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Locating Electric Vehicle Charging Stations: 
A Multi-Agent Based Dynamic Simulation

Seheon Kim

Limited charging opportunities are a major barrier to the 
electrification of transportation. In the situation where the market 
penetration of plug-in electric vehicles (PEVs) is limited, charging 
infrastructure providers and PEV manufacturers are not willing to 
invest in new infrastructure, whereas consumers are reluctant to 
buy PEVs if there are not sufficient recharging opportunities. In 
order to escape from chicken-egg problem, and to trigger the 
adoption of PEV, sufficient charging opportunities should be 
guaranteed in urban areas. 

The aim of this thesis is to develop a decision support tool for 
identifying the required number and optimal locations for public 
PEV charging stations. Its novelty concerns the dynamic charging 
behavior of PEV users observed from multi-day activity-travel 
diaries. The present thesis argues that charging demand is not a 
direct indicator of state-of-charge (SOC), but rather a result of 
complex decision-making processes (the decision of when and 
where to charge), with a degree of uncertainty, constrained by 
the PEV user’s activity schedule, the vehicle characteristic, and the 
layout of charging stations. 

A model for the optimal location of charging stations is 
developed based on an activity-based model of travel demand 
linked to PEV charging. The developed model can accommodate 
the inherent heterogeneity in charging behavior and uncertainty 
in the decision context. Understanding the contextual variation in 
charging behavior can provide an informed basis for decision 
making in the public policy arena and reveal ways to locate 
public charging stations more effectively.

Seheon Kim
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Summary 

 

 

Locating Electric Vehicle Charging Stations: 

A Multi-Agent Based Dynamic Simulation 

 

It has been widely known that the limited charging opportunity is a major barrier preventing the 

electrification of transportation, which has been characterized as the chicken-or-egg problem. 

Under the situation where the plug-in electric vehicle (PEV) market penetration is limited, 

charging infrastructure providers and PEV makers are not willing to invest their resources, 

whereas the consumer is reluctant to buy PEVs if there are not sufficient refueling opportunities. 

In order to escape from this double bind, and thus to trigger a large PEV adoption, it is required 

to guarantee the charging availability for PEV users in urban areas. The need for extra 

infrastructure raises the question of the required number and optimal locations of (new) charging 

stations. Compared to pumping gas, out-of-home PEV charging tends to be synchronized in time 

and space with particular activities such as work and shopping activity due to the longer time 

required to recharge the battery. Moreover, research on charging behavior suggests substantial 

heterogeneity in charging behavior. Ignoring the variables and constraints set by PEV users’ 

activity-travel patterns and the heterogeneity in charging patterns will severely limit the ability 

of the model to predict charging demand. 

 To reduce the gap in understanding of PEV users’ charging behavior, the thesis starts 

with hazard-based duration analysis. Positing that PEV users may differ in terms of charging 

frequency and regularity, a hazard-based duration model of inter-charging times (i.e. the elapsed 

time between two consecutive charging events) is developed to examine the regularity and 

frequency of charging events at public charging stations, using four-year longitudinal charging 

transaction data at public charging stations. Empirical results enable segmenting PEV users into 

two groups (regular charging group versus erratic charging group) with different charging 

regularity. The results also provide valuable insights into understanding the personal 

characteristics of frequent users, the frequency and amount of charging at public charging 

stations, and which strategies may be used successfully to improve the performance of public 

charging infrastructure. 
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 In this thesis, it is argued that a model of the optimal location of charging stations should 

ideally be based on an activity-based model of travel demand linked to a module predicting the 

charging behavior of PEV users. The activity-based analysis is particularly suitable to model PEV 

users’ charging patterns due to its ability to depict complex decision-making processes. However, 

although activity-based models have been significantly improved over the past decades, and have 

reached maturity, it has been argued that their cross-sectional nature limits the capabilities of 

activity-based models. Cross-sectional models predict activity-travel patterns for one typical day 

derived from single day observations, which is cumbersome to model activity-travel patterns 

under constraints that are defined for periods of time longer than a day. The current growing 

interest in developing dynamic models of activity-travel behavior and the increasing availability 

of multi-day, even multi-week activity-diary data, call for considering longitudinal effects. 

 To this end, a multi-day (multi-week) activity-travel diary data of PEV users is collected 

with the aid of a smartphone-based prompted-recall survey. This survey adopts useful features 

to reduce respondent’s burden, such as an automated trip detection and transportation 

mode/travel purpose imputation algorithms. Wrong detections and imputations are meant to be 

corrected by respondents. Context-aware notifications are designed to remind respondents to 

review and modify the generated activity-travel diary, and to examine the data on respondents’ 

charging behavior. 

 Given that panel or longitudinal travel data naturally have a hierarchical structure with 

repeated measures nested within individuals, we implement a mixed-effects model that 

simultaneously accounts for population-level effects (fixed effects), between-individual variances 

(random effects), and within-individual variances (autocorrelations). The thesis proposes an 

approach to estimate panel effects in dynamic probabilistic decision trees with multinomial 

action states based on Chi-square Automatic Interaction Detector (CHAID). The approach uses an 

iterative estimation procedure between CHAID-based probabilistic tree induction and Bayesian 

generalized linear mixture modeling (GLMM). The suggested approach is illustrated using PEV 

user’s charging station choice as an example. 

 Moreover, because most activity-based models use a micro-simulation approach, they 

introduce model uncertainty stemming from stochastic error. In facility location-allocation 

studies, such uncertainty is remedied by the introduction of a stochastic programming (SP) 

approach or a robust optimization (RO) approach. SP is relevant to use when the uncertainty can 

be described by any probabilistic information, while RO uses a robustness measure, such as 

minmax cost or minmax regret. 
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 In this thesis, to fill the discussed gap, an integrated framework is developed for optimal 

planning of public charging stations for PEVs in an urban areas. The framework consists of two 

main components: i) an out-of-home charging demand model based on an activity-based travel 

demand model, and ii) a public charging station location-allocation model under a scenario-based 

SP approach. For the first component, a fully operational activity-based travel demand model 

system, named Albatross is used. The original approach based on cross-sectional data has been 

replaced with a CHAID-based decision tree that accounts for the longitudinal structure of multi-

day activity diary data to account for dynamic aspects of charging behavior, coined dynamic 

decision tree in this thesis. However, the use of the dynamic decision tree in a micro-simulation 

context may cause an immediate problem associated with probabilistic decision rules in leaf 

nodes. The optimal solution for a deterministic version of the model may be suboptimal in the 

presence of the uncertainty stemming from stochastic error. For the second component, in order 

to accommodate the uncertainty, a two-stage stochastic mixed integer programming (TSMIP) 

model is proposed. The simulated values and probabilities of the random variables are put into 

the TSMIP model to determine the optimal number of charging stations and their location. 
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Chapter 1 

2 

1.1 Background 

The European Union (EU) presented the Energy Roadmap 2050 which describes the policy 

framework in order to achieve the goal of cutting emissions by over 80% by 2050 (European 

Commission, 2011). All Member States are requested to put effort in reducing emission from 

buildings, transport, agriculture and waste. In April 2010, the European Strategy on Clean and 

Energy-Efficient Vehicles was launched to cut carbon emissions from road transport by 85-90% 

by the year 2050 (European Commission, 2010).This initiative considers clean vehicles to be ones 

that use alternative fuels such as liquid biofuels (ethanol and biodiesel) and gaseous fuels (LPG 

and CNG), and electric vehicles (EV). 

EVs refer to any road vehicles that are propelled by electricity, but car manufacturers use 

the following main types of EV technology: battery electric vehicles (BEVs), plug-in hybrid 

vehicles (PHEVs), hybrid electric vehicles (HEVs), range-extended electric vehicles (REEVs), and 

fuel-cell electric vehicles (FCEVs). Among all these types, BEV and PHEV are considered to be the 

most mature products and ready to be disseminated (Cochran et al., 2011; Al-Alawi & Bradley, 

2013; European Environment Agency, 2016). BEVs are powered solely by an electric motor using 

electricity stored in a battery, while PHEVs can be powered both by an electric motor and an 

internal combustion engine. BEVs and PHEVs are distinguished from other types of EVs in that 

their batteries must be charged by an external source of electricity. In other words, the battery 

can be charged by plugging in the vehicle to a charging point (outlet) connected to the local 

electricity grid. They are referred, as of now in this thesis, by plug-in electric vehicles (PEVs). 

PEVs have several benefits compared to conventional ICEVs. Even if the electricity 

production is far from low carbon industry, the energy conversion efficiency of electric motors is 

much higher than petrol and diesel alternatives, which leads to a low overall life cycle emission. 

As the industry of electricity generation across the EU is improving in emitting lower carbon, the 

potential of PEVs in meeting the environmental goals becomes ever greater (European 

Environment Agency, 2016). Moreover, it also contributes to the reduction of road noise (from 

the engine) and weakening the dependency on oil as a prime transport fuel. The other proven 

advantage is that PEVs emit no other pollutants such as nitrogen oxides (NOx) and particulate 

matter (PM) at the point of electric driving. 

At different governance levels, from EU legislators to local authorities, a number of 

measures are proposed to encourage consumers to buy PEVs. Measures range from rising taxes 

of petrol and diesel to provision of incentives for PEV users (e.g. tax exemptions, one-off 

purchasing subsidies). Even though the governmental supports have increased the dissemination 

of PEVs, the penetration rate still lags far behind those of ICEVs (European Environment Agency, 
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2016). There are a number of reasons why many consumers still do not see PEV as a credible 

transport option. These include cost, limited information and uncertainties regarding vehicle 

technology and insufficient charging infrastructure. In fact, insufficient charging infrastructure is 

a fundamental concern of customers prohibiting them from purchasing PEVs, as it was revealed 

from the results of various qualitative and quantitative researches (Franke & Krems, 2013b, 

2013a; Azadfar et al., 2015; Rauh et al., 2015). On the other hand, charging infrastructure 

providers are not willing to invest in new charging stations until there is a sufficient developed 

PEV market (Cochran et al., 2011). This problem is a clear example of the so-called chicken-and-

egg allegory. In order to escape from this double bind, and thus to trigger a large PEV adoption, 

the Alternative Fuels Infrastructure Directive (European Commission, 2014) requires Member 

States to set targets for guarantying the accessibility to charging stations and ensuring that PEV 

users would have sufficient access to charging facilities in urban and suburban areas. As an 

indication, targets have been set to include a minimum of one charging point per 10 PEVs 

(European Environment Agency, 2016). 

