 Total

Coefficient of Unalikeability (Average) 0.3822 0.1698 0.4603 0.5762 0.6449 0.7068 0.6302 0.4607 0.6101 0.4674 0.3127 0.4324 0.5709 0.5943 0.2839 0.7212

Coefficient of Unalikeability (Std) 0.0478 0.0428 0.0408 0.0289 0.0177 0.0286 0.0222 0.0361 0.0351 0.0507 0.0511 0.0358 0.0469 0.0450 0.0723 0.0034

Coefficient of Unalikeability (CV%) 12.5135 25.2196 8.8601 5.0074 2.7478 4.0480 3.5234 7.8369 5.7547 10.8361 16.3531 8.2806 8.2175 7.5701 25.4620 0.4669

Node 1 Node 2 Node 3 Node 4 Node 5 Node 6 Node 7 Node 8 Node 9 Node 10 Node 11 Node 12 Node 13 Node 14 Node 15 Total

Coefficient of Unalikeability (Average) 0.3916 0.1748 0.4669 0.5889 0.6542 0.7191 0.6370 0.4667 0.6130 0.4726 0.3166 0.4226 0.5712 0.6038 0.2667 0.7240

Coefficient of Unalikeability (Std) 0.0045 0.0094 0.0039 0.0032 0.0036 0.0055 0.0038 0.0066 0.0070 0.0066 0.0096 0.0046 0.0093 0.0079 0.0174 0.0006

Coefficient of Unalikeability (CV%) 1.1592 5.3852 0.8456 0.5420 0.5453 0.7654 0.5964 1.4074 1.1492 1.3910 3.0392 1.0933 1.6313 1.3084 6.5234 0.0789

Node 1 Node 2 Node 3 Node 4 Node 5 Node 6 Node 7 Node 8 Node 9 Node 10 Node 11 Node 12 Node 13 Node 14 Node 15 Total

Coefficient of Unalikeability (Average) 0.3389 0.3227 0.5050 0.5321 0.6478 0.6999 0.6257 0.4815 0.6471 0.4960 0.3336 0.4587 0.6351 0.5701 0.3442 0.7214

Coefficient of Unalikeability (Std) 0.0506 0.0544 0.0311 0.0351 0.0181 0.0218 0.0274 0.0422 0.0326 0.0494 0.0488 0.0324 0.0241 0.0573 0.0811 0.0044

Coefficient of Unalikeability (CV%) 14.9354 16.8661 6.1579 6.5978 2.7937 3.1110 4.3813 8.7707 5.0314 9.9602 14.6373 7.0667 3.7916 10.0463 23.5532 0.6114

Node 1 Node 2 Node 3 Node 4 Node 5 Node 6 Node 7 Node 8 Node 9 Node 10 Node 11 Node 12 Node 13 Node 14 Node 15 Total

Coefficient of Unalikeability (Average) 0.3552 0.3431 0.5152 0.5449 0.6636 0.7138 0.6397 0.4797 0.6583 0.5034 0.3294 0.4503 0.6291 0.5686 0.3436 0.7244

Coefficient of Unalikeability (Std) 0.0074 0.0088 0.0029 0.0020 0.0022 0.0043 0.0045 0.0073 0.0052 0.0081 0.0097 0.0036 0.0030 0.0093 0.0189 0.0005

Coefficient of Unalikeability (CV%) 2.0948 2.5646 0.5549 0.3601 0.3311 0.5967 0.7075 1.5121 0.7948 1.6129 2.9372 0.8044 0.4772 1.6390 5.4928 0.0639

Training set (Monte Carlo)

Training set (Halton)

Test set (Monte Carlo)

Test set (Halton)
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Table 10.3  Required number of runs to obtain an average with a certain accuracy 

 

 

 

 

 

 

 

 

 

 

Node 1 Node 2 Node 3 Node 4 Node 5 Node 6 Node 7 Node 8 Node 9 Node 10 Node 11 Node 12 Node 13 Node 14 Node 15 Total

Number of required runs  (Training Monte Calo) 89 100 88 1 1 1 1 94 1 94 92 95 86 96 100 1

Number of required runs  (Training Halton) 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Number of required runs  (Test Monte Calo) 94 94 1 6 1 1 1 100 1 1 100 82 1 70 98 1

Number of required runs  (Test Halton) 1 1 1 1 1 1 1 1 1 1 1 1 1 1 97 1

Node 1 Node 2 Node 3 Node 4 Node 5 Node 6 Node 7 Node 8 Node 9 Node 10 Node 11 Node 12 Node 13 Node 14 Node 15 Total

Number of required runs  (Training Monte Calo) 100 100 97 96 1 86 2 100 89 100 100 95 96 100 100 1

Number of required runs  (Training Halton) 1 2 1 1 1 1 1 1 1 1 1 1 1 1 92 1

Number of required runs  (Test Monte Calo) 100 95 100 96 100 1 69 100 100 95 100 100 92 93 100 1

Number of required runs  (Test Halton) 2 1 1 1 1 1 1 1 1 1 1 1 1 1 100 1

Node 1 Node 2 Node 3 Node 4 Node 5 Node 6 Node 7 Node 8 Node 9 Node 10 Node 11 Node 12 Node 13 Node 14 Node 15 Total

Number of required runs  (Training Monte Calo) 100 100 100 100 92 100 93 100 98 100 100 100 100 100 100 1

Number of required runs  (Training Halton) 1 97 1 1 1 1 1 1 88 39 49 1 1 1 97 1

Number of required runs  (Test Monte Calo) 100 100 100 100 100 97 100 100 100 100 100 100 97 100 100 1

Number of required runs  (Test Halton) 93 97 1 1 1 1 1 1 1 78 100 1 1 1 100 1

10% different from the final mean

5% different from the final mean

2% different from the final mean
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Figure 10.1  Coefficient of variation of the coefficient of unalikeability  

 

Figure 10.2  Average unalikeability coefficient vs. coefficient of variation  
(Training set) 

Hence, there is no a priori reason why this reproduction should be better in the 

training set than in the test set. In fact, the results relate to the measurement of the 

degree of variability observed in the distribution of action states. To better understand 

this concept, Figure 10.2 graphs the average unalikeability coefficient against the 

coefficient of variation. It is evident that a higher average coefficient of unalikeability 

coincides with a lower coefficient of variation. This finding indeed intuitively makes 

sense. The higher the coefficient of unalikeability, the more disperse the distribution of 

action states and the lower the uncertainty based on multiple draws will be. Thus, the 

nodes with a lower CV are simply those nodes for which the coefficient of unalikeability 

is higher.  
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Figure 10.3  Accumulated average for node 5  

(Training set) 
 

 

 

 

 Figure 10.4  Accumulated average for node 15  
(Training set) 
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Because we phrased the discussion in terms of computing times, we also 

calculated the number of draws required to get a stable result with a certain accuracy. 

Table 10.3 shows that in almost all cases the number of required runs substantially 

decreases when the Monte Carlo sampling scheme is replaced by Halton draws, 

implying that substantial savings in computing times may be achieved.  

Finally, the accumulated average of the coefficient of unalikeability was graphed 

against the number of draws in Figures 10.3 and 10.4. The two nodes with the highest 

and lowest CV in the training set were chosen for the illustration. It evidences that the 

accumulated average is much more stable when Halton draws are used. The higher 

fluctuation in the accumulated average was reflected before in Table 10.2 by the higher 

coefficient of variation related to Monte Carlo draws. After 100 draws, the Monte Carlo 

draws do not show evidence of convergence yet. Nevertheless, the figures are still 

illustrative in showing the large difference between the fluctuations of the index 

according to the two sampling schemes.  

10.5 Conclusions 

The shift from deterministic to stochastic models of travel demand forecasting has 

triggered the necessity to consider the uncertainty that surrounds outcomes and 

forecasts of this new generation of models of travel demand. In addition, conducting 

uncertainty analysis would be a good habit for every forecasting model, considering the 

uncertainty in input, the model itself and the future. The results of uncertainty analyses 

provide additional information that is relevant and useful to qualify outcomes and make 

better-informed policy decisions. 

However, the potential power of uncertainty analysis comes with a cost. 

Uncertainty analysis involves very high computing times on top of the already 

substantial computing times required to apply comprehensive activity-based models of 

travel demand. Hence, there is a need to develop, explore and test approaches and 

procedures that would make applications of uncertainty analysis in urban and 

transportation planning more feasible. 

The literature review in Chapter 3 has shown that all mentioned uncertainty 

analyses in transportation research have been based on random Monte Carlo sampling 

procedures. The results of our analyses of the Albatross model system for the City of 

Rotterdam have shown that sometimes several hundreds of simulation runs are 

required to obtain stable performance indicators. Hence, one contribution to bringing 
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the application of uncertainty analysis to transportation planning practice is the use of 

more efficient sampling schemes than Monte Carlo sampling to reduce computing times. 

In this chapter, we focused our attention on model uncertainty as it was much 

higher than input uncertainty. Rather that completing all simulations reported in 

Chapter 6 based on a more efficient sampling scheme, we constructed a decision tree of 

transportation mode choice from the MON data and compared the efficiency of Monte 

Carlo draws and Halton draws. To the best of our knowledge, Halton draws have only 

been studied in the transportation literature in the context of the estimation of discrete 

choice models, not in the context of uncertainty analysis.  

Results of the analysis clearly indicate that uncertainty, measured in terms of the 

coefficient of variation of the coefficient of unalikeability, is considerably decreased 

when employing the Halton draws as a means of action state realization. After 100 

runs, the uncertainty based on the Halton draws is much smaller than the uncertainty 

based on the Monte Carlo sampling scheme. This means the same degree of 

uncertainty can be achieved faster when Halton draws are using, saving computing 

times. 

The potential advantage of using more efficient sampling schemes can be better 

understood by realizing that the procedure explained in this chapter is just a small part 

of the process model underlying complex computational process models like Albatross. 

In such models, the result of each decision table acts as input for successive decision 

tables. A high CV for the outcome of each decision tree translates into large differences 

in the simulated action states for the population under study between successive model 

runs. This high variability may propagate to all successive decision tables and 

consequently may result in a large uncertainty of the final system-wide performance 

indicators. It is recommended therefore to apply such schemes in future applications of 

uncertainty analysis of complex model systems (or any model for that matter). 

As discussed in the introduction, the assessment of uncertainty in model outcomes 

as a function of input uncertainty involves a slightly different procedure and involves 

sampling from the multidimensional space of uncertain input variables. Parts of this 

space may be spare, implying that space-covering sampling schemes may also be more 

efficient for this problem. We decided not to conduct such an analysis here because 

input uncertainty was small, but of course this conclusion was relative to the operational 

decisions made. Hence, further exploring the usefulness of alternative sampling 

schemes in the context of input uncertainty should be supported and stimulated. 
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Finally, to complete this chapter, we have only scanned the problem and explored 

the gain in computing times for one alternative sampling scheme. In particular for the 

case of input uncertainty, it would be valuable to systematically compare the 

performance of several different sampling schemes and search for any relationship 

between the performance of a scheme and properties of the data such as the number 

of dimensions, the strength of the correlation in the data, the sparseness of the data 

space, etc.  
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11 

Emulators6 

 

 

 

11.1 Introduction 

Recent progress in modeling travel demand has evidenced increased application of 

micro-simulation and multi-agent models (e.g., Bradley, et al., 2001; Jonnalagadda, et 

al., 2001; Vovsha, et al., 2002, 2008, Bekhor, et al., 2011; Castiglione, 2011; Bao et al, 

2015). It marks a contrast with conventional aggregate four step models of travel 

demand, which allowed predicting travel demand (OD-matrices) by simple matrix 

manipulations. Although in principle some activity-based models of travel demand 

forecasting could also generate OD-matrices using simple matrix operations, the field of 

transportation research at large has shifted to the use of micro-simulation and multi-

agent models. As argued by Ziems, et al. (2011), the primary motivation behind the use 

of micro-simulation approaches concerns their ability to simulate decision-processes and 

choice behavior at the level of individual decision-makers while accounting for 

constraints, opportunities, and dependencies that characterize individual behavior. 