There are three main types of PEV charging stations according to the right of use: private 

charging station, public charging station, semi-public charging station. Private charging station 

can be found in homes and business premises and can be exclusively used by the property owner 

or employees on business premises. Semi-public charging stations are situated on private ground 

but can be accessed by external users. Charging points located in commercial car parks, shopping 

centers or leisure facilities are such examples. Access to these charging points is typically 

restricted to clients or customers. While, public charging stations are open to use by any PEV user. 

Such public charging points are typically installed by public authorities, PEV manufacturers or 

other companies. 

Other than conventional internal combustion engine vehicles (ICEVs), there are different 

ways in which PEVs can be charged. Four 'modes' of charging technology are commonly available 

as shown in Table 1.1 (European Environment Agency, 2016). Each of them can involve different 

combinations of power level supplied by the charging station (expressed in kW) and types of 

electric current used (alternating (AC) or direct (DC) current). The power level depends on both 

the voltage and the maximum current of the power supply, which determines how quickly a 

battery can be charged. 

Previous studies on PEV charging behavior revealed that charging can occur either ‘en-

route’ during traveling or ‘static’ at the trip destination where driver’s daily activity (e.g., work, 

shopping) is carried out. For en-route charging, a driver comes to a stop during travel for a sole 

reason: charging PEV. Thus, the charging time is relatively short and is usually done with a fast 
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charging option. Whereas, static charging uses rather slower charging options (standard or slow) 

and corresponds to more complex features, such as driver’s daily activity schedule, charging 

habits, the usefulness of parking, and the state-of-charge of battery. Moreover, the two types of 

charging demands can be identified by the distance of the trip made at the moment of charging. 

En-route charging is conducted usually during a long-distance journey such as intercity travel, 

while static charging is done at the end of a short-distance trip in urban areas. 

Insufficient accessibility to charging facilities seems to stagnate full potential of PEV 

adoption. Adequate availability of public charging opportunities in an urban areas is a sine qua 

non for the further acceptance and market penetration of PEVs. The aim of this thesis is to develop 

a decision support tool for identifying the required number and optimal locations for public 

standard charging stations in an urban areas. 

1.2 Motivation 

PEV charging is a complex process because of the aforementioned characteristics. More empirical 

studies are therefore warranted to enhance our understanding of charging behavior embedded 

in daily activity-travel patterns. Such knowledge is needed to improve the solutions offered to 

entice people purchasing more environmentally-friendly vehicles. Unfortunately, the present 

limited number of PEVs makes it hard to observe real-world charging behavior. Although various 

attempts have been made over the past few years to examine mobility and charging patterns of 

PEV users, most studies are based on small samples, often covering a short period of time (Franke 

& Krems, 2013b; Zoepf et al., 2013; Khoo et al., 2014; Speidel & Bräunl, 2014; Sun et al., 2015; 

Wen et al., 2016) or on conventional ICEV data assuming that driving and refueling behavior 

would not be changed after adoption of PEV (Khan & Kockelman, 2012; Tamor et al., 2015; Wu et 

al., 2015; Jakobsson et al., 2016; Yang et al., 2016). 

Table 1.1 Charging types 

Type Power level Current 
Charging time to 
provide 100 km 
electric driving 

Main location 

Slow charging 3.3 kW 
AC  

(single-phase) 
6-8 hours Household 

Slow/ 
Standard 
charging 

3.3-7.4 kW 
AC 

(single-phase) 
3-4 hours 

Household/ on-
street 

Standard 
charging 

10-22 kW 
AC 

(three-phase) 
1-3 hours 

Household/ on-
street 

Fast charging 50-120 kW DC 10-30 minutes 
Motorway 

service area 

Source: European Environment Agency (2016) 
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A number of studies have been undertaken to solve the location problem of charging 

stations using optimization routines/heuristics, such as p-median (Chen et al., 2013; Ghamami et 

al., 2016), maximal covering (Frade et al., 2011; Kang & Recker, 2015; Giménez-Gaydou et al., 

2016; Ko et al., 2017), and flow-capturing (Kuby & Lim, 2005; Upchurch et al., 2009). However, 

their optimization heuristics lack behavioral underpinnings which is either done by assuming 

parameterized functions to relate psychological factors (such as range anxiety) or by observing 

ICEV users’ refueling behavior assuming that it is equivalent to PEV users’ charging behavior. It 

means that these models tend to lack behavioral realism, which reduces their relevance for 

applied transportation planning. The optimum locations and number can only be found if enough 

insight is obtained into PEV users’ charging behavior in space and time. Therefore, it is of critical 

importance to understand charging behavior, and apply location-allocation strategy in light of 

such knowledge. 

Understanding activity-travel behavior is critical for effective policy making in urban and 

transport planning. Since the 1990s, a number of researchers have developed activity-based 

travel demand models and highlighted their superiority of overcoming the lack of behavioral 

realism (Kitamura & Fujii, 1998; Arentze & Timmermans, 2004; Roorda et al., 2009; Goulias et al., 

2011; Horni et al., 2016). The activity-based approach is supposed to capture all the 

interconnections between activities and trips and avoid key shortcomings of trip-based models 

such as lack of behavioral realism, strong aggregate nature, and assumption of independency 

between the four steps of the traditional travel demand forecasting models (Rasouli & 

Timmermans, 2014). The increasing interest in activity-based models triggered the shift from 

traditional aggregate model to disaggregate models and micro-simulations. 

Despite the development of activity-based models and their advantages, some aspects 

should still be further developed. Most of operational models are based on cross-sectional 

observations, which lead to the difficulty of considering longitudinal behavior change 

(Timmermans & Arentze, 2011). In order to overcome these limitations, several efforts have been 

made to incorporate dynamics into activity-based model. With the development of new surveying 

techniques, due to emergence of GPS devices and smart phones, which enables collecting long 

term individual activity-travel data at a reasonable cost, developing dynamic models became a 

reality. Moreover, because most activity-based models use a micro-simulation approach, they 

introduce model uncertainty stemming from stochastic error (Rasouli & Timmermans, 2012b). 

Therefore, an effort is warranted to take uncertainty into account in facility location problem. 
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1.3 Objectives of the study 

Despite the rapidly emerging body of research on optimum locations of charging stations for 

PEVs, a knowledge gap needs to be pointed out. A number of existing studies have been 

undertaken to solve the public PEV charging station location problem in an urban areas using 

optimization routine/heuristics. However, their optimization heuristics lack behavioral 

underpinnings. Optimizing locations of charging stations from PEV user’s behavioral perspectives 

needs to be further expanded, taking into account the dynamic and heterogeneity among EV 

users. Such perspective is entirely missing in the current literature. The current activity-based 

travel demand models which typically predict a single day of activity travel schedules need to be 

enhanced into multi-day diary formation tools. 

Results based on static behavioral model cannot represent dynamic charging demand 

and therefore limit the optimization process and the suitability of location of new charging 

stations in meeting users’ needs. Understanding the behavior of current and future users of PEVs 

can help managing charging demand and the utilization of existing distribution resources. 

Therefore, the overall objective of the thesis is to develop a decision-support framework as 

follows: 

- Modeling heterogeneous charging behavior regarding regularity, 

- Modeling dynamic charging demand of PEV drivers using a multiday activity-based travel 

demand model, 

- Modeling the interaction between PEV charging station layout, individual charging needs 

and charging behavior, 

- And finally, locating public charging stations in an urban areas in the presence of model 

uncertainty 

1.4 Outline of the thesis 

The thesis is organized in eight chapters. After this introduction, Chapter 2 explores the 

heterogeneous charging behavior of PEV users at public charging stations. With the aid of a four-

year charging transactions dataset in the Netherlands, PEV users’ charging intervals (i.e., the 

elapsed time between two adjacent charging events) are examined to understand charging 

patterns at public charging station. Given that PEV users exhibit heterogeneous charging behavior 

in terms of both charging frequency and charging regularity, a hazard-based duration model is 

applied to examine how often PEV users charge their car, and to distinguish the distinct 
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characteristics of random (erratic) charging and regular (routine) charging. The effects of time-

varying covariates, such as weather conditions, are also considered. 

Chapter 3 summarizes the literature on charging behavior and activity-based model of 

travel behavior. It then introduces a conceptual framework for jointly modelling PEV charging 

demand and charging station location allocation. 

Chapter 4 addresses the data collection procedure. A smartphone-based prompted-recall 

survey constitutes the basis for the analysis. A smartphone app called Sesamo is used to record 

PEV users’ daily spatio-temporal activity patterns including charging activities. The process of 

survey administration is reported. A descriptive analysis of charging behavior in an activity-travel 

context is presented in addition to sample characteristics.  

Chapter 5 introduces an approach to estimate panel effects in dynamic probabilistic 

decision trees and illustrates its application in the context of longitudinal data on charging station 

choice behavior of PEV users. The results serve as an input for the optimizing charging stations 

locations, discussed in Chapter 6. 

Chapter 6 describes the development of a two-stage stochastic mixed integer 

programming (TSMIP) for locating (new) charging stations in conjunction with uncertain 

charging demand estimated by dynamic probabilistic decision tree. 

Chapter 7 summarizes the research reported in the previous chapters. Contributions, 

limitations and future research directions are also discussed. 
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Analysis of heterogeneous charging behavior1 

  

 

1 This chapter is based on Kim, S., Yang, D., Rasouli, S., & Timmermans, H. J. P. (2017). Heterogeneous hazard 

model of PEV users charging intervals: analysis of four year charging transactions data. Transportation 

Research Part C: Emerging Technologies, 82, 248-260. 
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2.1 Introduction 

The aim of this chapter is to reduce the gap in our understanding of PEV users’ charging behavior 

at public charging infrastructure. Assuming that PEV users may differ in terms of charging 

frequency and regularity (regular charging versus random charging), we develop a hazard-based 

duration model of inter-charging times (i.e. the elapsed time between two consecutive charging 

events), to examine the regularity and frequency of charging events at public charging stations, 

using four-year longitudinal charging transactions data. Our empirical results enable segmenting 

PEV users into two groups with different charging regularity. The paper provides valuable insights 

into understanding the personal characteristics of frequent users, the frequency and amount of 

charging at public charging stations, and which strategies may be used successfully to improve 

the performance of public charging infrastructure. 

The remainder of this chapter is structured in the following manner. Section 2.2 reviews 

previous literature on charging behavior and inter-episode duration analysis. Section 2.3 

describes the theoretical basis of the hazard-based duration model and the specifications used to 

model inter-charging times. Section 2.4 describes the data used in this study. Then, the results of 

model estimation, including the personal characteristics of regular and random users, are 

presented in Section 2.5. The final section summarizes the main conclusions, implications of this 

study and plans for future research. 

2.2 Inter-episode duration analysis 

Several studies have identified the temporal structure underlying activity participation over a 

longer period of time than a single day (Arentze & Timmermans, 2009; Axhausen et al., 2002; Bhat 

et al., 2005; Rasouli & Timmermans, 2014b). Particularly, hazard models have been proposed to 

account for the dynamics of activity participation. Inter-episode duration analysis uses panel data, 

which has multiple observations per individual and focuses on the time elapsed since the last 

activity participation episode, called inter-episode duration or gap time, to examine the rhythmic 

structure of daily activities. 

First, due to its recurrent nature, inter-episode duration analysis was applied in the study 

of shopping behavior by examining how marketing variables affect consumers’ decision to go 

shopping. Kahn and Schmittlein (1989) found evidence of weekly cycles in shopping trips by 

observing inter-shopping times using IRI (Information Resources, Inc.) shopping trip data, and 

classified shopping trips into “Quick” and “Regular” based on the amount of money spent. In the 

context of trip regularity, they provided insightful results by classifying consumers into two 

segments: those who made more quick trips than regular trips (i.e., Quicks) and those who made 
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more regular trips than quick trips (i.e., Regulars). However, only one exogenous variable was 

used for the analysis of its impact on trip regularity. By taking duration dependence and 

heterogeneity in purchase rates across consumers into account, as well as time-varying covariate 

effects, Gupta (1991) developed four negative binomial distribution (NBD) models and compared 

these models. Results indicated that the model with duration dependence and heterogeneity in 

purchase rates improved overall model fit. Kim and Park (1997) also developed a NBD model of 

inter-shopping times using IRI shopping trip data, which incorporated heterogeneity in shopping 

regularity and frequency. Based on the parameter estimates, they endogenously segmented 

respondents into random and regular shoppers by taking the shape of the inter-shopping time 

distribution into consideration. They noted that the exponential distribution describes the inter-

shopping time distribution of random shoppers, while the Erlang-2 distribution represents the 

distribution of shopping interval times of regular shoppers. Heterogeneity in shopping regularity 

was captured as a mixture of the exponential and the Erlang-2 distribution. Kim (2013) compared 

the pattern of online purchase timing with the corresponding patterns in the offline market. The 

results support the hypothesis that shopping time regularity collapses in the online market.  

Secondly, a growing body of research has recently examined multi-day or multi-week 

longitudinal activity diary data (Goulet-Langlois et al., 2016; Yang & Timmermans, 2017). 

Recognizing the limitation of reliance on cross-sectional data of existing activity-based models 

(Rasouli & Timmermans, 2014b), previous research has stressed the necessity to examine 

temporal patterns in daily activity-travel behavior (Arentze & Timmermans, 2009; Axhausen et 

al., 2002; Kitamura et al., 2006). Previous research has applied inter-episode duration analysis to 

this problem. For example, Schönfelder and Axhausen (2001) used six-week travel diary data of 

361 individuals from 162 households, located in the German cities of Halle/Saale and Karlsruhe, 

to analyze rhythms in “daily shopping” and “active sports” activities. They estimated the Cox 

proportional hazard model and the Weibull parametric hazard model for the inter-episode time 

distribution, which allows not only incorporating observed inter-episode durations for the 

probability of event occurrence, but also to treat duration-independent determinants such as 

socio-demographics or personal constraints. Bhat et al. (2004a) used the same diary data to 

examine the regularity and frequency of shopping behavior. Based on a hazard-based duration 

model, they extended the model formulation to inter-episode duration analysis, accounting for a 

non-parametric baseline hazard and unobserved heterogeneity across individuals in inter-

shopping durations, and applied a latent segmentation approach to segment shoppers into a 

random or a regular group according to their regularity in shopping activity participation. Bhat et 

al. (2005) extended the previous analysis to five different activity types, and found inherent 

weekly rhythms in activity participation. The results showed a stronger rhythmic pattern in non-
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shopping activities (i.e., social, recreation, and personal business activities) than in shopping 

activities (i.e., maintenance shopping and other shopping activities).  

Our current study contributes methodologically and empirically to this literature on 

inter-episode duration analysis by elaborating the work of Kim and Park (1997) and Bhat et al. 

(2004a). In terms of methodology, this chapter extends a latent segmentation scheme for duration 

modeling to allow for the effect of time-varying covariates. Different modeling specifications for 

inter-charging times, which accommodate both observed and unobserved heterogeneity are 

tested to examine regularity in charging patterns across PEV users. Empirically, this chapter deals 

with periodicity in charging transactions data, and segments PEV users into two broad groups 

according to charging regularity (i.e., random and regular). To the best of our knowledge, existing 

work on inter-charging times is largely restricted to descriptive statistics. Predictive models have 

rarely been developed using real-world charging data, with very few exceptions (e.g.,Daina & 

Polak, 2017; Rao et al., 2018). The model results provide information to private and public sector 

agents for the future development of charging infrastructure and facilitate understanding the 

dynamic structure of time-to-charging events. 

2.3 Model structure and specification 

Before discussing the methodology underlying this study, it is useful to provide a definition of 

charging regularity. We posit that PEV users may be heterogeneous in terms of charging intervals. 

The differences in charging intervals between two hypothetical PEV users are presented in Figure 

2.1. Inter-charging times of regular users show little variance compared to those of random users. 

In other words, regular users charge their PEV at a relatively fixed interval, and thus it can be said 

that the timing depends on the time elapsed since last charging event. Thus, the concept of 

regularity relates to the existence of regularity in interval times between charging events. Note 

that individuals may exhibit a certain degree of variation themselves, implying that segmentations 

are probabilistic. Since its introduction by Herniter (1971), the Erlang-k family of distributions 

has been extensively used to characterize the frequency distribution of the elapsed time between 

consecutive episodes in inter-episode duration analysis (Gupta, 1988, 1991; Jeuland et al., 1980; 

Kim & Park, 1997; Platzer & Reutterer, 2016; Schweidel & Fader, 2009). As a special case of the 

gamma distribution, where shape parameter k is a positive integer, the Erlang-k distribution 

allows for varying degrees of regularity in inter-episode duration. The higher k, the stronger an 

individual’s temporal regularity in activity participation. In other words, a high value for k implies 

that the timing of the next episode is highly dependent on time elapsed since the last episode, 

whereas the Erlang-k distribution can also be reduced to the exponential distribution if k equals 



Analysis of heterogeneous charging behavior 

13 

1, which implies that the timing of the next episode is independent of the time elapsed since the 

last episode.  

As an illustrative example, Figure 2.2 provides the frequency distributions of inter-

charging times of the two users in Figure 2.1. In this study, the exponential distribution (k = 1) is 

used to describe the memoryless property of random users as shown in Figure 2.2a. On the other 

hand, Figure 2.2b shows a clear peak, which suggests the Erlang-k distribution (k > 1) is a 

candidate distribution for regular users. However, the question remains: how regular is regular? 

An Erlang-2 timing distribution (k = 2) has a rich history in marketing research and has often 

served as a reference to account for the regular patterns in frequently occurring behavior, such as 

particular brand purchases (Chatfield & Goodhardt, 1973), product-category purchases (Jeuland 

et al., 1980; Lawrence, 1980; Dunn et al., 1983; Gupta, 1988, 1991; Fader et al., 2004; Schweidel & 

Fader, 2009) and shopping trips (Kim & Park, 1997). 

 

Figure 2.1 Charging sequences for a random and a regular PEV user 

 
Figure 2.2 Frequency distribution of inter-charging times of (a) random user and (b) 

regular user 
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Based on the findings of previous inter-episode duration analyses, some hypotheses can 

be formulated for this study. The first hypothesis to be tested is that individual heterogeneity in 

charging frequency and charging regularity exists among PEV users. To capture unobserved 

heterogeneity in charging frequency, a gamma mixing distribution is used, while a mixture of the 

exponential and Erlang-2 distribution is used to examine heterogeneity in charging regularity. We 

endogenously divide PEV owners into random and regular users using a latent segmentation 

approach by assuming that charging regularity is a latent variable, which is not directly 

measurable. The posterior membership probability of each user is obtained from the estimated 

parameters. It takes into account different degrees of regularity and randomness in an individual’s 

transactions data. 

The second research hypothesis to be tested is that harsh weather conditions, which vary 

over time, decrease PEV users’ inter-charging time hazards (probability of charging occurrence 

since the last charging event). We realize that seasonal effects may induce people to use particular 

transport modes. However, inter-charging times concern shorter time periods. Harsh weather 

conditions may induce people to stay at home or delay charging to the next day if possible. This 

section describes the hazard-based duration model used to test the proposed hypotheses by 

examining inter-charging times. 

2.3.1 Model for random users 

Similar to previous studies, it is assumed that the exponential distribution is suitable to model 

inter-charging times of random users, while the Erlang-2 distribution is appropriate for modeling 

regular users. These properties can be easily illustrated by inspecting the distribution of inter-

charging times. Let t denote the inter-charging time between two successive charging events. If 

we suppose a random charging process for user i, without consideration of the covariates which 

will be discussed later, the probability density function 𝑓𝑖
𝐸𝑥𝑝(𝑡) and survival function 𝑠𝑖

𝐸𝑥𝑝(𝑡) 

of an exponential inter-charging time are equal to 

𝑓𝑖
𝐸𝑥𝑝(𝑡) = 𝜆𝑖

𝐸𝑥𝑝
exp(−𝜆𝑖

𝐸𝑥𝑝
𝑡)       (2.1) 

𝑠𝑖
𝐸𝑥𝑝(𝑡) = exp(−𝜆𝑖

𝐸𝑥𝑝𝑡)        (2.2) 

where 𝜆𝑖
𝐸𝑥𝑝 is the inter-charging time hazard of user i.  