The application of these micro simulation models involves several steps. First, a 

synthetic population of the study area of interest is created. This synthetic population 

describes each individual (and household) in the study area in terms of its socio-

demographic profile, and usually ownership of various mobility tools. Next, a sample of 

this synthetic population is selected to run the simulations. Only if the population of the 

                                                     

6  This chapter is based on Rasouli, S. & H.J.P. Timmermans (2013b), Using emulators to 
approximate predicted performance indicators in complex micro-simulation and agent-based 
models of travel demand, Transportation Letters, 5, 96-103. 
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study area is small, the full synthetic population may be simulated. Then, the profiles of 

simulated individuals or agents of the synthetic population are input to the (sub)models 

that together make up an activity-based model of travel demand. As these models tend 

to be stochastic, usually the simulation involves Monte Carlo sampling from error 

distributions. For example, in case of a multinomial logit or more complex discrete 

choice models, the simulation entails draws from the error-covariance matrix of the 

utility function to simulate single realizations of the associated choice process. 

Alternatively, Monte Carlo sampling may be needed to simulate realizations of 

probabilistic decision tables (e.g., Rasouli, et al., 2011). To separate simulation error 

from other sources of variability, several runs of the model system are required. 

As a result, the application of micro-simulation and agent-based models is 

computationally expensive. If the process model underlying the model system is 

complex, a single run of the model may take many hours. To take Albatross (Arentze & 

Timmermans, 2004) as an example, a single run takes 1 night on a normal PC. 

Similarly, the MATSIM model required about 36 hours computing time to simulate ca. 

2.3 million individuals producing about 7.1 million trips, using motorized individual 

transport, assigned to the Swiss network model consisting of about 60,000 links 

(Balmer, et al., 2009). Outwater & Charlton (2006) reported run times of 36 hours for 

the SF-CHAMP model applied to the 9-county San Francisco Bay Area. 

Computational burden is further increased if the formal uncertainty analysis, 

developed in this thesis, is added to the set of analyses. Previous research (e.g., 

Veldhuisen, et al., 2000; Castiglione, et al., 2003; Ziems, et al., 2011) has indicated that 

around 10 runs are minimally required to obtain stable simulation results. The results of 

our analyses suggest, however, that in some cases this number may need to be 

substantially higher. It implies that run times will be proportionally higher if such stable 

simulation runs are deemed necessary in applications of travel demand models. 

However, formal uncertainty analysis goes beyond stable simulation results in that the 

aim is to calculate measures of uncertainty such as the coefficient of variation. As 

shown, it may be needed to have several hundreds of model runs to assess the impact 

of model and/or input uncertainty on model outcomes. If, in addition, the goal is to 

infer results of the sample of the synthetic population to the larger population and 

achieve the usual 95 per cent confidence intervals, even more runs (or a larger fraction 

of the synthetic population) may be required, further increasing computation burden 

and run times.  
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Although such excessive run times may be less problematic if the model is used in 

sequential project-type policy development settings, in which researchers have the 

opportunity to run their model simulations in-between project meetings, long run times 

certainly preclude applications of complex micro-simulation and agent-based models in 

real-time transportation planning sessions. To the extent that the model of travel 

demand can be run independently on separate servers, parallel computing or cloud 

computing (e.g., Outwater & Charlton, 2006, Li, 2011) may reduce turnaround times of 

model results. Simulated individuals or agents would then be allocated to different 

servers and the model of travel demand would be run independently on these separate 

servers. At the end of the process, simulated choices would be aggregated and relevant 

performance indicators can be calculated. Such an approach would require additional 

resources (budget, server capacity, computers), but the time required to obtain 

simulation results will be reduced approximately in proportion to the number of 

servers/installations of model software. It is unlikely, however, that this can be achieved 

in real time planning sessions. 

In this chapter, we argue therefore that in this policy context emulators may be 

useful. An emulator is a statistical model depicting the relationship between input 

variables and a predicted output variable of a much more complex (process) model of 

interest. Note that the statistical model is not build to represent the relationship 

between input variables and observations of the phenomena of interest. In the context 

of activity-based modeling of travel demand, it replaces and approximates the 

underlying process model of individual and household decision-making and choice 

behavior and characterizes a particular outcome variable of the complex simulation 

model. One may argue why such a statistical model needs to be constructed based on a 

complex model and not on the original data itself. The reasoning becomes clear noticing 

that a model is an instrument to help planners to make informed decisions. Such a 

decision cannot be made based on a sample especially if the target population is not 

absolutely similar to the original sample. A sample is just a group of people and a 

complex model simulates the underlying process for their decision making. The general 

rules, extracted from such a sample through a complex model, are assumed to be 

applied to any other population (after checking of the transferability). In other words, 

once an appropriate emulator is constructed based on a single run of a complex model, 

it can be used to help policy makers making informed decisions. An appropriate 

emulator here means the one, which can translate policy-related questions into the 

emulator framework. 
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The concept of an emulator has recently gained some attention in climate and 

environmental modeling, where run times are even higher (e.g., Margvelashvili & 

Campbell, 2011; Borgonova, et al., 2012). We are, however, not aware of any 

application of emulators in travel demand forecasting. 

A necessary condition for the successful development and application of emulators 

in transportation planning sessions is that the outcome of a complex process or 

scheduling model with multiple constraints and interdependencies can be sufficiently 

captured in terms of a simple statistical representation. It implies that the researcher 

has to assume a particular functional form, or alternatively explore the performance of 

alternative functional relationships between the input variables and the outcomes of the 

complex model system. To the best of our knowledge, such tests have not yet been 

conducted in travel behavior forecasting. 

 The aim of the chapter is to explore the potential of emulators to reduce 

computational burden in applications of complex activity-based models of travel 

demand, using Albatross (Arentze & Timmermans, 2000, 2004a, 2004b, 2005) as an 

example. To that end, we discuss principles of building an emulator, which in this study 

is developed for approximating one of Albatross’ output performance indicators: daily 

kilometers traveled per person to illustrate the approach. This is followed by a 

discussion of results. We then continue by examining the impact of the number of 

simulation runs on the performance of the emulator. In the past, often a single model 

run was conducted to assess impacts of scenarios. Because it has been increasingly 

realized that multiple runs are necessary to differentiate between policy effects and 

model uncertainty, usually around 10 runs are said required to achieve stable simulation 

results. Fundamentally, however, this number depends on the performance indicator, 

behavioral heterogeneity, sample fraction, population size, etc. To examine the impact 

of the number of simulation runs on emulator performance, we compare results for 1, 

10 and 50 model runs. This is reported in the next section of the chapter. The chapter 

is completed with a reflection on the development and application of emulators in 

forecasting travel demand. 

11.2  Approach 

The very notion of an emulator is that a statistical model is estimated to predict a 

particular outcome of a complex model system on the basis of a set of input variables. 

Thus, because the goal is to find a good representation, commonly used principles in 
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model building such as parsimony and significance of parameters are less relevant in 

this context. 

Because the purpose is to find a good, often unknown representation, in general 

an approach, which aims at finding the best functional relationship between input 

variables and a model outcome would be a good candidate. An example would be to 

develop a neural network. Alternatively, one might apply an approach that is flexible 

and allows for any non-linear relationship between input variables and the outcome 

variable of the underlying complex model system. For example, Rasouli & Timmermans 

(2012d) built a multivariate adaptive regression spline emulator of travel time predicted 

by the Albatross model.  

In this thesis, we report the results of another emulator, which was based on a 

very simple statistical model. More specifically, to explore the applicability and potential 

of emulators in applied transportation planning we built a simple linear regression 

response curve statistical model of the daily kilometers traveled per person performance 

indicator generated by the Albatross system. The purpose of this analysis was to 

examine whether a simple response curve model, which is considerably less demanding 

in run times, could successfully represent the relationships between a set of socio-

demographic input variables of simulated individuals and the daily kilometers traveled 

per person predicted by Albatross.  

Note that the daily kilometers traveled per capita is not a quantity observed in 

activity travel diaries, used in the data collection, but rather one of the predicted 

performance indicators of the Albatross system. Thus, the response curve model is not 

about the relationship between daily kilometers traveled by individuals belonging to 

different socio-demographic segments of the population, calculated on the basis of the 

information embedded in activity-travel diaries, but the response curve model 

represents the relationship between their socio-demographic profile and one of the 

simulated outputs (daily kilometers traveled per person) of the large-scale full-fledged 

Albatross model system. 

Constructing an emulator depends strongly on the purpose of analysis, the nature 

of the variables of the model and underlying processes. As said, in the present study, to 

explore the application of emulators in travel demand forecasting, a simple emulator, 

based on a regression model including all main effects and all first order interaction 

effects, was built. Here again, in principle second and higher order interaction could 

have been added. As will become clear later, the inclusion of first order interactions only 
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already produced very good results. Moreover, the analyses that will be reported later in 

this chapter demand some degrees of freedoms left.  

To explore the potential of emulators, as an example, the purpose was to predict 

an Albatross performance indicator Y (distance traveled per day per capita) as a 

function of selected input variables. The following procedure was followed: 

1. Draw a random sample , , … ,  of fraction size  from the         

synthetic population 

2.  Obtain for each member in the sample s, the configuration of K  input variables  

, , … ,         

3.  Run Albatross 	times to obtain an estimate of . 

4.  Estimate an appropriate statistical response curve model   

In the present study, a sample fraction of 10% of the synthetic population of 

Rotterdam was used for the analysis. It should be realized that in general, the selection 

of the size of this fraction may affect the accuracy of the emulator. For illustration, 

three socio-demographic input variables were used: household composition, socio-

economic status (income) and age of children in the household. In an applied context, 

one would include all socio-demographic variables that are used in the complex model 

as this allows greater flexibility in the application of the emulator. Household 

composition was categorized into single, no work; single, work; two adults, one work 

and two adults, two worker, and two adults, no worker. Income consisted of the 

following classes: less than 16250 euros/year, between 16250 and 23750 euros per 

year; between 23750 and 38750 euros per year and more than 38750 euros per year. 

Age of children in the household was differentiated between no children younger than 

18, children less than 6 years old, children between 6 and 11 years old and children 

between 12 and 17 years old. To examine the impact of the number of runs on the 

accuracy and performance of the emulator, three values for  were selected: 1, 10 

and 50. More specifically, due to the probabilistic nature of decision trees in Albatross, 

one runs only may lead to some extreme results which consequently may produce some 

bias and eventually influence the performance of the emulator. Daily kilometers traveled 

per capita was calculated separately for these different number of simulation runs for 

each of the categories of the socio-demographic variables and their combination. 
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Table 11.1  Results of the emulator for a single run 

Variable B     Std. Error 

(Constant) 8.612 .321 

 C0: single, no work -1.785 .868 

C1: single, work -.173 .509 

C2: two adults, 1 worker 1.348 .524 

C3: two adults, 2 workers .912 .561 

S0 income <16250 -.071 .505 

S1 income 6250 - 23750 .269 .480 

S2 income 23750 - 38750 -.531 .498 

Ch0-no children < 18 old 2.057 .455 

Ch1-Child < 6 years old -1.398 .480 

Ch2-Child 6<<11 -2.034 .581 

c0s0 .961 1.113 

c0s1 1.020 1.298 

c0s2 -1.660 1.280 

c1s0 1.055 .850 

c1s1 -.567 .836 

c1s2 -.044 .846 

c2s0 -1.110 .955 

c2s1 .213 .856 

c2s2 .280 .853 

c3s0 -2.961 1.156 

c3s1 .487 .876 

c3s2 1.567 .889 

c0ch0 -.340 1.081 

c0ch1 -.899 1.312 

c0ch2 -.191 1.616 
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c1ch0 1.900 .822 

c1ch1 -1.784 .835 

c1ch2 .092 .898 

c2ch0 -.589 .831 

c2ch1 .501 .852 

c2ch2 .734 .922 

c3ch0 .717 .855 

c3ch1 .963 .979 

c3ch2 .106 .965 

s0ch0 .166 .753 

s0ch1 -.043 .853 

s0ch2 .806 .881 

s1ch0 -.342 .736 

s1ch1 -.241 .785 

s1ch2 1.002 .809 

s2ch0 .791 .748 

s2ch1 .396 .752 

s2ch2 -1.573 .894 

  

11.3  Analysis and results 

A simple main effects plus first order interaction regression model was estimated to 

build the emulator. The dependent variable of this model is the average daily kilometers 

traveled per capita, predicted by the Albatross model for each identified segment of the 

synthetic population (combinations of categories of the selected socio-demographic 

variables). The independent variables consist of the three selected socio-demographic 

characteristics of the individuals plus their interactions.  