The hazard function for exponential inter-charging times thus becomes 𝜆𝑖
𝐸𝑥𝑝(𝑡) =

𝑓𝑖
𝐸𝑥𝑝

(𝑡)

𝑠𝑖
𝐸𝑥𝑝(𝑡)

=𝜆𝑖
𝐸𝑥𝑝

, which is constant over inter-charging intervals. In other words, if an individual’s 
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inter-charging time is distributed exponentially, his or her hazard rate of charging is independent 

of the time elapsed since the last charging event, which represents a complete random process of 

charging activity. Given that the charging transactions dataset is right-censored, the conditional 

likelihood function for random user i becomes 

𝐿𝑖
𝐸𝑥𝑝(𝑡|𝜆𝑖

𝐸𝑥𝑝) = [∏ 𝑓𝑖
𝐸𝑥𝑝(𝑡𝑖𝑗)

𝑛(𝑖)−1
𝑗=1 ] 𝑠𝑖

𝐸𝑥𝑝(𝑡𝑖𝑛(𝑖))  

= [∏ 𝜆𝑖
𝐸𝑥𝑝

exp(−𝜆𝑖
𝐸𝑥𝑝

𝑡𝑖𝑗)
𝑛(𝑖)−1
𝑗=1 ] exp(−𝜆𝑖

𝐸𝑥𝑝
𝑡𝑖𝑛(𝑖))      (2.3) 

where 𝑡𝑖𝑗  is the j-th inter-charging time of user i, n(i) is the last observation of user i (i.e., 

censored inter-charging time). 

However, it is illogical to assume that all individuals in the concerned population have 

the same inter-charging time hazard. Unobserved heterogeneity in the inter-charging hazard can 

be introduced by assuming 𝜆𝑖
𝐸𝑥𝑝 ’s is gamma distributed across individuals. The gamma 

distribution is flexible since it does not impose any symmetry restrictions and takes on a variety 

of shapes depending on its parameters. Furthermore, the gamma distribution has often been 

employed for its algebraic simplicity and model parsimony. Therefore, unobserved individual 

heterogeneity can be introduced by allowing 𝜆𝑖
𝐸𝑥𝑝 to be gamma distributed as follows. 

𝐿𝑖
𝐸𝑥𝑝(𝑡|𝛼𝐸𝑥𝑝 , 𝛾𝐸𝑥𝑝) = ∫ 𝐿𝑖

𝐸𝑥𝑝(𝑡|𝜆𝑖
𝐸𝑥𝑝)𝑔(𝜆𝑖

𝐸𝑥𝑝|𝛼𝐸𝑥𝑝, 𝛾𝐸𝑥𝑝)
∞

0
𝑑𝜆𝑖

𝐸𝑥𝑝   (2.4) 

where 𝑔(𝜆𝑖
𝐸𝑥𝑝|𝛼𝐸𝑥𝑝, 𝛾𝐸𝑥𝑝)  is the density function of the gamma distribution with scale 

parameter 𝛼𝐸𝑥𝑝  and shape parameter 𝛾𝐸𝑥𝑝.  

This specification has advantages over the usual way of including heterogeneity in 

proportional hazard models (Lancaster, 1990). It provides a closed-form likelihood expression 

and allows one to interpret the degree of heterogeneity in the data in terms of the gamma 

distribution parameters. 

2.3.2 Model for regular users 

The Erlang-2 model is duration dependent, suitable for describing the charging pattern of regular 

users. This model is based on the assumption that the elapsed time since the last charging event 

may affect the decision whether or not to charge. Without consideration of the covariates, the 

probability density function 𝑓𝑖
𝐸𝑟2(𝑡) and survival function 𝑠𝑖

𝐸𝑟2(𝑡) of Erlang-2 can be written as 

follows: 
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𝑓𝑖
𝐸𝑟2(𝑡) = (𝜆𝑖

𝐸𝑟2)2𝑡exp(−𝜆𝑖
𝐸𝑟2𝑡)        (2.5) 

𝑠𝑖
𝐸𝑟2(𝑡) = (1 + 𝜆𝑖

𝐸𝑟2𝑡)exp(−𝜆𝑖
𝐸𝑟2𝑡)        (2.6) 

Thus, the hazard function of the Erlang-2 model is 𝜆𝑖
𝐸𝑟2(𝑡) =

𝑓𝑖
𝐸𝑟2(𝑡)

𝑠𝑖
𝐸𝑟2(𝑡)

=
(𝜆𝑖

𝐸𝑟2)2𝑡

(1+𝜆𝑖
𝐸𝑟2𝑡)

. This 

shows that the hazard is monotonically increasing in duration and reflects positive duration 

dependence. Therefore, this model can be used to represent regular charging behavior. The 

conditional likelihood function of user i can be written as 

𝐿𝑖
𝐸𝑟2(𝑡|𝜆𝑖

𝐸𝑟2) = [∏ 𝑓𝑖
𝐸𝑟2(𝑡𝑖𝑗)

𝑛(𝑖)−1
𝑗=1 ]𝑠𝑖

𝐸𝑟2(𝑡𝑖𝑛(𝑖))  

= [∏ (𝜆𝑖
𝐸𝑟2)2𝑡𝑖𝑗exp(−𝜆𝑖

𝐸𝑟2𝑡𝑖𝑗)
𝑛(𝑖)−1
𝑗=1 ](1 + 𝜆𝑖

𝐸𝑟2𝑡𝑖𝑛(𝑖))exp(−𝜆𝑖
𝐸𝑟2𝑡𝑖𝑛(𝑖))   (2.7) 

where 𝑡𝑖𝑗  is the j-th inter-charging time of user i, n(i) is the last observation of user i. 

Similar to Equation (2.4), it is assumed that the 𝜆𝑖
𝐸𝑟2 s are gamma distributed to 

accommodate unobserved heterogeneity across individuals. The likelihood function of user i can 

be rewritten as 

𝐿𝑖
𝐸𝑟2(𝑡|𝛼𝐸𝑟2, 𝛾𝐸𝑟2) = ∫ 𝐿𝑖

𝐸𝑟2(𝑡|𝜆𝑖
𝐸𝑟2)𝑔(𝜆𝑖

𝐸𝑟2|𝛼𝐸𝑟2, 𝛾𝐸𝑟2)
∞

0
𝑑𝜆𝑖

𝐸𝑟2   (2.8) 

where 𝑔(𝜆𝑖
𝐸𝑟2|𝛼𝐸𝑟2, 𝛾𝐸𝑟2) is a density function of the gamma distribution with scale parameter 

𝛼𝐸𝑟2 and shape parameter 𝛾𝐸𝑟2.  

2.3.3 Time-varying covariates 

Thus far, we have expressed the likelihood function without consideration of the effects of 

covariates. It is, however, of interest to examine how the inter-charging hazard varies in response 

to a set of covariates. A proportional hazard approach is a well-known method, which allows the 

covariate effects to be multiplicative on the baseline hazard as follows (Wooldridge, 2010).2 

𝜆𝑖(𝑡) = 𝜆0𝜅(𝐱𝒊)         (2.9) 

where 𝜆0  is a baseline hazard which is assumed to be time-invariant, 𝐱𝒊  is a row vector of 

covariates, and 𝜅(∙) is a non-negative function of 𝐱𝒊. The baseline hazard, 𝜆0, is the same across 

all individuals in the concerned population, and the individual hazard function, 𝜆𝑖(𝑡), is shifted 

 

2 An alternative specification is the accelerated hazard model, which assumes the effects of covariates are 

to accelerate or decelerate the hazard rate relative to the baseline hazard rate. 
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proportionally to a function 𝜅(𝐱𝒊) of covariates. Due to the non-negativity assumption and ease 

of specification, an exponential function is usually used as follows, κ(𝐱𝒊) = exp (𝐱𝒊β), where β is a 

column vector of coefficients. In this case, a 1% change in a covariate 𝐱𝒊 shifts the hazard function 

by 𝐱𝒊β %. 

It is to be noted that Equation (2.9) only holds for time-invariant covariates. A 

proportional hazard specification 3  with time-varying covariates needs more careful 

consideration. In a proportional hazard specification, time-varying covariates have to meet the 

exogeneity condition (Lancaster, 1990). Any time-varying covariate whose path is determined 

independently of whether any person has or has not left the state in question (i.e., occurrence of 

charging event in a model for inter-charging time) is exogenous. Kalbfleisch and Prentice (2002) 

referred to this class of covariates as external covariates. An example of such a covariate might be 

weather whose path is presumably independent of any particular person charges his or her PEV 

or not. In contrast, the exogeneity condition would be violated if the path of a covariate is not 

defined once the person left the state. Lancaster (1990) gives the example of the wage paid in a 

job tenure duration, because it is not possible to define future wage if someone leaves the job. 

Kalbfleisch and Prentice (2002) named these as internal covariates. Lastly, there is the case that 

the covariate is not defined externally but it is not necessarily endogeneous (i.e., path of covariate 

is still defined after the person leaves the state). An example might be state-of-charge (SOC) of PEV 

in a model for inter-charging times. Undoubtedly, SOC depends on the occurrence of a charging 

event, but its path is well-defined after charging. Thus, SOC could be either endogeneous or 

exogenous for inter-charging times. It is an empirical issue whether such a covariate satisfies the 

exogeneity condition. In the proportional hazard specification, it is difficult to relax the exogeneity 

assumption with consideration of both time-varying covariates and unobserved heterogeneity 

together (Wooldridge, 2010). 

One possible way to deal with this problem is to discretize time, such as a day or a week, 

and to specify hazard as a piece-wise constant within time interval k, [ak-1, ak), where the time-

varying covariates are also constant. In other words, hazard rates and covariates are constant 

within each time interval but may change over time intervals. If the current charging is made in 

time interval k, by individual i, the hazard rates can be written as 

 

3 Ignoring unobserved heterogeneity, which can lead to biased estimates, Cox’s partial likelihood method 

can be used which accommodates time-varying covariate effects without specification of the baseline 

hazard. 
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𝜆𝑖𝑘(𝑡) = 𝜆0 exp(𝐱𝒊𝒌𝜷),  ak-1 ≤ 𝑡 < ak     (2.10) 

where k is the time interval when the current charging is made, k = 1,…,K, given that 1 is that of 

previous charging. With time-varying covariates, equations (2.1), (2.2), (2.5), and (2.6) can be 

rewritten as follows (see Gupta, 1991). 