Note that this philosophy of including all first order interactions differs from 

commonly used reasoning to decide on the inclusion or exclusion of particular variables 

in developing parsimonious statistical models, based on their significance. The purpose 
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of building the emulator is not to obtain a parsimonious model per se, but rather to get 

a close approximation of the outcomes of the emulated more complex model system. 

The selected three socio-demographic variables were chosen because these variables 

are typically used in applications of activity-based models to simulate effects of 

scenarios of population change on travel demand, measured in terms of total kilometers 

traveled. Each of these input variables was effect-coded.  

This means that L-1 indicator variables were constructed for each categorical 

variable of L categories. A category is coded as 1 on the corresponding indicator 

variable and 0 on all other indicator variables. One of the categories is chosen as the 

base and coded as -1 on all L-1 indicator variables. This coding scheme implies that all 

effects represent differences from the weighted mean. All first order interaction effects 

were estimated as well. The results are shown in Tables 11.1 and 11.2. More 

specifically, Table 11.1 presents the results of the regression model based on a single 

run of the Albatross model system. The coefficient of correlation for the estimated 

model is 0.893. The predictions of the emulator are closely related to the daily 

kilometers traveled, predicted by the Albatross model system.  

Although less relevant in the present context, because the focus is not on specific 

relationships between socio-demographic variables and simulated distance traveled but 

rather on the overall accuracy of the emulator, estimated coefficients of the multiple 

regression model show that the daily kilometers traveled per person as predicted by the 

Albatross model system, is highest for two adults, one worker households when one 

single run is conducted, while the highest value is related to two adults, two workers 

once the number of runs increases to 10 and 50. The lowest value for the predicted 

kilometers travelled is associated with single, no worker households, regardless of 

number of runs. Ceteris paribus, predicted total distance traveled is highest for 

households without children and tends to decrease for households having children less 

than 11 years old and to increase for households with children older than 11. Main 

effects for income are highest for the highest income category for all number of runs. 

To further assess the performance of the emulator, daily kilometer traveled per 

capita predicted by the emulator was graphed against predicted kilometers by the full 

Albatross model. Figure 11.1 shows that the emulator behaves reasonably well – most 

data points are nicely positioned along the 45 degrees line – there is no evidence of any 

systematic bias. Only few data points appear to be relative outliers – these points relate 

to single, no worker households of the lowest income category. 
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Table 11.2  Results of the emulator for 10 and 50 runs 

Model Coefficients 

(10 runs) 

Coefficients 

(50 runs) 

 B Std. Error B Std. Error 

(Constant 9.417 .090 9.629 .080 

C0: single,no work -1.887 .242 -1.976 .216 

C1: single, work 
.594 .142 .560 .127 

C2: two adults, one work 
.855 .146 .737 .130 

C3: two adults, 2 worker 
1.155 .156 1.499 .139 

S0 income <16250 
-.566 .141 -.197 .125 

S1 income16250<<23750 
.276 .134 .133 -.119 

S2 income 3750 – 38750 
-.082 .139 -.082 .124 

Ch0: no children < 18 
1.438 .127 1.226 .113 

Ch1: Child<6 years old 
-1.201 .134 -1.206 .119 

Ch2: 6 – 11 
-1.243 .162 -.899 .145 

c0s0 -.038 .311 -.323 .277 

c0s1 .714 .362 .905 .323 

c0s2 -.405 .357 -.378 .318 

c1s0 .023 .237 -.280 .211 

c1s1 -.334 .233 -.424 .208 

c1s2 -.030 .236 .194 .210 

c2s0 .222 .266 .314 .237 

c2s1 .132 .239 -.092 .213 

c2s2 .151 .238 .015 .212 

c3s0 -.736 .323 .101 .287 

c3s1 .004 .244 -.103 .218 

c3s2 .525 .248 .095 .221 

c0ch0 -.393 .302 -.327 .269 

c0ch1 -.625 .366 -.455 .326 

c0ch2 -.837 .451 -.767 .402 
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c1ch0 1.271 .229 1.257 .204 

c1ch1 -.905 .233 -.415 .208 

c1ch2 -.427 .250 -.245 .223 

c2ch0 -.233 .232 -.116 .207 

c2ch1 .368 .238 .231 .212 

c2ch2 .658 .257 .425 .229 

c3ch0 .503 .238 .098 .212 

c3ch1 .531 .273 .332 .243 

c3ch2 .096 .269 .048 .240 

s0ch0 .642 .210 .316 .187 

s0ch1 .156 .238 -.135 .212 

s0ch2 .021 .246 -.079 .219 

s1ch0 -.266 .205 -.081 .183 

s1ch1 .161 .219 .391 .195 

s1ch2 -.198 .226 -.228 .201 

s2ch0 .098 .209 -.033 .186 

s2ch1 -.067 .210 -.090 .187 

s2ch2 -.332 .250 -.018 .222 

 

 

Figure 11.1  Albatross output versus Emulator for 1 run 
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Figure 11.2  Albatross output versus Emulator for 10 runs 

 

 

 

Figure 11.3  Albatross output versus Emulator for 50 runs 
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11.3.1  Effects on number of model runs 

As shown in Chapter 6, a single run of a complex activity-based model system is 

associated with a relatively high degree of uncertainty of a performance indicator. As 

we have seen, often the average and standard deviation of the outcome of a complex 

model of travel demand (Albatross in this study) may shift and only stabilize after a 

certain number of model runs. In general, this uncertainty will be higher if that indicator 

is broken down by socio-economic segments. In turn, this may negatively affect the 

performance of the emulator.  

Multiple runs of the large-scale activity-based model of travel demand produce 

more precise estimates of the performance indicator. Moreover, the average of the 

performance indicator of interest will become stable after a certain number of model 

runs. In turn, the emulator may therefore be a better approximation of the complex 

model system, particularly if indeed the functional relationship between the input 

variables and the performance indicator is represented well by the specification of the 

statistical model that represents the emulator. Of course, whether this assumption holds 

cannot be theoretically derived, but needs to be empirically explored. 

Two more settings were therefore applied in this study to examine the effects of 

different number of model runs on emulator performance. In particular, 10 and 50 

model runs were implemented. Thus, the Albatross model system was run 10, 

respectively 50 times, for a random sample fraction of 10% of the synthetic population 

of Rotterdam. Each model run give a predicted/simulated average distance traveled for 

each simulated individual of the sampled fraction of the synthetic population. These 

predicted average daily travel distances were averaged for the combinations of selected 

socio-demographic variables, i.e. the various segments of the synthetic population 

across the number of model runs (10 respectively 50). Next, these averages were then 

input to the emulator.  

The results are reported in Table 11.2 and Figures 11.2 and 11.3. The explained 

variances (R-squared) for the increased number of model runs are 0.967 and 0.969 for 

respectively 10 and 50 runs, compared to 0.893 for the single run setting. This finding 

suggests that, at least in this study, the emulator approximates the full model system 

better when the number of model runs increases, albeit not in a linear fashion. The 

emulators constructed based on the higher number of runs not only better capture the 

general relationship between predicted simulated daily distance travelled by Albatross 

and the corresponding ones by the more parsimonious regression model, increasing the 
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number of model runs also improves the accuracy of the estimates as indicated by 

smaller standard errors. 

11.4  Conclusions and discussion 

The quantification and analysis of the impact of input and/or model uncertainty in 

complex models of travel demand forecasting represents a huge computational effort. 

The daily out-of-home patterns of each member of a synthetic population are simulated 

multiple times to derive measures of uncertainty of performance indicators, derived 

from these activity-travel patterns. Such computing times potentially restrict the 

application of uncertainty analysis in transportation planning practice. 

We have argued that emulators may be potentially valuable tools in real time 

transportation planning sessions, where short turn-around times of model runs are 

crucial. Emulators in this context are statistical representations of input-output 

relationships associated with a particular process model of activity-travel behavior that 

uses micro-simulation or agent technology. By focusing on these relationships, high run 

times required to perform the Monte Carlo simulations on the chain of stochastic sub-

models are substantially reduced. The large scale, computationally intense, process 

model of activity-travel demand needs to be run only once for a fraction of the synthetic 

population to build the emulator, which can then be applied multiple times in 

subsequent scenario/policy development sessions with significantly lower run times. 

This potential reduction in run times will be further increased if the policy applications 

also involve multiple runs of the model system to achieve stable performance indicators 

and/or conduct a formal analysis of input and/or output uncertainty. 

As an illustrative example, consider the application of the Albatross system to 

simulate the effects of a greying population described in Arentze, et al. (2008). The 

authors formulated a base scenario and several other economic and demographic 

scenarios. The base scenario described the system (people, infrastructure and land use) 

for some future point in time and then applied the model with this future as input. The 

other scenarios require the formulation of transition probabilities in selected socio-

demographic variables and any other change in land use and transportation data. 

The critical observation is that the full Albatross system needs to be run for each 

of these scenarios, which takes considerable time. Results may trigger discussion, which 

in turn may lead to the formulation of new variants and/or scenarios. To provide 

answers to these new or more detailed policy questions, a new full model run is 

required every time such a question emerges. 
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Now consider an emulator, like the regression equation in the present study. Every 

time a new policy question emerges, only the regression equation needs to be run, not 

the full model. This is a matter of seconds, not a matter of hours or days. Hence, 

emulators are useful decision adds in real-time planning sessions. They allow policy 

makers to quickly explore the consequences of possible scenarios according to 

approximated predicted of the complex model system. 

Building an emulator of course demands extra time. For each relevant 

performance indicator, an emulator needs to be built, and that should be done in a 

more systematic manner than the example developed in this chapter. However, it 

should be realized that emulators are simple aggregate statistical models. It should not 

take much more than a few days at best to estimate and compare a multitude of 

emulators for a model system such as Albatross. Particularly if the model is used 

frequently, this extra development time will be easily recovered in the real-time policy 

development and assessment sessions. 

We have illustrated a simple emulator using Albatross as an example. We selected 

kilometers traveled per day per capita as an example of a performance indicator 

generated by the Albatross system, and selected three socio-demographic variables as 

input variables for the emulator. Evidently, the choice of performance indicator and 

choice of explanatory variables limit the relevance of the emulator. The choice of 

performance indicator should be dictated by its relevance to the policy issue at hand. In 

general, it is advisable to include all socio-demographic variables from the beginning. 

The only concern here may be that particular interactions might be based on a limited 

number of data. 

In the context of Albatross, emulators can also be build for the other performance 

indicators. We expect similarly positive findings for the other aggregate performance 

indicators generated by the Albatross system. It should be realized here, however, that 

the basic output of this and other activity-based models of travel demand are individual-

level schedules of activity-travel episodes. In principle, these schedules can be 

aggregated across time and space into quantities such as time-dependent O-D matrices, 

activity-specific number of visits to a set of destinations, network volumes, etc. In 

principle, emulators could also be built for such output. However, because there is less 

aggregation involved, future research should examine whether similar positive results 

can be found for such more disaggregated outputs of large-scale simulation model 

systems, and which factors influence the performance of the emulator for such 
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applications. It may be that more advanced statistical representations are required for 

these types of applications. 

In the present study, we have used the same number of model runs and the same 

population fraction for each socio-demographic segment. As the size of the segments 

differs in the (synthetic) population, alternatively one might decide to increase the 

fraction and/or the number of model runs for the smaller segments to obtain more 

representative averages for such segments. 

Our application concerned point estimates for the selected performance indicator 

of Albatross. However, as discussed, in principle every summary measure of the sample 

can be emulated. Uncertainty analysis would be another major and unexplored field of 

application. Summary statistics capturing uncertainty such as, for example, the 

coefficient of variation could be analyzed in a similar fashion. Of course, in this case, the 

model of activity-travel demand would need to be run a larger number of times to 

obtain the uncertainty distribution of the output variables concerned. However, using an 

emulator would, in this case, be even more computationally efficient as the reduction in 

run times would be substantially higher.  

The discussion to this point concerned the case of model uncertainty. A similar 

process can be followed to build an emulator for approximating the effects of input 

uncertainty, although the previous chapters indicated, for the present study, that model 

uncertainty is the most critical type among the tree types (model, input and combined 

(input+ model) uncertainty) of uncertainty.  

If the underlying data are continuous, further decisions concerning the simulation 

of input uncertainty need to be made. These decisions relate to the sampling process 

(classic Monte Carlo or more dedicated sampling schemes), and to the nature of the 

data generating distributions (Gaussian or other distributions). Depending then on these 

decisions, different emulators of varying complexity could be built. 

It should be realized that as a “model of a model”, emulators introduce another 

source of error. It is critical, therefore, that an emulator accurately describes input-

output relationships in the emulated model. If, in the present case of the regression 

model, the explained variance would have been considerably smaller, the predictor 

value of the performance indicators may be less valuable. Any discrepancies between 

the predicted value of the emulator and the corresponding model output should be 

valued against the level of accuracy deemed required for the planning problem and 

purpose of the transportation planning session at hand.  
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The concept of emulator also has some interesting ramifications for 

methodological discussions in the field of activity-based modeling. As discussed in 

Chapter 2, a difference can be made between utility-maximizing and computational 

process models. The former models estimate utility parameters on the observed 

complete activity-travel patterns, such that some measure of goodness-of-fit is 

optimized 7  In contrast, computational process models assume some underlying 

scheduling process, and only use partial information to induce a decision tree or other 

formalism. It means that some degrees of freedom are kept open and that a more 

independent test can be conducted on whether the emerging activity-travel sequences 

represent observed activity-travel patterns sufficiently well. Arguably, computational 

process models better represent the decision-making process. 

The quintessence of the concept of an emulator is to replace an underlying 

behavioral process model with a statistical model of input-output relationships. What if 

the model of travel demand is already based on such input-output relationships – would 

the concept still be useful? Although activity-based models using discrete choice model 

specifications have been founded in random utility theory, they directly relate 

observations of activity-travel choices or full activity-travel patterns to the explanatory 

variables of the model. In other words, arguably, one statistical input-output model 

would then be replaced by another statistical input-output model. Or, in the case of a 

suite of independently developed sub-models that are linked on an ad hoc basis to 

predict comprehensive activity-travel patterns, one statistical model would replace the 

results of loosely or uncoupled statistical models. The Albatross system, although also 

using statistical concepts, is different in that it is based on a separate process model 

and empirical data are only partially used at every step of scheduling process. Activity-

travel patterns emerge and are not direct input to model estimation. Thus, while an 

emulator in the context of Albatross could be claimed to represent the results of a 

behavioral process model, such a stance may be more difficult to defend in case of 

other activity-based models of travel demand. The use of emulators is then more 

difficult to justify by arguing it approximates the predictions of the behaviorally richer 

                                                     

7 For completeness, it should be noted that this classification of activity-based models may not 
always be clear-cut. Other model systems consist of a suite of independent models, some of which 
are based on the principle of utility-maximizing behavior. A detailed discussion of the exact 
differences and similarities of the various models would take the argument beyond the meant 
discussion. The key point is that activity-based models of travel demand differ in terms of their 
attempt to mimic the scheduling process underlying observed activity-travel patterns.  
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process model. Of course, the advantage of running multiple scenarios in a short period 

of time still holds. 

One may wonder the need to have a highly complex background model in the first 

place. The primary reason should be that this complex model is behaviorally superior in 

predicting activity-travel behavior. The emulator would then approximate aggregate 

results of the micro-simulation model. It should be realized that emulators do not 

provide detailed information at the individual level, but just give initial estimates of 

aggregated results. Consequently, emulators are most useful when one needs to 

compare various alternatives within a short period of time, avoiding too much effort and 

high computational expenses. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

309 

 

 

12 

Ensembles8 
 

 

 

 

12.1 Introduction 

The aim of probabilistic travel demand forecasting will generally be to develop models 

with a low degree of uncertainty to better discriminate policy effects from uncertainty. 

The introduction of this idea into travel demand forecasting practice is demanding in the 

sense that considerable effort is required to produce the necessary output. A basic 

uncertainty analysis requires multiple model runs and/or a larger sample fraction of the 

synthetic population to quantify the degree of uncertainty. In addition to the core of 

uncertainty analysis in activity-based models, in this thesis we explore some ideas and 

concepts to reduce the amount of uncertainty and the amount of effort and 

accompanying computing times to quantify the uncertainty. 

In Chapter 10, we explored the possibility of more efficient sampling schemes to 

obtain good estimates of uncertainty at less computing costs. In Chapter 11, we 

introduced the idea of emulators in travel behavior research, which allow reducing 

computing times in estimating uncertainty in real-time planning sessions. In this 

chapter, the use of ensembles of decision trees to reduce uncertainty. 

Chapter 2 has shown that over the last decade, activity-based models of travel 

demand have gradually found increasing application in travel demand forecasting 

practice (see also Vovsha, et al., 2005; Henson, et al., 2009). Contemporary activity-

                                                     

8 This chapter is based on Rasouli, S. & H.J.P. Timmermans (2014), Using ensembles of decision 
trees to predict transport mode choice decisions: Effects on predictive success and uncertainty 
estimates, European Journal of Transport and Infrastructure Research, 14, 412-424. 
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based models of travel demand are based on stochastic model specifications. One of 

the interpretations of travel demand forecasting models based on random utility theory 

(e.g., Bowman & Ben-Akiva, 2000; Bhat, et al., 2004; Pendyala, et al., 2005) is that 

individual travellers hold inherently stochastic preferences. It implies that, under the 

postulate of utility-maximizing behavior, travellers may choose different alternatives on 

successive choice occasions, even under otherwise equivalent conditions. Alternatively, 

it may mean that all the travelers belonging to the categories defined by a set of chosen 

socio-demographic and economicl variables do not receive exactly the same amount of 

utility under equivalent conditions.  

In the case of rule-based models or computational process models, such as 

ALBATROSS (Arentze & Timmermans, 2000; 2004a, 2004b, 2005) and TASHA (Roorda, 

2005; Roorda & Miller, 2005; Roorda, et al., 2005, 2008), stochasticity is reflected in the 

use of probabilistic decision tables or decision rules. Theoretically, it has the same 

interpretation as the utility-based models. More specifically, it either implies that the 

individuals represented by the same branches of decision trees may decide differently, 

reflected by the probability of taking a specific action or it means that even a single 

individual may act differently under the equivalent circumstances across successive 

choice occasions.   

The application of these stochastic travel demand forecasting models to predict 

the effects of policy scenarios involves (Monte Carlo) sampling from the assumed error 

distributions (in case of econometric models) or from probabilistic decision tables (in 

case of rule-based models). Consequently, regardless of the theoretical behavioral 

interpretation of stochasticity of the activity-based model, different sampled error terms 

or branches of the decision table, will result in differences in predicted activity-travel 

patterns, and therefore in possibly different assessments of policy effects. This situation 

has led to the understanding that Monte Carlo simulation error should be separated 

from policy effects in applications of micro-simulation and agent-based modeling of 

travel demand. It generated an increased awareness of the relevance of uncertainty 

analysis in applied transportation planning practice (Veldhuisen, et al., 2000b; 

Castiglione, et al., 2003; Beger Hugosson, 2005; de Jong, et al., 2007, Ziems, et al., 

2011).  

Nevertheless, the number of studies on uncertainty analysis in travel demand 

forecasting is still small (Chapter 3). Existing studies on uncertainty analysis have 

typically attempted to quantify the amount of uncertainty in particular types of travel 

demand forecasts (travel behavior indices, OD-matrices, traffic flows) as a function of 
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input and/or model uncertainty. Uncertainty analysis allows policy makers to assess the 

confidence levels that are associated with model forecasts due to input and/or model 

uncertainty. The majority of these studies on uncertainty analysis have focused on the 

four-step model (e.g., Zhao & Koppelman, 2002) or on discrete choice models (e.g., de 

Jong, et al., 2007; Zhang, et al., 2011. Studies, examining uncertainty in forecasts of 

rule-based models of activity-travel demand, have been confined to limited analyses 

focusing on Albatross (Kwak, et al., 2012; Rasouli & Timmermans, 2013d, 2013e, 

2013f) and its Flemish equivalent (Cools, et al., 2011; Rasouli, et al., 2012, Bao, et al., 

2015), and this thesis. 

The practice of model development and application, however, has not changed: 

modelers have continued identifying the single best performing model and use its 

estimated parameters to predict the effects of scenarios in terms of a set of 

performance indicators. Monte Carlo sampling has been used to estimate the 

uncertainty surrounding predicted performance indicators and in some rare cases 

calculate corresponding confidence levels. Although some further approaches, dealing 

with uncertainty in complex model systems, can be envisioned to enrich policy 

recommendations (Rasouli & Timmermans, 2014b), it is arguable that the development 

of a single model/equation is not necessarily the best approach considering the 

uncertainty in forecasting due to inherent variability in travel behavior of individuals and 

households, within and between contexts. The current study has examined the effect of 

the size and distribution of error terms, but not the effect of using a set of different 

representations of the underlying choice process.  

To examine this issue, this chapter explores the potential of using ensembles of 

decision tables to predict particular behavior. Rather than re-estimating the full 

Albatross model system, we focus the attention to the single facet of transportation 

mode choice. Each decision table combines a subset of the explanatory variables 

selected to predict the behavior of interest: in this case transportation mode choice. 

This notion is similar to the concept of random forests in the machine learning research 

community (Breiman, 2001). Random forest algorithms have found a much wider 

application in classification studies in many other disciplines, including ecology (e.g., 

Heung, et al., 2014; Puissant, et al., 2014), pattern recognition (Désir, et al. 2013; Ye, 

et al., 2013), chemistry (Lee, et al., 2013; Ai, et al., 2014), biomedicine (e.g., Yao, et 

al., 2013; Taher Azar, et al., 2014), and remote sensing (e.g., Abdel-Rahman, et al., 

2014; Kühnlein, et al., 2014). In travel behavior research, applications have been 
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primarily limited to the application of random forests to the detection of transportation 

modes using modern technology such as GPS (e.g., Liu, et al., 2013; Lu, et al., 2013). 

However, we are not aware of any study in travel behavior research, applying this 

approach to address the issue of behavioral heterogeneity to improve demand model 

forecasting. Different decision tables may pick up different sources of uncertainty and 

variability in the data. Thus, from a pure technical point of view, one would expect that 

error in model forecasting will be reduced by applying model ensembles, as opposed to 

single models, as for example done in weather forecasting. However, similar to viewing 

the logit model as a mathematical representation of random utility theory (stochastic 

preferences and utility-maximizing behavior), decision tables can be viewed as 

formalism of decision heuristics, indicating which choices will be made in a particular 

context by individuals and households with a certain profile. Thus, the application of 

model ensembles as a multitude of different decision tables theoretically means that we 

allow for differences in decision heuristics, which is an a largely still underexplored topic 

in travel behavior research (Hess & Stathopoulos, 2014). The application of mixed logit 

and latent class models allow for differences in utility parameters, but the structural 

specification of the utility function itself is typically identical for each class. 