𝑓𝑖𝑘
𝐸𝑥𝑝(𝑡) =  𝜆𝑖𝑘(𝑡) exp[−θ𝑖𝑘(𝑡)] = 𝜆0 exp[𝐱𝒊𝒌𝜷𝐸𝑥𝑝 − θ𝑖𝑘(𝑡)]    (2.11) 

𝑠𝑖𝑘
𝐸𝑥𝑝(𝑡) = exp[−θ𝑖𝑘(𝑡)]        (2.12) 

and 

𝑓𝑖𝑘
𝐸𝑟2(𝑡) = 𝜆𝑖𝑘(𝑡)θ𝑖𝑘(𝑡) exp[−θ𝑖𝑘(𝑡)] =  𝜆0 θ𝑖𝑘(𝑡)exp[𝐱𝒊𝒌𝜷𝑬𝒓𝟐 − θ𝑖𝑘(𝑡)]  (2.13) 

𝑠𝑖𝑘
𝐸𝑟2(𝑡) = [1 + θ𝑖𝑘(𝑡)]exp[−θ𝑖𝑘(𝑡)]      (2.14) 

where θ𝑖𝑘(𝑡)= ∫ 𝜆(𝑠)𝑑𝑠
𝑡

0
, 𝜷𝐸𝑥𝑝  is a column vector of coefficient for exponential model, and 𝜷𝐸𝑟2 

is a column vector of coefficient for Erlang-2 model. Like the preceding case in which we 

introduced unobserved heterogeneity into the models by allowing 𝜆𝑖
𝐸𝑥𝑝 and 𝜆𝑖

𝐸𝑟2 to be gamma 

distributed, we allow 𝜆0  to have a gamma distribution for the model with time-varying 

covariates. 

2.3.4 Latent segmentation scheme 

However, thus far there is no information on charging regularity as it is considered a latent 

variable. In this chapter, the propensity to belong to a segment (e.g., random user vs. regular user) 

is calculated using the posterior segment membership probability of user i. The final 

unconditional log-likelihood function for N users can be obtained by integrating the two 

likelihoods, conditional on the user being a random user or a regular user, weighted by 𝜑 and 

1 − 𝜑 (Kim & Park, 1997). 

𝐿𝐿 = ∑ log𝐿𝑖
𝑁
𝑖=1 (𝑡|𝜷, 𝜑, 𝛼𝐸𝑥𝑝 , 𝛾𝐸𝑥𝑝 , 𝛼𝐸𝑟2, 𝛾𝐸𝑟2) = ∑ log𝑁

𝑖=1 [𝜑𝐿𝑖
𝐸𝑥𝑝(𝑡|𝜷, 𝛼𝐸𝑥𝑝 , 𝛾𝐸𝑥𝑝) + (1 −

𝜑)𝐿𝑖
𝐸𝑟2(𝑡|𝜷, 𝛼𝐸𝑟2, 𝛾𝐸𝑟2)]        (2.15) 

This log-likelihood can be maximized to estimate the following parameters: (a) scale 

parameter 𝛼𝐸𝑥𝑝  and shape parameter 𝛾𝐸𝑥𝑝 for the random user segment, (b) scale parameter 

𝛼𝐸𝑟2 and shape parameter 𝛾𝐸𝑟2 for the regular user segment, and (c) weight 𝜑 and the vector 

𝜷.  
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The log-likelihood functions were maximized using optimx in R statistical software (Nash 

& Varadhan, 2011). Once parameter values are obtained, each individual can be assigned to the 

segments. The probabilities of assigning a given PEV user to one of the segments can be calculated 

through an empirical Bayes procedure. The posterior probability of user i's membership in the 

random user segment can be calculated as 𝜑𝐿𝑖
𝐸𝑥𝑝/𝐿𝑖, while the corresponding probability to be a 

regular user equals (1 − 𝜑)𝐿𝑖
𝐸𝑟2/𝐿𝑖 . 

2.4 Data  

2.4.1 Charging transaction data 

This chapter is based on charging transactions data provided by ElaadNL, which is one of the 

largest foundations in the Netherlands managing public and semi-public charging infrastructure. 

The data contains information about normal charging, also referred to as slow charging, at 1,880 

charging stations between 2010 and 2014. Figure 2.3 shows the spatial coverage of the data, 

indicating that the location and the usage of charging stations are concentrated in heavily 

populated areas. The charging transactions dataset consists of two parts: charging station 

information and transaction information. Charging station information includes data regarding 

the charging infrastructure such as charge station ID, address, postal code, and coordinates 

(longitude, latitude) of charging stations, while transaction information contains data regarding 

charging transaction ID, charging pass card ID, charging start time, charging end time, and plug 

off time. 

Each charging transaction is linked with a charging pass card. It has to be noted we 

assume that one charging pass card is owned and used by a single user, even though it may be 

shared with others. Therefore, we assume that repetitive use of a charging pass card ID represents 

the charging pattern of the same individual. Unfortunately, the data used in this study does not 

provide socio-demographic data. However, it includes information about type of EV (i.e., battery 

electric vehicle vs. plug-in hybrid electric vehicle) for every transaction, which was detected based 

on different energy consumption profiles of vehicles types. 

The proposed approach is applied to the charging transactions panel data. The analysis 

of this data has the following challenges. First, the data contains not only ordinary charging 

transactions, but also abnormal charging transactions. It is observed that some charging 

transactions occur too many times a day and are largely associated with specific individuals. We 

considered these data as not relevant for our purpose and deleted 12 individuals who charged 

more than 20 times a day. Second, in order to obtain stable model results, very light users who do 

not charge at least five times (which comprises about 5 % of the entire case) were also eliminated. 



Chapter 2 

20 

Third, some inter-charging times were too large (e.g., 1,263 days), which may occur for many 

different reasons. Despite the E-laad data covers a significant number of public charging stations 

in the Netherlands, there are some charging stations that do not belong to the E-laad network. We 

assumed that PEV users in the data do not use a charging station outside the sample. It is also 

possible that users may be out of town for a long time. These extremely long inter-charging times, 

which are higher or equal to 30 days, are considered as outliers, and were eliminated from the 

analysis. The upper bound was used here due to the small number of inter-charging times 

exceeding this duration length (about 7% of the observations). The sample used in this study 

consists of the inter-charging times of 9027 PEV users. Table 2.1 shows the summary statistics of 

the data used. The number of inter-charging duration spells ranged between 5 to 930, with an 

average of 48.83. The average inter-charging time of all individuals is 5.36 days.  

 

Figure 2.3 Distribution of the charging stations 
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Table 2.1 Summary of the charging transaction dataset 

Time span 8/20/2010 – 8/29/2014 

Total number of users 9,027 

Total number of inter-charging times 449,844 

Number of inter-charging times per person Min = 5, Max = 930, Mean = 48.83 

Length of inter-charging time (day) Min = 0.01, Max = 29.99, Mean = 5.36 

 

The first step to understand the characteristics of inter-charging times is to examine the 

frequency distribution. Figure 2.4a represents the frequency distribution of inter-charging times 

at an aggregate level and resembles an exponential distribution. It may suggest that the EV users’ 

propensity to charge at time t is independent of the elapsed time since the last charging event. 

Thus, it seems that charging occurs randomly rather than regularly at first glance. However, 

Figure 2.4b provides clear visual evidence of rhythmic patterns in charging activity. The sample 

hazard was calculated using the Kaplan-Meier method with an upper bound of 30 days. 

The Kaplan-Meier estimator or sample hazard is a non-parametric estimator of the 

hazard function that is calculated as the number of terminated episodes in discrete time period k 

divided by the population still in the risk set in that period. Therefore, at an aggregate level, the 

Kaplan-Meier method can be used to check the underlying distribution of the data without 

controlling for observed and unobserved heterogeneity across individuals. The results are 

consistent with our contention that several peaks in each week are related to the charging 

patterns of regular users. On the other hand, the high hazard at the first 6 days is monotonically 

decreasing indicating negative duration dependence, which represents the inter-charging times 

of random users. In Section 2.5, we will discuss how random users and regular users are separated 

out and compared. 

Figure 2.4 (a) Frequency distribution of inter-charging times and (b) sample hazard 
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2.4.2 Weather data 

In this study, we focus on the influence of weather conditions on PEV users’ charging decisions. 

The weather data used were derived from the Royal Netherlands Meteorological Institute (KNMI) 

database. The database consists of daily values of weather variables such as precipitation, 

temperature, wind speed, etc., measured at 35 weather stations across the Netherlands. Charging 

transaction data were spatially and temporally linked to daily weather data. Each charging 

transaction record was augmented with weather information from the closest weather station on 

the corresponding day. We expect that harsh weather conditions may trigger PEV users to 

postpone charging at public charging stations to the next day or later, which can be incorporated 

into the model by means of the effects of covariates on the hazard rate (Böcker et al., 2016). The 

variables used in the analysis are listed in Table 2.2. Four weather variables are converted into 

dummy variables taking the value of 1 if the corresponding variable reflects unpleasant weather 

conditions for charging outside. Thus, all variables considered here are expected to decrease 

users’ charging rates. 

2.5 Empirical results 

2.5.1 Model estimation results 

Table 2.3 shows the estimation results for the different model specifications. First, the models 

with and without heterogeneity in charging frequency are compared. It is clearly shown that the 

model with gamma heterogeneity improves model fit in all cases. Given that the magnitude of the 

shape parameter indicates the degree of heterogeneity in the sample, the low value of the shape 

parameter indicates that substantial heterogeneity exists among individuals with respect to inter-

charging times, which is in line with findings of other charging behavior studies (e.g., Zoepf et al., 

2013).  

Table 2.2 Description of variables 

 

 

Variable Definition Mean 
Std. 
dev. 

Heavy wind speed 
1 if daily mean wind speed is greater than 8.7 m/s,    
0 otherwise 

0.062 0.241 

Temperature < 0 °C 
1 if daily mean temperature is less than 0 °C,         
0 otherwise 

0.060 0.237 

Temperature > 20 °C 
1 if daily mean temperature is greater than 20 °C,     
0 otherwise 

0.046 0.211 

Heavy precipitation 
1 if daily precipitation amount is greater than 11.1 mm, 
0 otherwise 

0.045 0.207 
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Table 2.3 Model estimation results 

 Exp Erlang-2 
Exp/ 
gamma 

Erlang-2 
/gamma 

Mixed 

𝜆 
0.356*** 
(711.00) 

0.718*** 
(287.20) 

- - - 

Mixing distribution 
parameter: Exponential 
model 

     

 Shape (𝛾𝐸𝑥𝑝) - - 
1.916*** 
(65.31) 

- 
2.155*** 
(57.77) 

 Scale (𝛼𝐸𝑥𝑝) - - 
6.491*** 
(57.00) 

- 
8.116*** 
(50.19) 

Mixing distribution 
parameter: Erlang-2 model 

     

 Shape (𝛾𝐸𝑟2)  - -  1.805*** 
(68.02) 

1.800*** 
(18.42) 

 Scale (𝛼𝐸𝑟2) - -  2.984*** 
(58.55) 

1.842*** 
(19.68) 

Size of exponential (𝜑)    - 
0.900*** 
(37.18) 

Weather characteristics      

 Heavy wind speed -0.023*** 
(-5.63) 

-0.019*** 
(-5.90) 

-0.051*** 
(-6.17) 

-0.050*** 
(-7.63) 

-0.052*** 
(-6.75) 

 Temperature < 0°C 0.008* 
(2.22) 

0.011** 
(3.85) 

0.050*** 
(5.80) 

0.056*** 
(8.86) 

0.050*** 
(6.24) 

 Temperature > 20°C -0.134*** 
(-11.26) 

-0.160*** 
(-17.31) 

-0.136*** 
(-16.33) 

-0.157*** 
(-24.39) 

-0.146*** 
(-18.64) 

 Heavy precipitation -0.067* 
(-4.83) 

-0.086*** 
(-7.95) 

-0.040*** 
(-5.61) 

-0.048*** 
(-8.18) 

-0.042*** 
(-6.18) 

Log-likelihood at 
convergence (LLc) 

-935,259 -1,134,588 -834,454 -919,936 -827,864 

Log-likelihood at zero (LL0) 
-1,353,268 -1,353,268 -1,353,268 -1,353,268 -1,353,268 

Number of parameters (N) 5 5 6 6 9 

Total number of individuals 9,027 9,027 9,027 9,027 9,027 

Total number of observations 449,844 449,844 449,844 449,844 449,844 

Adj. likelihood ratio index = 
1 – {(LLc – N)/LL0)} 0.309 0.162 0.383 0.320 0.388 

BIC 1,870,595 2,269,254 1,668,986 1,839,949 1,655,845 

Notes:  1. t-values are in the parentheses.  
 2. * indicates statistical significance at the 0.05 level. ** indicates statistical significance at the 
 0.01 level. *** indicates statistical significance at the 0.001 level. 
 3. BIC=-2* LLc + N*log (number of observations). The model with the lowest BIC is preferred. 
 For unobserved heterogeneity concerns, it is assumed that inter-charging time hazard 
 (𝜆𝑖) are to be distributed as gamma with a shape parameter and a scale parameter (mean = γ/α, 
 variance = γ/α2). 
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Second, we assess the impact of including duration dependence in the model by 

comparing Exponential/gamma with Erlang-2/gamma models. The model without duration 

dependence fits the data much better. In other words, the model with the memoryless property 

of the exponential distribution describes the charging behavior of the entire set of observations 

well, which implies that PEV users tend to charge their cars more at random. In contrast to the 

results of previous inter-purchase and inter-shopping time studies (Gupta, 1991; Bhat et al., 

2004a), these results suggest that charging behavior has a different underlying structure than 

shopping behavior in terms of regularity. In addition, the interpretation of the shape parameter 

provides useful insight in the understanding of unobserved heterogeneity. While the coefficient 

of variation (CV) is a direct measure of the heterogeneity, the shape parameter (𝛾) is inversely 

proportional to it, as CV = 
𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛

𝑀𝑒𝑎𝑛
 =√

𝛾

𝛼2

𝛾

𝛼
⁄  = 1/√𝛾. Therefore, the lower the value of γ, 

the higher the heterogeneity. When comparing Exponential/gamma with Erlang-2/gamma 

models, the results show that the shape parameter for the latter model is marginally smaller than 

the shape parameter of the former model. This result has an intuitive interpretation based on the 

assumption that the total variance in PEV users’ inter-charging times consists of within-individual 

variance (i.e., intrapersonal variability) and between-individual variance (i.e., interpersonal 

variability). As we noted earlier, the Erlang-2/gamma model assumes an Erlang-2 distribution for 

inter-charging times of individuals. This assumption implies that charging occurs more regularly 

than in the exponential model, which can be interpreted as the Erlang-2 model (or Erlang-

2/gamma) having a smaller within-individual variance than the exponential model (or 

Exponential/gamma). Thus, given the same amount of total variance in inter-charging times, an 

Erlang-2 model may represent larger between-individual variance than the exponential model. 

Therefore, in general, the shape parameter of Erlang-2 model is less than that of the exponential 

model. This is more pronounced in the Mixed model, which indicates the corresponding amount 

of heterogeneity is captured in the model. 

Thirdly, heterogeneity in charging regularity is taken into consideration by introducing a 

mixture of two parametric distributions. It is shown that the inclusion of heterogeneity in charging 

regularity significantly improves model fit, as is evident from the lowest BIC (Bayesian 

Information Criterion) value. As we noticed in Equation (2.15), the posterior probabilities of PEV 

user’s membership being in the random user segment or in the regular user segment were 

obtained. The parameter estimates of φ indicate the relative size of the random user segment. The 

results suggest that about 90% of the entire sample of PEV users are more likely to charge their 

car at random intervals, while 10% charges regularly. 
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Lastly, the effects of covariates on inter-charging time are presented. The estimated 

coefficients of covariates are statistically significant at the 0.001 level and stable across all models. 

The signs of coefficient estimates are mostly consistent with a priori expectations. Harsh weather 

conditions would lower PEV users’ charging rates. Thus, we expect the sign of the coefficient to be 

negative for all variables. A notable exception, however, was observed for Temperature < 0°C 

which has a positive coefficient estimate, implying the covariate increases charging rates. The 

magnitude of the covariate effects can be interpreted as the percentage change in the hazard, 

exp(𝐱𝒊𝒌𝜷), as represented by Equation (2.10). In the mixed model specification with covariates, 

on a certain day when the mean temperature is lower than 0°C, a PEV users’ charging rate 

increases by 5%. This result may indicate this variable reflects not only PEV users’ charging 

behavior but also factors affecting battery consumption such as parasitic load (e.g., heating) and 

battery performance at low temperatures. Several empirical tests support the fact that batteries 

work evidently less efficiently at low temperatures (e.g., Yuksel & Michalek, 2015).  

In contrast, Temperature > 20°C has a larger negative coefficient estimate compared to 

others, which leads to a 14% decrease in the charging rate on the corresponding day, suggesting 

a synergistic effect of covariate effects on charging rate and good performance of battery at this 

temperature. Heavy wind speed and Heavy precipitation have high negative effects on inter-

charging times of PEV users at public charging stations, and lower the charging rate by 5% and 

4%, respectively. To summarize, the model estimates are consistent with the formulated 

hypotheses. The model fit statistics suggest that the model with heterogeneity in charging 

frequency as well as charging regularity performs the best, and inclusion of time-varying variable 

significantly improves model fit. 

2.5.2 Characteristic differences between random users and regular users 

To get a better understanding of the reasons why people behave differently in terms of charging 

regularity, we take a look at the characteristics of each segment. Two sets of variables were 

considered as shown in Table 2.4: charging behavior and vehicle characteristics. Although 

demographic characteristics may also explain why heterogeneity in charging regularity arises, 

their effects could not be estimated because socio-demographic variables were not available due 

to confidentiality of the data. We considered five charging behavior variables and two vehicle 

variables. Charging behavior characteristics included the average charging interval, charging 

duration, and charging frequency and the percentage of weekend charging. Moreover, we 

considered charging station loyalty of each user, which was calculated as ∑ 𝑑𝑖
2𝑁

𝑖=1 , where 𝑑𝑖 is 

the share of the charging station i in the total number of N visited charging stations. Vehicle 

characteristics considered dummy variables for two EV types (BEV and PHEV). 
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Based on the parameter estimates of the mixed model, 8121 PEV users were assigned to 

the random group while 906 were assigned to the regular group. Table 2.5 provides the mean 

values, the standard deviations, and the corresponding t-values for mean differences between two 

groups. All selected variables are statistically different at the 0.001 level. As for the charging 

behavior characteristics, on average, regular users charge at public charging station almost every 

2.75 days, while random users charge every 5.65 days. Also, it is interesting to note that PEV users 

who have regular charging patterns tend to charge more and longer compared to random users. 

Weekend charging is more significant in the random user group. That is to say, regular users tend 

to charge more at weekdays. Moreover, regular users exhibit stronger charging station loyalty 

than random users. These results are in line with our expectations. 

Table 2.4 Description of variables 

Variable Description 

Charging behavior characteristics 

Charging interval Mean value of inter-charging time in days 

Charging duration 
Mean value of charging duration in hours (the elapsed hours 
between plug-in and plug-off time) 

Number of charging events  Mean value of number of charging events  

Weekend charging 
Percentage of charging events that occurred on Saturday and 
Sunday. 

Charging station loyalty Concentration ratio 

Vehicle characteristics (PEV type) 

BEV 1 if the user has a battery electric vehicle. 0 otherwise. 

PHEV 1 if the user has a plug-in hybrid vehicle. 0 otherwise. 