The chapter is organized as follows. First, we will we will discuss in detail the 

problem that we used in this study to investigate the effects of using ensembles of 

decision tables to predict transportation mode choice behavior. Next, in section 3, we 

will provide a description of the data that was used for the analysis. This is followed by 

a discussion of the major findings of the analyses. We will complete the chapter by 

drawing conclusions and discussing possible avenues of future research. 

12.2 Approach 

In this study, we consider the problem of transportation mode choice. Over the years, a 

myriad of studies have modeled this choice problem (e.g., Caulfield & Brazil, 2011; 

Ferdous, et al., 2011; Jiao, et al., 2011; Maley & Weinberger, 2011; Susilo, et al., 

2011). The vast majority of these studies has been based on random utility theory and 

used the multinomial logit model or more advanced discrete choice models to predict 

the probability that a particular transportation mode will be chosen as a function of its 

attribute levels, relative to the attribute levels of competing transportation models, and 

a set of socio-economic, built environment and context variables. 

Fewer studies have used decision trees or decision tables. A decision table consists 

of an action state (in this case representing which transportation mode will be chosen) 
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and a set of condition states, which may represent both attribute levels of competing 

transportation modes and/or categories of socio-demographic variables. A decision table 

represents the sets of conditions under which a certain transportation mode is being 

selected. Thus, 

if C1  CD1  C2  CD2  CSj1  CDj …. Cm  CDm then choose A1 

if C1  CD1  C2  CD2  CSj2 CDj …. Cm  CDm then choose A2 

etc. 

where CDi represents the domain of condition variable Ci, and CSj1  CSj2 CSjn= 

CDj and CSj1  CSj2  CSjn=  

In our study, the action states represent different transportation modes. The 

domain of the condition variables includes socio-demographics, mode availability and 

distance. The requirements CSj1  CSj2  CSjn = CDj and CSj1  CSj2  CSjn = 

ensure that the domains of any condition variable are exhaustive (CSj1  CSj2  

CSjn = CDj ) and mutually exclusive (CSj1  CSj2  CSjn = . The rules then 

indicate the set of conditions that need to be met in order to select a particular action 

(A). Note that different formalisms, such as IF, THEN, …. ELSE production rules, 

decision trees, or decision tables may be used to represent these decision heuristics. 

Decision tables or decision trees can be extracted from empirical observations 

using a variety of algorithms, such as CHAID and C4.5, which differ primarily in terms of 

the split criteria being used to create the branches of the tree. Examples of the use of 

decision trees in predicting transportation mode choice decisions include Arentze & 

Timmermans (2000, 2004), Xie, et al. (2003), and Anggraini, et al. (2011). 

These prior applications of decision trees (and advanced discrete choice models 

for that matter) in transportation research have relied on a single tree, which specifies 

the set of conditions under which a certain transportation mode will be chosen. 

Behaviorally, this implies in the case of deterministic decision trees that all travelers 

belonging to the same segment according to their socio-demographic profile are 

assumed to apply the same decision rules and choose the same transportation mode. In 

case of probabilistic decision trees (e.g., Arentze & Timmermans, 2004), all individuals 

with the same profiles exhibit the same probabilistic choice behavior under the same set 

of conditions. Behavioral heterogeneity is thus incorporated in the sense that sampling 

from the conditional probabilities may result in different transportation mode choices. 

However, by using probabilistic decision tables or trees, which specify the probability 

that a certain transportation mode will be chosen, the conditions that impact the 
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probabilistic choice are the same also in this case. Thus, under the same set of 

condition states, the probability of choosing the different transportation modes is the 

same for all individuals belonging to that segment. There is a single decision tree that 

splits the condition states into homogeneous segments that are assumed to exhibit 

identical choice behavior. 

One might argue that different travelers may use different (subsets) of conditions 

or factors to decide on the choice of transportation mode. Technically, this implies that 

different decision trees with a varying number of factors/conditions should be extracted 

from the data. One way of achieving that is to use an ensemble of simple decision 

trees, each producing a response, dependent on a set of conditions. An example of 

such an approach is the random forest (Breiman, 2001). Ensembles of decision trees 

are created as follows: 

1. Draw K bootstrap samples from a subset of the original sample (the training set), 

and use these for decision tree induction. The remainder of the original sample is 

used for validation and deriving estimates of the importance of the conditions. 

2.  For each bootstrap sample, a single decision tree is derived by recursively 

partitioning that sample using a subset of randomly selected condition variables for 

each split. The best split on this subset is used to partition the node. 

3.  The number of explanatory variables that are randomly selected to construct the 

tree is held constant during the tree induction process. Trees are not pruned. 

4.  The final predicted action is the one that was predicted most across the ensemble of 

decision trees. 

Transportation mode choice is predicted on the basis of the “votes” of the predictions of 

the single decision trees. The mode, which is predicted most frequently by the single 

decision trees making up the ensemble, is the predicted transportation mode. 

To help interpreting the results of this approach, the concept of risk estimate is 

calculated as the proportion of cases incorrectly classified by the (ensemble of) decision 

tree(s). The standard deviation of this risk estimates can also be calculated and in a 

way says something about the uncertainty of any misclassifications. The concept of 

“variable importance” of a condition variable measures the sum of reduction in 

misclassification across all nodes of the decision tree relative to the largest sum found 

across all condition variables. Because it is a relative measure, the “variable importance” 

of the condition variable that is most successful in predicting the splits is set to 100. 
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Table 12.1  Frequency distributions of selected variables 

Attribute Categories Percent Cumul 
% Attribute Categories Percent Cumul 

% 

Number of 
persons in 
household 

1 40.7 40.7 

Income 

15000<<22500 
Euro/year 13.4 59.5 

2 38 78.7 22500<<30000 
Euro/year 12 71.5 

3 7.5 86.2 <30000 
Euro/year 12 83.5 

4 9.6 95.8 Unknown 16.5 100 

5 3.2 99.0 

Driver’s 
license 

Younger than 
18 15.8 15.8 

6 0.7 99.7 Yes 57.4 73.2 

7 0.3 100 No 26.9 99.8 

Car 
availability 

Yes 40.5 40.5 Unknown 0.2 100 

No 59.5 100 Number of 
family 
members 
younger 
than 6 (HH 
Age 1) 

0 92.6 92.6 

Gender 

Male 45.5 45.5 1 5.0 97.6 

Female 54.5 100 2 2.4 100 

Age 

0-17 years 
old 15.83 15.83 

Number of 
family 
members 6-
11 years 
old (HH 
Age 2) 

0 91.6 91.6 

18-49 years 
old 42.12 57.95 1 5.4 97 

50-74 years 
old 29.88 87.83 2 2.7 99.7 

75 or older 12.17 100 3 0.3 100 

Education 

Younger 
than 12 10.2 10.2 

Distance 
class 

No movement 19.3 19.3 

Elementary 
school 16.4 26.6 0.1-1 km 11.6 30.9 

Low level 
education 25.6 52.2 1-3.7 km 23.1 54 

Medium and 
high level 
education 

22.5 74.7 3.7-7.5 km 16.2 70.2 

University 20.5 95.2 7.5-15 km 12.3 82.5 

Other 0.6 95.8 15-30 km 8.3 90.8 

Unknown 4.2 100 30-50 km 3.4 94.2 

 
Income 
 

Younger 
than 12 10.2 10.2 >50 km 5.8 100 
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 <7500 
Euro/year 6.2 29.9     

 7500-15000 
Euro/year 16.3 46.1     

 

The data used in this study stem from the Dutch National Travel Survey called 

MON (Mobiliteit Onderzoek Nederlands – Mobility Research Netherlands). MON is a 

continuous travel survey, conducted to obtain travel and activity information of a 

representative sample of residents in the Netherlands. Although the data collection 

instrument is primarily based on a trip-diary, details about activities are also collected in 

addition to the usual individual and household socio-demographics such as age, 

household composition, education level, income level, vehicle availability, and residential 

location. Respondents completed a questionnaire about all their trips and activities 

made within 24 hours of a designated day. This study is based on a subset of the MON 

2004 data, pertaining to respondents living in the Rotterdam area. This sub-sample 

includes 1446 respondents. Half this set was used for training, the other half for testing.  

The dependent variable is transportation mode choice, which includes: no 

transportation, car driver, car passenger, train, bus/tram/metro, motor, bike, walking, 

and other. In addition, the set of condition variables, listed in Table 12.1 was selected. 

Tree induction was based on the CHAID algorithm, deriving deterministic rules. 

12.3 Analysis and results 

The main goal of the analysis was to examine the effects of an increasing number of 

decision trees (ensemble size) on the uncertainty in the prediction of transportation 

mode. As transportation mode is a categorical variable, uncertainty was measured in 

terms of the share of off-diagonal elements in the confusion matrix. Note that if the 

ensemble of decision trees predicts the observed transportation mode choice perfectly, 

the confusion matrix will only have predicted frequencies in its diagonal. Any off-

diagonal entries in the confusion matrix depict prediction error. 

Figure 12.1 displays the change in risk estimates as a function of the number of 

decision trees for the training data. Risk estimate, representing the proportion of wrong 

predictions, tend to decrease, albeit not monotonically, as a function of the number of 

decision trees.  In particular, the risk estimate drops substantially from 5 to 20 trees. 

After that, the drop is less and sometimes it may temporarily increase again.  
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Figure 12.1  Relationship between ensemble size and risk estimate for training data 

 

 

Figure 12.2  Relationship between ensemble size and standard deviation of risk 
estimate for training data 
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Figure 12.3  Relationship between ensemble size and risk estimate for test data 

 

 

Figure 12.4  Relationship between ensemble size and standard deviation of risk 
estimate for test data 
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Figure 12.5  Relationship between ensemble size and variable importance 

The standard deviation of the risk estimation for the training data, which is 

portrayed in Figure 12.2 shows a similar tendency. Note however, that changes in 

standard deviation with increased ensemble size are relatively small 

Figures 12.3 and 12.4 depict the corresponding results for the test data set. As 

shown, the pattern is similar to that observed for the training data set. These figures 

also show that sometimes (ensemble size 35 and again at ensemble size 100) 

uncertainty increases again. It seems to reflect the randomness in the sampling process. 

The graph shows that transportation mode choices of sample respondents are 

better predicted with increasing ensemble size. The highest increment in the percentage 

correct predictions is obtained when the number of decision trees is increased from five 

to twenty. After that, predictive success tailors off. This figure does not indicate 

performance relative to a single tree, but it is expected to performance even less than 

the ensemble size of five. 

Finally, Figure 12.5 shows the development of the importance of the variables. 

Results shows that distance is the most important explaining transportation mode 

choice, followed by age and purpose, income, number of persons, car availability, 

driver’s license, gender and the age variables. Interesting to note is that variable 

importance is not invariant across ensemble size. For example, Figure 12.6 shows that 

purpose takes a second position until the largest number of decision trees where it 
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drops to the third position. Especially, up to an ensemble size of 10, the importance of 

particular variables may swap. After 20 number of decision trees, variable importance 

tends to stable more or less. 

Analysis and modeling of travel demand in general and transportation mode choice 

in particular have typically relied on a single equation or alternative single 

representations such as a decision tree. Behaviorally, this implies that researchers have 

invariably assumed that travelers (of the same socio-demographic profile) apply the 

same utility function or decision heuristic when choosing between alternative 

transportation modes. In reality, however, different people, even of the same socio-

demographic profile, may apply different rules. In the context of discrete choice 

modeling this notion is incorporated into the model by assuming the error terms of the 

utility function include taste variation, theoretically implying they share the same utility 

function but differ in terms of the mapping of utility into choice probabilities. 

Alternatively, when mixed logit models are applied, the underlying assumption is that 

individuals differ according to some estimated distribution of one or more of the 

parameters of the model. Latent class models assume the existence of segment with a 

different utility function. If this hypothesis of behavioral variability would be true, the 

success of predicting transportation mode choice would increase if different sets of 

decision rules with variable condition variables would be used. These ensembles of 

decision trees include a variety of condition sets that are linked to particular actions or 

choices. We argued that this behavioral principle is congruent with the notion of using 

ensembles of models to predict transportation mode choice. 