Table 2.5 Characteristic of random and regular users 

Variable Random users, n=8121 Regular users, n=906 t-stat 

Charging behavior characteristics 

Charging interval 5.65 (3.36) 2.75 (2.73) 25.05 

Charging duration 5.37 (9.08) 8.18 (4.62) -9.20 

Number of charging events 43.31 (71.78) 108.34 (124.17) -23.61 

Weekend charging 0.28 (0.22) 0.21 (0.15) 7.94 

Charging station loyalty 0.62 (0.27) 0.85 (0.19) -25.19 

Vehicle characteristics (PEV type) 

BEV 0.22 (0.41) 0.11 (0.32) 7.47 

PHEV 0.76 (0.42) 0.88 (0.32) -8.07 

Note: 1. Standard deviations are in the parentheses. 
 2. All variables are statistically significant at the 0.001 level 
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In summary, the results indicate that regular users in our data show distinct 

characteristics from random users for both charging behavior and vehicle variables. In terms of 

vehicle characteristics, compared with the random group, the regular group is more represented 

by PHEV owners. This result is somewhat surprising in that one would expect that BEV users 

charge more regularly as they are more dependent on charging. In the Dutch context, however, 

the result can be explained by the fact that more than 85% of the PEV market share is dominated 

by PHEV. Thus, these users dominate the use of public charging stations. Moreover, BEV users 

mainly charge at home in private parking places or at work (e.g., Noom et al., 2015). 

2.6 Discussion and conclusions  

This chapter examined PEV users’ inter-charging times to understand their charging patterns at 

public charging infrastructure with a Dutch four-year longitudinal charging transactions dataset. 

Given that PEV users exhibit heterogeneous charging behavior in terms of charging frequency and 

charging regularity, this study applied a hazard-based duration model to examine how often PEV 

users charge their car, and to distinguish the distinct characteristics of random (erratic) users and 

regular (routine) users. The results show that 90 % of PEV users charge their car randomly at 

public charging stations, while 10% charges regularly. It is found that significant differences exist 

between the two groups in terms of charging characteristics, such as charging interval, charging 

duration, loyalty to charging station and total number of charging episodes. Given the estimated 

parameters of the model, weather conditions appear to have a direct impact on charging decisions 

at public charging stations. 

Moreover, our empirical results have implications for practice and research. For service 

providers, knowing the different characteristics of random and regular users would be 

managerially meaningful. Most PEV users tend to charge randomly at public charging stations, and 

they are likely to be light users given the short charging durations and long charging intervals. 

Regular users, however, those who exhibit habitual process in terms of charging interval, have a 

high loyalty to a specific charging station. Moreover, the results can be associated with 

quantifiable information about the extent weather conditions affect the periodicity of everyday 

charging activity. Our findings suggest that harsh weather conditions postpone one’s decision to 

charge a PEV at a public charging station. When aiming to stimulate the use of public charging 

infrastructure, it may be important to bear in mind that reducing weather exposure to PEV users, 

by means of reduced walking distance or increased shelter, is not a trivial factor. 

In terms of modeling approach, recognizing heterogeneity in charging regularity and 

taking it into account may play a crucial role in successful implementation of future charging 

infrastructure. Such information is relevant to energy providers and allows them to better manage 
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smart grids, which may provide the input to decide on the optimal location patterns of charging 

stations. It would be of interest to incorporate models of dynamic charging behavior into 

computational process models of activity-travel behavior or into scheduling tools to derive 

essential information concerning the temporal allocation of recurrent behavioral activity-travel 

patterns. Both researchers and practitioners in the area of management of public charging 

infrastructure can gain insights to understanding the periodic and repetitive nature of charging 

behavior.  

An interesting future research topic is to examine the effects of PEV users’ socio-

demographics on inter-charging time hazard. In this study, we endogenously segmented users 

into two groups only by considering the patterns of charging intervals. Nevertheless, the models 

developed in this study provide a basic insight into how PEV users utilize public charging 

infrastructure. These models can be quickly adapted with more abundant data sources. Given that 

the charging activity is chained with daily activity schedules and the state-of-charge (SOC), it 

would be a valuable to examine in future research how those variables affect charging regularity 

and charging frequency. 
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3.1 Overview 

Limited charging opportunities are a major barrier to the electrification of transportation (Franke 

& Krems, 2013b, 2013a; Azadfar et al., 2015; Rauh et al., 2015; Hardman et al., 2018). In the 

situation where the market penetration of PEVs is limited, charging infrastructure providers and 

PEV manufacturers are not willing to invest in new infrastructure, whereas consumers are 

reluctant to buy PEVs if there are not sufficient recharging opportunities. In order to escape from 

chicken-egg problem, and to trigger the adoption of PEV, sufficient charging opportunities should 

be guaranteed in urban areas. The need for extra infrastructure raises the question how many 

(new) charging stations are required and what are their optimal locations. Compared to pumping 

gas, out-of-home PEV charging tends to be synchronized in time and space with particular 

activities such as work and shopping activity due to the longer time required to recharge the 

battery (Smith et al., 2011; Dong et al., 2014; Daina et al., 2015). Moreover, research on charging 

behavior suggests substantial heterogeneity in charging behavior. Ignoring the variables and 

constraints set by PEV users’ activity-travel patterns and the heterogeneity in charging patterns 

will severely limit the ability of the model to predict charging demand. 

From this perspective, understanding the charging behavior of PEV users may help us to 

spend limited financial resources to build the new stations in locations which can provide 

convenience to the drivers and optimize the use of infrastructure. However, the decision process 

of when, where, and for how long to charge PEV is not well understood yet. It is a more complex 

decision process than that of refueling ICEV due to the spatial-temporal constraints set by current 

technology (e.g., charging speed and battery capacity) and more diverse features in the context of 

choice (e.g., at-home charging vs. out-of-home charging, slow charging vs. fast charging, public 

charging vs private charging). 

The aim of this thesis is to develop a decision support tool for identifying the required 

number and optimal locations for public PEV charging stations. An activity-based travel demand 

model framework to address the multi-dimensional decision process of PEV charging is adopted 

in relation to PEV users’ multi-day/multi-week activity-travel patterns. Based on the premise that 

travel demand is a manifestation of a complex decision-making process of individual seeking to 

meet particular needs or desires, activity-based models focus on mimicking/replicating activity-

travel processes by considering them as the resultants of choice heuristics (Kitamura & Fujii, 1998; 

Miller & Roorda, 2003; Arentze & Timmermans, 2004; Bhat et al., 2004b; Pendyala et al., 2005; 

Balmer et al., 2006; Auld & Mohammadian, 2012). As such, the conceptual framework presented 

in this chapter postulates that charging decision process is implicated in the formation of activity-

travel patterns. 
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This chapter is organized as follows. First, a series of literature reviews of related work 

is given in the next section. Understanding a complex decision process of PEV charging constitutes 

the first step to find the optimal location of additionally built charging stations. Second, it presents 

the development of the conceptual framework that was used to solve charging station location 

problem of PEV in an urban area. The framework consists of two main parts concatenated 

together: (a) PEV charging demand modeling within the context of dynamic agent-based activity-

based model, and (b) stochastic programming model for location and allocation of PEV charging 

stations. 

3.2 Literature review 

In this section, a literature review on refueling and charging behavior will be given, followed by 

the introduction of the state-of-the-art methods regarding activity-based travel demand modeling 

and charging station location-allocation problem. Based on these discussions, the conceptual 

framework of the thesis is presented in the next section. 

3.2.1 Refueling behavior 

Revisiting the literature on refueling behavior of ICEV users may help to get an insight to 

understand charging behavior of PEV users. Kitamura & Sperling (1987) conducted a descriptive 

and exploratory analysis of the refueling behavior of ICEV users. They argued that, as shown in 

Figure 3.1, refueling decision (decision of when and where to refuel) is context-dependent, and is 

associated with a variety of factors including driver’s activity schedule, remaining fuel inventory 

level, proximity and awareness of refueling stations, and other service attributes (e.g., price, 

amenity, brand). Moreover, they insisted that refueling behavior is heterogeneous among 

individuals and across refueling decision processes. The authors’ viewpoint of the refueling 

decision process is twofold: a) “a routine task performed at a frequently visited outlet in the vicinity 

of home or workplace”, and b) “an ad-hoc search for refueling opportunities”. The routinized 

refueling is performed at familiar and frequently visited places, thus it is well-planned with a daily 

activity agenda. In contrast, the ad-hoc refueling is occurred at more or less unknown places, 

therefore individuals have to make a decision on refueling based on price, brand, detour distance, 

etc. 

The authors not only explored the refueling behavior of ICEV users, but also gave some 

insights toward that of nonpetroleum users. They highlighted that distinguishing the two different 

types of refueling and determining relative frequency of both become especially important if one 

aims to evaluate the relationship between a limited distribution network and the willingness to 

adopt a nonpetroleum vehicle (such as PEV). It has been known that the absence or sparseness of 
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refueling stations hinders the adoption of new fuels which is characterized as the chicken or egg 

allegory. An understanding of refueling behavior gives an informed basis on predicting spatial and 

temporal pattern of refueling, thus can find the optimal configuration which maximizes the 

adoption of new fuels. In similar, Dingemans et al. (1986) also found that the consideration of such 

heterogeneities among non ICEV users becomes critical in making decision about locating the first 

few refueling station for new fuel types.  

3.2.2 Charging behavior 

The study of charging behavior in transportation research started with the growing adoption of 

PEV around the world. At the initial stage, charging behavior studies mainly involved descriptive 

analyses of small samples of PEV users or choice experiments based on hypothetical scenarios 

(Khan & Kockelman, 2012). Frank and Krems (2013b), for example, examined the charging 

patterns of 79 drivers in a 6-month EV trial in Berlin, focusing on driver’s coping behavior toward 

state-of-charge (SOC) (i.e., user-battery interaction). Their study results suggest the respondents 

usually charged their vehicle about three times a week and typically drove 37 km with the PEV 

per day. Moreover, heterogeneities among individuals in the coping behavior are shown to exist. 

Figure 3.1 Refueling decision process (Kitamura & Sperling, 1987). Figure reproduced 

with permission of the rights holder: Elsevier 



Concept and literature review 

33 

Speidel and Braunl (2014) examined the charging instances of 11 vehicles and usage patterns of 

23 charging stations (out-of-home, out-of-work) during the Western Australian Electric Vehicle 

Trial (2010-2012). By equipping with a GPS device in the vehicle side, and with data logger in the 

charging station side, the details of 2917 charging events were collected including start time, end 

time, location, distance travelled between charging events, energy used(kWh), charging duration 

and plug-in duration without charging. Their result indicates most charging is conducted at home 

or work locations (55%), while the charging stations were only used for 33% of charging events. 