12.4 Conclusions and discussion 

In this chapter, we reported the findings of such a study, focusing on ensembles of 

decision trees. The predictive performance of the decision tree formalism was 

investigated as a function of ensemble size for a subset of the 2004 national travel 

survey data pertaining to the City of Rotterdam. Various measures of predictive success 

and uncertainty in predictions were used to examine the effects of increased ensembles 

size. In addition, the impact of increased ensembles size on the predicted importance of 

conditions was investigated. 

A few relevant conclusions can be drawn. First, predictive success tends to 

increase with increasing ensemble size and the corresponding uncertainty in predicted 

transportation modes tends to decrease with increasing ensemble size. Second, this 

process is not monotonic; in particular predictive success and corresponding uncertainty 
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tend to fluctuate for predictions that involve less than 20 decision trees. More or less 

stable results are obtained for ensemble sizes higher than 20, although again the 

statistics are still not necessarily monotonic with such ensemble size. Third, jointly with 

changes in predictive accuracy, the importance of predictor variables varies, although 

marginally, as a function of ensemble size, both in absolute and relative terms. 

Consequently, the importance of a particular variable relative to that of other predictor 

variable may change with an increasing number of decision trees used to predict 

transportation mode choice. 

Although this study suggests that including a richer behavioral spectrum in the 

predictions can reduce uncertainty in forecasting, this seems a rather technical stance. 

Behavioral heterogeneity is constructed by bootstrapping procedures and random 

selection of socio-demographic and contextual variables.  In that sense, behaviorally, 

results depend on the bootstrapping and random selection approach. This approach is 

akin to the current discrete choice approach that is explicitly formulated against a 

theoretical framework. Hence, to improve the behavioral foundations of ensembles, it 

would be interesting in future research to develop a more systematic approach in which 

the various decision tables are not derived by a theory-neutral algorithm but rather on 

an approach that systematically identifies maximum behaviorally distinct segments, 

using different decision heuristics. 

The aim of the present analysis has been primarily to examine the relationship 

between ensemble size and uncertainty. However, the application of random forests 

involves another layer of many operational decisions that may affect the ultimate 

results. Examples include the initial categorization of input variables, some of which 

have small probabilities or represent missing answers. Overall, the impact of these 

categories will be small, but they may result in differences. Other examples include the 

selection of training and test samples, the nature of the cross-validation, etc. Future 

research should also address the sensitivity of the findings to these operational 

decisions that are associated with the application of random forests and machine 

learning methods in general. 

To finalize this chapter, it should be emphasized that the nature of the chapter has 

been different from previous ones. Where previous chapters were concerned with the 

quantification of the degree of uncertainty in model outcomes as a function of various 

sources of uncertainty, using Monte Carlo sampling and alternative more efficient 

sampling schemes, this chapter discussed an alternative, hitherto unexplored approach 

in activity-based model demand forecasting to reduce the uncertainty. The example 
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focused on a single choice facet. Future research should therefore investigate whether 

the use of ensembles for each of the 27 decision tables of the Albatross model 

forecasting system will also reduce the uncertainty in the predicted activity-travel 

sequences and the derived system-wide mobility indicators. 

However, the possible approach would still contribute to the more general topic 

that we raised in these last three chapters of the thesis, i.e. to reduce the computing 

times and amount of effort in general to apply uncertainty analysis of complex model 

systems in transportation planning practice. One would expect, but this is to be 

examined, that less model runs and/or smaller sample fraction sizes may suffice to 

assess the uncertainty in model outcomes when incorporating ensembles of decision 

trees.   
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13 
Conclusions and Discussion 

 

 

 

 

Motivated by the almost complete absence of studies on uncertainty analysis of activity-

based models of travel demand in an era when these models are dominating academic 

research in travel demand forecasting and travel behavior analysis and evidence of 

applications of activity-based models in urban and transportation planning practice is 

accumulating, this thesis aimed at developing a framework for formal uncertainty 

analysis of complex activity-based models of travel demand, and applied it to assess the 

impact of various sources of uncertainty on the uncertainty of predictive outcomes of 

the computational process model Albatross (Arentze & Timmermans, 2004) as an 

example. In particular, following the scope of the UncertWeb program, from which this 

dissertation is derived, the focus of attention concerns the impact of model uncertainty, 

input uncertainty and their combination on the uncertainty of selected outcomes of the 

Albatross forecasting system. In addition, the effects of the size of the fraction of the 

synthetic population have been examined. The study area is the City of Rotterdam, The 

Netherlands. 

Because the current generation of activity-based models of travel demand has 

become stochastic, every model run is nothing but a single realization of a probability 

distribution that captures the stochasticity of the model. In case of Albatross, the use of 

probabilistic decisions tables, which formalize a set of decision heuristics that are used 

in a sequel computational process model, generates different activity-travel patterns for 

each model run. It implies that in order to distinguish between stochastic error and 

policy effects more than one model run is required. Uncertainty analysis then represents 

an approach to quantify the degree of uncertainty in model predictions. It implies that 

policy makers do not only receive information about the predicted effects of their policy 
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measures, but also about the degree of uncertainty that is associated with these 

predicted effects. 

Due to the simulation of individual activity participation and associated travel, 

activity-based travel forecasting models offer a rich source for policy information. At the 

highest level of spatial and temporal aggregation, computational process models such 

as Albatross predict individual-level activity-travel sequences. Such schedules are unique 

for activity-based models. These sequences can be aggregated across time and/or 

space. Aggregation of these schedules leads to (time-dependent) origin-destination 

tables and destinations totals. The latter are important to judge the market potential of 

urban and transportation facilities. Finally, at the highest level of aggregation, system-

wide performance indicators such as total miles travelled can be derived. In this study, 

uncertainty was therefore assessed at these different levels of aggregation. System-

wide performance or mobility indicators included daily average distance travelled, daily 

average travel time, daily average activity duration and daily average number of trips, 

overall and broken down by activity types, gender and transportation modes. In 

addition, predicted activity-travel sequences were processed to calculate the uncertainty 

in destination totals. Again, the totals broken down by activity type were calculated, but 

these findings were not reported in this thesis. Finally, the uncertainty in the predicted 

activity-travel sequences itself was investigated.  

In transportation planning practice, activity-based travel demand forecasting 

models are often loosely coupled with traffic assignment models. This process involves 

deriving time-dependent O-D matrices, which are then used as input to a traffic 

assignment model to predict traffic flows on the transportation network. As discussed in 

Chapter 2, because this practice will likely violate the integrity of the model system, 

more recently attempts have been made to link the activity-based models and the traffic 

assignment model in an iterative process. It means that, in addition to the uncertainty 

in the outcomes mentioned above, in principle the uncertainty in these traffic flows can 

also be investigated. Such analyses was, however, not endeavored in this dissertation, 

primarily because Kwak et al. (2012) also conducted a detailed analysis of that kind for 

the Albatross model system. There is no reason to expect any other outcomes if such 

an analysis would have been repeated for Rotterdam.  

In addition to model stochasticity as a source of uncertainty, possible errors in the 

data may cause uncertain model outcomes. To assess the effect of this so-called input 

uncertainty, assumptions about the kind of error distribution and its variance are made 

and the consequences on the uncertainty in ultimate model outputs are assessed and 
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quantified. It goes without saying that in applications of activity-based models of travel 

demand both input uncertainty and model uncertainty, and their combination, may 

affect the degree of uncertainty in model forecasts. 

Keeping these motivations and considerations in mind, this thesis set out to 

systematically examine the degree of uncertainty in different outputs of the Albatross 

model system as a result of model uncertainty, input uncertainty and their combination. 

The degree of uncertainty was systematically analyzed at different levels of spatial and 

temporal aggregation, both for total mobility patterns and for specific activity types 

(purposes). This scope makes this study the most detailed study of its kind. As 

discussed in Chapter 3, the number of studies on uncertainty in rule-based systems of 

travel demand has been limited to some work from the Hasselt Group (e.g., Cools et al., 

2011; Bao et al., 2015 ), but the scope of their analysis has been more limited. 

The actual uncertainty analysis involves the following steps. First, a synthetic 

population of the study area is constructed. Next, because the total population of the 

study area may be large, a random fraction of the synthesized population is selected. 

The model is applied to these individuals. Next, the decision tables underlying the 

computational process model of Albatross are activated using the synthesized profiles of 

the agents and the outcomes of previous decisions as input. Because the decision tables 

are probabilistic, each model runs may lead to a different predicted activity-travel 

pattern. These differences in predicted model outcomes represent the uncertainty in the 

forecasts. Model uncertainty is assessed by multiple Monte Carlo draws from the series 

of probabilistic decision tables. The coefficient of variation is used as a measure of 

uncertainty for each performance indicator. Moreover, the graph depicting the degree of 

uncertainty as a function of the number of model runs provides information on how 

many runs are needed to obtain stable results.  

Assessing the impact of input uncertainty follows a similar approach. However, the 

seed points for the draws of the probabilistic decision tables are now kept constant. The 

Monte Carlo draws in this case pertain to the probability distribution that is assumed to 

represent the uncertainty in the input data. Uncertainty in input data was confined to 

uncertain travel time in a main corridor of the transportation network and in the spatial 

distribution of employment in daily goods retailing. The assessment of combined model 

and input uncertainty involves the combination of these approaches. 

The focus on computational process models of activity-travel demand implied 

some specific issues that needed to be addressed. First, in common with all other 

micro-simulation approaches, the typical use of a fraction of the population as opposed 
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to the full population to save computing time implies that the uncertainty statistics apply 

to the sample fraction of the population. Estimates of uncertainty at the population level 

thus require calculating confidence levels around the calculated uncertainty statistic for 

the fraction of the synthetic population. In this study, these confidence levels were 

calculated, but we are not aware of any other study in transportation research that has 

addressed this topic. Normally, such inference to the population is ignored, which is an 

obvious limitation of previous research. Second, the coefficient of variation cannot be 

used to assess uncertainty in predicted activity-travel sequences. To fill this void, we 

proposed to apply multidimensional sequence alignment methods to calculate average 

normalized differences between pairs of predicted activity-travel sequences. Because 

the number of pairs grows exponentially with the number of model runs and thus can 

easily become prohibitive, several heuristics were suggested and their performance was 

evaluated. 

The results of the uncertainty analyses give rise to the following conclusions. First, 

the overall degree of uncertainty in the system-wide mobility indicators is small, 

although differences were found between the four selected indicators. Model 

uncertainty is lowest for travel time. These results suggest that the degree of 

uncertainty tends to decrease with lesser inherent variability in the indicators.  

Second, these overall results vary when uncertainty in system-wide mobility 

indicators is segmented by activity type, gender and transportation modes. By and 

large, results seem to indicate that uncertainty is lower for activities with higher 

participation rates and activities will less inherent variability, depending on the specific 

indicator.  

Third, the degree of uncertainty is lower for the case of input uncertainty than for 

the case of model uncertainty, especially when the analyses are based on a 10% 

population fraction. However, some caveats should be explicitly mentioned here to 

qualify this finding. The effects of input uncertainty are more sensitive to operational 

decisions of the researchers, compared to the effects of model uncertainty, which are 

driven by the fixed probabilistic decision tables. In the case of input uncertainty, the 

degree of uncertainty in the input variables is assumed and reflected in the choice of 

the standard deviation of the probability distributions that is supposed to capture the 

measurement error. Moreover, the researcher decides on the number of input variables 

that is assumed to contain error and on the degree of correlation between these errors.  

Different operational decisions would lead to different results. In the present study, we 
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only selected two explanatory variables as uncertain. Correlations were introduced in a 

natural way by making assumptions about uncertain speed. 

These caveats emphasize the importance of empirically assessing the nature and 

extent of measurement errors in travel surveys and activity-based models of travel 

demand. Errors in socio-demographic variables stem from coding mistakes and 

respondents (deliberately) providing wrong answers or rounding off the information. In 

the former case, quality control procedures are important; in the latter case, little seem 

possible to avoid most of such errors, except for including prompts in the questionnaires 

for unlikely responses and post-processing the data from the perspective of identifying 

unlikely combinations of responses. Errors in supply side data may also stem for 

miscoding, re-emphasizing the importance of quality control. However, such errors may 

also stem from explicit decisions in the data collection process. A clear example is travel 

time. It is generally known that travel times vary from day-to-day and from moment-to-

moment. Hence, the decision how many time slots to use to represent travel times 

(e.g., peak – off-peak only) directly reflects the uncertainty in the travel time data. The 

method of generating travel time data also affects the amount of error. For example, 

travel times are often interpolated from travel times observed between centroids of 

transportation zones, which introduces systematic error.    

Fourth, while general theory for simple additive models, as explained in Chapter 3, 

tell that errors are accumulative, depending on the strength of their correlation, this is 

not necessarily true in complex model systems, with many interdependencies and 

constraints. The results for the combined input and model uncertainty analysis indicate 

that in many cases the uncertainty in model forecasts is in-between the uncertainty 

related to model or input uncertainty only. 

Fifth, as expected, we have provided empirical evidence that an increasing number 

of model runs tends to reduce the degree of uncertainty in the various outcome of the 

Albatross model system. The pattern in the evolution of the uncertainty as a function of 

the number of model runs varies by outcome. Generally, a lower number of runs 

coincide with fluctuations in the coefficient of variation, but after a certain number of 

runs the coefficient tend to convergence to uncertainty level. This convergence level 

and the point at which it occurs depend on the model outcome and the source(s) of 

uncertainty. 

Sixth, the degree of uncertainty tends to increase with the degree of 

disaggregation of model outcomes. Uncertainty is lower for the system-wide mobility 

indicators, compared to the uncertainty in the destination totals and the activity-travel 
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sequences, although the uncertainty in the latter was based on a different measure. 

This finding is due to the number of draws that is made, which depends on the 

activation of the decision rules. If a decision rule is activated more often, the inherent 

uncertainty in the corresponding probabilistic decision table is captured sooner/better.  

The same principle also explains why the uncertainty in destination totals in 

destination zones with a higher number of arrivals is lower than the uncertainty in 

destination totals in destination zones with a smaller number of trips ending in these 

zones.  

Seventh, the results of the analyses of the number of runs required to obtain a 

stable average for the model outcome of interest suggest that generally, this number 

increases for a higher degree of accuracy. The number of required runs for modest 

degrees of accuracy are small and in the areas of common practice. If a higher degree 

of accuracy is required the required number is sometimes higher than common practice. 

Moreover, the number depends on the indicator. Transportation planning practice has 

only focused on the number of runs required to obtain a stable average. This is 

understandable in the sense that in applied research the interest concerns a separation 

of an average policy effect from model error. From a theoretical point of view, however, 

a stable standard deviation is also of interest because it captures the stability in the 

heterogeneity of the model forecasts. Results than indicate that although the general 

regularities still hold, a substantial larger number of model runs is required to obtain 

stable standard deviation of the selected indicators of the Albatross model system. 

In addition to the quantification of the effects of (combined) model and input 

uncertainty, this thesis also examined the effects of sample fraction size on the 

uncertainty of Albatross’ model forecasts. Except for Kwak et al. (2012), we are not 

aware of any other study that examined the effect of sample fraction size on 

uncertainty estimates. Results indicate that increasing sample fraction tends to reduce 

uncertainty in model forecast, subject to the same general tendencies, until some 

convergence in reached. The effect of sample fraction size, at least in this study, was 

larger than the effect of the number of model results. An increase of the sample 

fraction from 10 per cent to 30 per cent substantially reduced the uncertainty in the 

various model outcomes. A further increase from 30 per cent to 50 per cent has 

significantly less impact. It suggests that a minimum sample fraction size is required to 

sufficiently capture the variability in the combination of condition states that activities 

the various decision heuristics. The present study suggests that a 10% fraction is not 

big enough at least for the current case study. It should be realized that the effect of 
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sample fraction also depends on the size of the synthetic population. For much higher 

populations, a 10% fraction may be big enough to obtain stable results. 

This finding, if it would also hold in other studies, implies that it is more effective 

to use a larger sample fraction than to increase the number of model runs. Also, 

computationally, computing times become less if the number of runs is higher than the 

ratio in sample fraction, and our findings suggest that this will often be case. Beyond 

the effect on uncertainty in the model forecasts, one should also consider the 

confidence intervals of the calculated coefficients of variation. The larger the sample 

fraction size, the higher the confidence. 

Although the complexity of the model system prevents simple algebraic equations 

to calculate the uncertainty in model forecast, some insightful regularities can be 

mentioned to better understand the above findings and conclusions. The core of the 

forecasting of the individual and household activity-travel patterns is the sequence of 

decision tables. Each decision table represents a decision rule or heuristic which 

specifies the probability that a particular decision is made or action is taken under a 

specific set of conditions states pertaining to a set of condition variables. A first element 

of the model system that potentially affect the uncertainty in the predicted activity-

travel sequences and the indicators derived from these sequences is the distribution of 

these probabilities across the action states, which is consistent to the inherent variability 

in the corresponding behavior. If the probability of one of the action is 100%, there will 

be no error in the prediction and zero uncertainty. At the other extreme, the 

probabilities are equally spread across the action states, possible error and uncertainty 

are at their maximum. 

Each successive Monte Carlo draw from the action states will better approximate 

the distributional features, until at some number of draws, the improved approximation 

of the distribution and therefore inherent variability in the corresponding choice 

behavior becomes marginal. Each additional model run will thus proportionally affect 

this process, but the frequency of activation of a particular decision rule depends on the 

relative occurrence of the combination of condition states, defining the decision rule.  A 

higher occurrence implies that, ceteris paribus, less model runs are required to reach 

the same approximation of the distribution.  Thus, a second factor, influencing the 

uncertainty in the activity-travel sequences and derived model outcomes, is related to 

the relative frequency of the condition variables in the fraction of the synthetic 

population. 
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The number of activation of any particular decision rule also depends on the 

sampled fraction of the synthetic population. A larger sample implies a larger number of 

activations. One may thus expect that the effect of an increasing number of model runs 

would be identical to an increased sample fraction. However, in general, this will not 

true. An increasing number of model runs will proportionally increase the number of 

activations of each decision rule as an exact copy of the sample of individuals and 

households is implied. In contrast, an increased sample fraction of the synthetic 

population implies another random sample of the synthesized population. As we have 

seen, the large sample properties underlying this process will very likely lead to the 

same marginal distributions of the condition variables. However, the probability of the 

necessary condition of proportionality is increasingly less likely if we consider the first, 

second and higher interactions in the multi-way frequency table.  

Moreover, in addition to the general distributional properties of the sampled 

individuals and households, their spatial distribution vis-à-vis the location of facilities 

matters. Relative location primarily, but not only, affects destination choice behavior. 

Although Albatross has been developed to discriminate pure behavioral preferences 

from the effects of the spatial distribution of facilities, which are typically confounded in 

many choice models and measures of accessibility, and it is one of the most 

sophisticated attempts of deriving robust decision heuristics with a high degree of 

spatial transferability (Arentze & Timmermans, 1997), acknowledging the concept of 

spatial indifference, still relative location exerts an effect on the activation of decision 

heuristics. Thus, for smaller synthetic population and/or fraction, the necessary 

condition of proportionality to make the effects of sample fraction and number of model 

runs interchangeable will not hold. 

Another factor that influences the uncertainty in the selected model outcomes 

concerns the strength of the relationship and the influence of each of the decision 

tables on the model outcome of interest. If the action states of a decision tables do not 

discriminate between the mobility indicator, any error in the decision table and the 

variability in the successive Monte Carlo draws do not lead to any change in the 

indicator of interest, and therefore do not have any systematic effect on the 

variability/uncertainty in indicator. In contrast, if the different action states correspond 

with significant differences in the indicator, the decision table potentially has a large 

effect in contributing to the variability in the indicator. However, the ultimate effect 

does not depend on a single decision table, but rather on the sequence of 27 decision 
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tables. It implies that interactions between the decision tables and between the decision 

tables and the indicator will influence the ultimate uncertainty in the predicted indicator. 

Finally, household interactions and the various constraints that need to be satisfied 

in the Albatross model system, in combination with outcomes of decision tables, 

positioned earlier in the process model, may influence the uncertainty in the model 

forecast. Particularly, the dynamic space-time constraints dictate the feasibility of a 

considered action. It would be interesting in future work to try and see whether 

mathematical approximations of the described processes can be formulated. 

Arguing for the need and relevance of a systematic uncertainty analysis for 

activity-based models of travel demand, the findings of this study indicate that a 

comprehensive assessment of the effects of different sources of uncertainty, both in 

isolation and combination, can be conducted albeit at the cost of substantial 

computational effort. It provides professionals not only the usual information with 

regard to predicted model outputs, but also about the degree of uncertainty of the 

various forecasts, and the functional relationship between degree of uncertainty and 

respectively sampled fraction of the synthetic population and the number of model runs. 

As a minimum, this approach is deemed necessarily to draw conclusions with regard to 

pure policy effects versus model and data error. Providing uncertainty information 

requires a different mindset of the professionals and policy makers. One cannot escape 

the impression that often one is not waiting for probabilistic assessment but for the 

“truth”, particularly if model outcomes support the policy or their point of view. This is 

understandable because standpoints are more difficult to defend on probabilistic 

arguments. However, adding quantification of the degree of uncertainty also adds 

additional value to the model outputs and predictions that can support the policy 

makers to make better-informed decisions.  

Whereas the development of decision support tools, such as robust decision 

making (Lempert & Groves, 2010) and exploratory multicriteria decision analysis (e.g., 

Van der Plas, et al., 2010) to address policy development has started in policy sciences, 

this line of thinking and research seems to data virtually lacking in transportation policy 

research. These methods, however, are only the beginning. Although we do not intend 

to develop a protocol, additional analysis and insights can be generated by calculating 

the probability that one policy scenario outperforms the others, by calculating how 

much input data or characteristics of scenario would need to change before preference 

orders would be reversed, by calculating bifurcation points, etc. All this extra 

information that can be derived from probabilistic forecasts should help in making 



13. Conclusions and discussion 

 332

better-informed decisions. Also, while current decision-making processes tend to focus 

on identifying the best scenario, some sophisticated approaches such as minimization of 

regret or min-max operators can be pursued. 

Although the motivation and positioning of this thesis has focused on the added 

value in the application of travel demand forecasting models in urban and 

transportation planning practice, formal uncertainty analysis is also beneficial to the 

modelers themselves. The reason is that a relatively high degree of uncertainty in 

particular components of the complex model system may signal misspecification of parts 

of the model system. Hence, uncertainty analysis may lead modelers to reconsider and 

re-specify particular components. Alternatively, high coefficients of variation may 

suggest that certain subspaces of the multidimensional attribute space have not been 

sufficiently prompted. This may lead modelers decide to draw additional samples from 

such subspaces and update the uncertainty of the model system. Finally, high 

uncertainty may point at insufficient information in the data itself. In this case, modelers 

may decide to collect additional choice-based samples. 

The suggested integral approach to uncertainty analysis also includes comparing 

the uncertainty of model outputs for varying fraction of the synthetic population. 

Because both this fraction and the number of model runs is varied, this approach allows 

deciding whether increasing the fraction or increasing the number of model runs are 

some combination of these produces the better results against the minimum computing 

times. This trade-off between sample fraction and number of simulation runs may differ 

between different outputs of the model system. The results of the present study clearly 

indicate that the use of a small fraction of the synthetic population, which seems quite 

common in applied urban and transportation planning, may unnecessarily increase the 

uncertainty in the model forecasts. In the present study, using a 30% or 50% fraction 

of the synthetic population provides better results. In many instances it also reduces the 

need for multiple model runs. Thus, in effect, the strategy of choosing a larger fraction 

of the synthetic population also reduces the computing times if an uncertainty analysis 

is part of the model application. 

In general, as far as uncertainty is concerned, the aim of the researcher should be 

to provide forecasts of activity-travel sequences and associated performance indicators 

with the lowest degree of uncertainty. Within the realm of computational process 

models, the strategy to accomplish that goal is to decide on the right combination of 

sample fraction and number of model runs and to capture possible heterogeneity in 

decision heuristics. In any case, although the relevance of uncertainty analysis should 
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be self-evident, this study has also provided ample evidence that the number of runs 

required may sometimes be substantially higher than the rules of thumb that have been 

reported in the literature. Realizing that a single run of a complex activity-based model 

may already require at least half an hour, a modest formal uncertainty analysis may 

already take several weeks of computing times to complete. It goes without saying that 

such computing times are prohibiting serious uncertainty analyses in planning practice, 

and also in academic research for that matter. Thus, there is the added trade-off 

between the benefits of knowing the degree of uncertainty in model forecasts due to 

model and/or input uncertainty as defined in this thesis and the additional amount of 

effort and resources needed to generate the uncertainty estimates. 

To address this issue, several potential solutions, (relatively) new to travel demand 

modeling, were suggested and their potential usefulness was explored. Developing 

these solutions of the entire model system would constitute PhD theses in their own 

right. Therefore, the suggested approaches were discussed in principle only, and 

explored using reduced problems, mostly related to just a single choice facet and a 

reduced set of conditions variables.   

First, the use of random Monte Carlo draws, exclusively used for uncertainty 

analysis in transportation research, may not be the most efficient approach. The Monte 

Carlo sampling scheme draws samples proportional to the underlying joint probability 

distributions. As we have seen, the information value of a draw varies as a function of 

the number of previous draws. Therefore, the use of space covering designs should 

theoretically be more efficient and reduce the number of draws required for the same 

uncertainty estimates, and hence reduce computing times. Results of an exploratory 

test comparing Halton draws against Monte Carlo draws based on a decision table 

predicting transportation mode choice, extract from the 2004 MON data, confirmed this 

hypothesis.  

However, even with this more efficient sampling scheme, computing times and 

effort are still formidable. This may not be a problem if the uncertainty analysis is part 

of a longer terms planning process, particularly because the computations can be easily 

parallelized. However, if the activity-based model of travel demand is supposed to be 

used in real-time scenario development and evaluation session, any extended 

uncertainty analysis is still prohibited due to the computing times. Real-time 

development sessions need computer results within a coffee break at best.   

A second suggested possible solution, suggested and explored in this thesis, to 

enhance the application of uncertainty analysis in transportation planning practice is the 
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development and use of emulators. Emulators in this context are statistical 

representations of input-output relationships associated with a particular process model 

of activity-travel behavior that uses micro-simulation or agent technology. Thus, the 

dependent variable in these emulators does not relate to real world choice observations, 

but rather to a performance indicator, predicted by the complex activity-based model of 

travel demand, that is assumed to be a function of a set of variables that are important 

to evaluate the scenarios under consideration. Alternatively or additionally, the degree 

of uncertainty in a performance indicator can be analyzed as a function of a set of 

factors deemed relevant to evaluate the scenarios.  

Applying this simple statistical relationship will substantially reduce the high run 

times required to run the complete process model, while giving approximate predictions 

of the value of the indicators under the scenario specification. The large scale, 

computationally intense, process model of activity-travel demand needs to be run only 

once for a fraction of the synthetic population to build the emulator. If it should include 

uncertainty estimates, of course the process model has to be run multiple times to allow 

estimation the degree of uncertainty.  

However, once it has been built and it is sufficiently valid, the emulator can be 

applied multiple times in scenario/policy development sessions with significantly lower 

run times in an order of magnitude that fit the notion of real-time scenario development 

sessions. Results of building and applying such emulators obtained in this study suggest 

that even simple emulators may be sufficient, although results also indicate that the 

performance of the emulator improves with an increasing number of model runs, albeit 

in a nonlinear fashion. 

Finally, we suggested that the use of ensembles might reduce uncertainty. Current 

computational process models of travel demand assume a single set of decision tables 

or decision trees to represent decision heuristics. It implies that the same combination 

of condition states activates the same probabilistic action states for all individuals that 

satisfy the conditions. Further heterogeneity in decision trees may, however, be 

obtained by inducing ensembles of decision tree, which in turn may reduce uncertainty.  

Results of developing and applying such ensembles indeed support this 

contention. Using random forests to create the ensembles for predicting transportation 

mode choice, results indicate that the predictive success of the model increases with 

increasing ensemble size. The corresponding uncertainty in predicted transportation 

modes tends to decrease with increasing ensemble size. Results also indicate that a 

minimum number of models in the ensemble is required to obtain stable results. 
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Although this study has explored many aspects of uncertainty in complex model 

systems, it should be emphasized that the current thesis has focused on aspects of 

model and data uncertainty. Further aspects need further attention in future work. A 

good starting point for a systematic discussion of this issue is the general framework for 

uncertainty in activity-based models in travel demand forecasting that was developed in 

Chapter 2. In addition to repeating the current analysis for additional system-wide 

performance indicators and uni-dimensional or multidimensional segmentations of the 

predicted activity-travel sequences by socio-demographic data, temporal data, spatial 

data and any other relevant variable that is used in the Albatross model system, some 

other types of uncertainty have not been addressed in the present study and thus could 

be investigated in future studies for an even more comprehensive uncertainty analysis. 

Every application of an activity-based model of travel demand starts with the 

creation of a synthetic population. This process may also generate a different 

population, depending on the method (IPF or Monte Carlo draws) used to create the 

synthetic population. Moreover, the marginal distributions may contain errors. However, 

it is unlikely that these aspects will contribute much to the overall uncertainty in model 

forecasts. A potentially more influential operational decision in the creation of a 

synthetic population is the sample used to enforce particular correlations and the 

classification and number of variables selected to create the individual profiles. The 

number of categories used in the socio-demographic variables will influence the decision 

rules and their variability.  

Another critical decision is the classification of the urban system. The current 

version of Albatross is based on a synthetic population that divides the urban 

environment into five density classes. In the current study, the city of Rotterdam is 

assigned to one of these classes, implying that any intra-class variability is ignored.  

Moreover, whereas the city has a succinct spatial distribution of neighborhoods of 

varying composition and therefore different correlation structures between selected 

socio-demographic variables, a single set of correlation is applied to the city of large, 

ignoring the within-city spatial diversification of socio-demographic profiles associated 

with housing supply, age of neighborhood and other spatial factors. 

Future research should, therefore, investigate the impact of the synthesized 

population on the degree of uncertainty in the model forecasts. It is difficult to predict a 

priori what that effect would be. It is evident that using data that are based on less 

stringent assumptions about generalizability should generate a more valid synthetic 

population. On the other hand, there is also the effect of sample size, which will be 



13. Conclusions and discussion 

 336

smaller for a single city than for the corresponding class of similar cities. In turn, this 

will likely lead to differences in the predicted activity-travel sequences, which would be 

expected to be more representative of the true population. However, it is not 

immediately clear if and how it would affect the uncertainty in model outcomes or in 

impacts of different scenarios. In the present study, the focus of attention was on the 

Albatross system as it was developed for the Netherlands at large. 

Based on the created synthetic population, the activity-based model is estimated. 

Based on the general framework, this creates another source of uncertainty in that 

alternative model approach and/or specifications will vary in terms of the goodness-of-

fit of the observed data and therefore in their errors. Sometimes, this is considered to 

be part of the model or epistemic uncertainty. In this thesis, we used a more restricted 

definition, in the sense that model uncertainty was assumed conditional on the 

modeling approach and model specification. As discussed in the various chapters, 

Albatross has been compared with competing activity-based models of travel demand 

(Arentze and Timmermans, 2000), and later several studies conducted in the Hasselt 

Group has examined the effects of trimmed decision trees and alternative process 

models. Additional research of that kind remains valuable, however, and might include a 

focus on the uncertainty of predicted activity-travel sequences as opposed to the 

goodness-of-fit of the model. 

The choice of model specification (the numbers of variables to include) is related 

to the ongoing discussion on the desire to formulate and estimate complex models, 

which has been the tendency in travel behavior analysis (Chapter 2). It should be 

remembered, however, which is immediately clear for simple stochastic linear utility 

functions, that omitting explanatory variables, which is implied by formulating simple 

models, will by definition increase the error of the model, in addition to introducing 

biased estimates, which may lead to misleading and false policy recommendations. 

Hence, if the goal of the model building process is to produce the most valid and most 

certain knowledge about travel demand and/or the effects of policies, the discussion on 

the need to develop simplified models is superficial at best. 

Yet another facet concerns the possible effect of variations in the estimated 

parameters on the uncertainty of the model outcomes. On the one hand, one could 

argue that this aspect does not concern computational process models as they do not 

have any parameters. On the other hand, decision trees could also be specified in 

algebraic terms. Parameters have certain confidence levels and hence similar to input 

uncertainty, Monte Carlo draws can be implemented to trace the effect of uncertain 
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parameters on the uncertainty in model outcomes. Such an analyses would provide 

valuable information about the relative contribution of the different parameters on the 

uncertainty in model forecast. 

Beyond these uncertainties that all relate to the realm of the actual model building 

process and the underlying methodological principles, other uncertainties relate to the 

formulation of the scenarios of the future. Technically, features of the scenarios are 

translated into the explanatory variables of the model, which is then used to predict the 

effects in the model outcomes, assuming that the model is valid and time invariant. 

Thus, we take the position that model outcomes should be viewed as conditional 

forecasts: they depend on the assumption that the future described in the scenarios will 

be realized and that the model is a valid representation of the process. Thus, in case of 

Albatross, it is assumed that the process describing the scheduling of activity-travel 

patterns will not change over the forecasting period. In case of a parameterized model, 

it is assumed that the parameters are invariant over time.  

However, the formulated scenarios may not be realized at the end of the 

forecasting time window. Factors, not included in the model specification, may become 

important. If these factors are independent of the explanatory variables in the model, it 

should not affect the parameters; but this may be too strong an assumption. Behavior 

may also change over time. Extended “what if” analysis may be used to explore the 

impact of these uncertainties, including changes the parameters of the model. 

Technically, the process of model application is the same, but one should realize that a 

fundamental methodological boundary is crossed in such practice – the assumptions 

underlying the model are not longer validated against empirical data. This is not say 

that these model-based exercises are useless; they still have the advantage that a team 

of experts systematically explores scenario uncertainty and develops robust strategies 

to cope with such fundamental uncertainty that is beyond the realm of knowledge and 

models. 

To end this thesis, I am paraphrasing a key message of an earlier conference 

paper (Rasouli & Timmermans, 2013g). The combination of imperfect, synthesized or 

imputed data and the anticipated increasing use of activity-based microscopic simulation 

models of travel demand with their inherent model uncertainty, brings about the need 

to systematically and more fundamentally address the issue of uncertainty in complex 

model systems. To differentiate policy impact from model uncertainty, a formal 

uncertainty analysis is needed. To support individuals in making decisions by suggesting 
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certain actions, it is critical to analyze the impact of data uncertainty on the suggested 

actions, particularly in the parameter space where one advice shifts to another.  

Furthermore, the future itself is inherently uncertain. Uncertainty in scenarios 

should not be met with a fatalistic attitude. Rather, new concepts, tools and approaches 

should be developed to explicitly deal with the fundamentally probabilistic, conditional 

forecasts in policy assessments. Approaches should enhance our understanding of 

critical paths in the dynamics of spatial systems, possible bifurcations points and critical 

transition states? Rather than producing a single forecast for different scenarios, we 

should perform sensitivity analyses for critical parameter subspaces, use ensembles of 

models to derive probabilistic forecasts, identify trajectories that imply a resilient 

system, simulate internal system adjustment to external perturbations, development 

robust, regret minimizing policies, etc. What-if questions should be complemented with 

if-what questions, indicating what policy would be appropriate for particular trends 

occurring. Such endeavors might help in arbitrating intelligently between different plan 

options. 
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