Similarly, in the Victorian EV Trial in Austrailia (2010-2014), Khoo et al. (2014) conducted a 

statistical analysis of the empirical relationships between PEV types (BEV and PHEV)/participant 

types (household and corporate) and attributes of charging events including duration, charging 

time, daily charging frequency, energy consumed, and time to the next charging event. The data 

collected comprises of 4933 charging events from 33 PEVs (30 BEVs and 3 PHEVs) and 178 

participants (121 households and 57 corporates). They conducted Monte Carlo simulations to the 

projected PEV uptake scenarios with the developed statistical models fitted to the data. The 

results show that, on the average, each corporates charge event lasted 2.763 h and consumed 

6.780 kWh while each household participants charge event lasted 2.491 h and consumed 6.001 

kWh. Weldon et al. (2016) conducted a descriptive and statistical analysis to describe charging 

and trip making behavior of 72 BEV users in Ireland. Results suggested that BEV users tend to 

charge at regular intervals, which included both at-home charging and public charging, regardless 

of remaining range of their batteries. In the abovementioned studies, despite the interesting 

results, it is hard to grasp the full picture of charging behavior because the probes were only 

installed in PEVs, and no information is collected on activity patterns of PEV users. 

Apart from the descriptive analyses, there have been studies trying to figure out what 

determines the various facets of charging decision. Zoepf et al. (2013) examined charging choice 

of PHEV users at the end of each trip with a sample fleet of 125 cars across 1 year. Their results 

indicated that charging usually is conducted after the day’s last trip ending at home and when the 

scheduled next trip is a long travel (more than 3 h), though significant heterogeneities are shown 

to exist among users. The Japan Automobile Research Institute (JARI) collected probe data from a 

larger sample of 483 BEVs over two years (Sun et al., 2015). The probe installed in the vehicle 

provided rich information about charging behavior as well as vehicle information, such as vehicle 

trajectory and SOC. A mixed logit model was developed using the panel data to estimate charging 

timing choice of the last trip of the day (i.e., no charging, charging immediately after arrival, 

nighttime charging, and charging at other times). Estimation results indicate SOC, interval days 

before the next travel day, and VKT on the next travel day are the main predictors for whether a 

user charges the BEV or not. Moreover, they observed a large variance for nighttime charging 
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since various electricity tariff hour exists in Japan and price-sensitive users would behave 

differently from the users with lower price sensitivity. Using a stated choice experiment, Wen et 

al. (2016) developed a latent class logit model for the charging choices of PEV drivers with respect 

to the time, location, rate, and duration. Model estimation results identify three types of PEV users, 

namely “1) those who decide to charge on the basis of price and necessity; 2) those who generally 

charge whenever they have the opportunity; and 3) those who consider a wider range of factors, 

including charging power, dwell time, and the effect on their home charging bill”. More recently, 

Daina et al. (2017) proposed a mixed logit model for jointly predicting PEV drivers’ activity-travel 

scheduling and charging choices under smart charging scenarios. To develop the model, two 

series of stated choice experiments, each with 12 choice situations, were conducted among 88 

respondents. The authors found significant heterogeneity across respondents regarding their 

preferences for charging schemes, considering desired SOC, charging duration and charging cost. 

Recognizing heterogeneities in charging pattern in terms of temporal regularity and taking it into 

account plays a crucial role in successful implementation of future charging infrastructure. 

3.2.3 Activity-based travel demand modeling 

Activity-based travel demand models are increasingly being used in many operational planning 

studies (Miller & Roorda, 2003; Arentze & Timmermans, 2004; Bhat et al., 2004b; Pendyala et al., 

2005; Balmer et al., 2006; Bellemans et al., 2010; Auld & Mohammadian, 2012; Castiglione et al., 

2014; Rasouli & Timmermans, 2014a; Nurul Habib, 2018). These models focus on predicting out-

of-home activities and the associated travel (in terms of when, where, how, for how long, and with 

whom) required to execute these activities. A variety of modeling approaches have been 

suggested to develop the activity-based models of travel demand. Utility-maximizing models 

(Kitamura & Fujii, 1998; Bhat et al., 2004b) are based on the premise that individuals maximize 

utility in the face of choosing among activity-travel pattern alternatives, whereas rule-based 

models (also called computational process models) (Miller & Roorda, 2003; Arentze & 

Timmermans, 2004; Pendyala et al., 2005; Auld & Mohammadian, 2012) formulate decision 

heuristics to mimic the underlying decision-making process rather than the assumption of utility-

maximizing behavior. 

Over the last two decades, the rule-based models have gained increasing attention in 

modeling spatio-temporal choice behavior of daily activity pattern, assuming that the choice 

behavior is driven by heuristic decision rules rather than utility maximization. The rule-based 

models have often been formulated as a computational process which mimics the decision-making 

process in complex environments. Decision heuristics reflect the notion that under a particular 

set of conditions an individual with a certain socio-demographic profile and the spatio-temporal 
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and institutional constraints set by the environment will activate a particular action state, i.e. 

choose a particular choice alternative. Several formalisms may be used to represent the 

relationship between profile, condition states, and actions. For example, IF, THEN, … , ELSE 

structures are a logical candidate because they allow specifying the condition set and which action 

will follow, while the “ELSE” allows specifying the universe of condition states. However, as this 

representation is prone to error when dealing with large sets of heuristics demanded in activity-

based models of travel demand, decision tree or decision table formalisms have the clear 

advantage that the exhaustiveness and exclusiveness of decision rules can be easily guaranteed 

and maintained in complex model systems using predicate logic (Lucardie, 1994). Albatross 

(Arentze & Timmermans, 2004, 2005; Rasouli et al., 2018) is the best-known activity-based model 

that is built on such decision trees. 

The activity-based approach seems particularly suitable to model PEV users’ charging 

pattern due to its ability to depict complex decision-making processes, subject to the spatial-

temporal/household/institutional constraints set by the environment as well as the battery 

constraint of PEV. The analysis is, in general, implemented within a microsimulation framework 

where the simulation is conducted in a highly disaggregated way spatially (e.g., parcel level), 

temporally (e.g., minute), and the units of decision makers (e.g., individual/household). The 

results of the microsimulation would allow one to examine how PEV users react to the limited 

amount of battery, and to identify how they incorporate charging activity into their activity-travel 

schedule. Despite these advantages, only a few studies have applied the activity-based modeling 

framework to examine the PEV users’ behavior (Hodge et al., 2011; Knapen et al., 2012; De Ridder 

et al., 2013; Waraich et al., 2013).  

Although activity-based models have been significantly improved for the past decades, it 

has been argued that the limitation in data and computational power limit the capabilities of the 

activity-based models. Research challenges in developing improved activity-based model of travel 

demand model (relevant to modeling charging behavior) include the following (Rasouli et al., 

2018; Miller, 2019): 

1. Day-to-day behavioral dynamics and multiday forecasting  

2. Information acquisition and attitude formation and their impact on activity travel 

3. Heterogeneity in both individuals and choice contexts 

 

Most activity-based models at present, however, are static in that they model behavior on 

a single, arbitrary day without consideration of past experience or memory based on data 

collected from a 1-day survey. Moreover, as evidenced in the previous sections (Chapter 2 and 
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Section 3.2.1 and Section 3.2.2), charging behavior exhibits a significant heterogeneity among 

individuals in terms of temporal regularity in charging intervals, and it can be distinguished into 

two different processes: a) random or ad-hoc charging and b) regular or habitual, routinized 

charging. This disparities in temporal regularities emphasizes the need to adopt a multiday 

charging demand forecasting. 

The current increasing interest in developing dynamic models of activity-travel behavior 

(Arentze & Timmermans, 2009, 2012; Auld et al., 2011; Cirillo & Axhausen, 2010; Timmermans et 

al., 2010; Xianyu et al., 2017; Yasmin et al., 2015) and the increasing availability of multi-day, even 

multi-week GPS data, call for serious examination of the issue of panel effects if researchers wish 

to continue using the formalism of decision trees for developing dynamic models. 

It is well-known that any data collection method that requests participants to provide 

multiple responses to the same type of question violates the common assumption of independent 

measurements that underlies most statistical methods and choice models. Panel data and stated 

choice experiments are typical examples. Stated choice experiments involve subjects to choose 

the alternative they like best from multiple choice within which the attributes and/or decision 

context variables of interest vary. Similarly, panel data record multiple behavioral instances of 

panelists over a longer period of time. Serially correlated choices over time, or auto-correlated 

choices, and any unobserved variables that have a systematic effect on choice behavior or attitude 

formation violate the critical assumption of independent measurement.  

Although the issue has been recognized for a long time, especially in the context of stated 

choice experiments, the issue was not remedied until 1980s when the computing power and the 

understanding of simulation methods for approximating integrals matured, but rather rules of 

thumbs were applied to correct the problem or a warning was given that the standard errors were 

inflated. When computing power increased, however, solutions were developed, leading to 

random effect models for the most commonly used regression and choice models. The random 

effect allows modeling heterogeneity in cross-sectional data or the effect of repeated 

measurement in panel/longitudinal data. Consequently, the majority of scholars in transportation 

research routinely apply random effects models to capture any unobserved preference 

heterogeneity across individuals and serially correlated choices within individuals. 

A recent example of a random effects regression models includes Rasouli and 

Timmermans (2014b), who analyzed the effects of multi-tasking on the utility of travel episodes, 

while Mannering et al. (2016), Anastasopoulos et al. (2017) and Kim et al. (2017) offer examples 

of random effect hazard models. Charoniti et al. (2017) reported the results of a random regret-

minimization model. While the number of applications of the random effects versions of 
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regression, hazard and regret models in transportation research is still rather limited, 

applications of mixed (random effects) logit models are very common and have become the 

standard (Revelt & Train, 1998; Hensher & Greene, 2003; Vij et al., 2013; e.g., Cherchi et al., 2017; 

Daina et al., 2017). 

Nevertheless, travel behavior researchers have not only applied these statistical models, 

but also used rule-based decision trees such as Chi-squared Automatic Interaction Detector 

(CHAID) (Arentze et al., 2000; Rashidi & Mohammadian, 2011; Wets et al., 2000; D. Yang et al., 

2013), Classification and Regression Trees (CART) (Pitombo et al., 2015; Rasouli & Timmermans, 

2012; Vij & Shankari, 2015). Despite the fact that the issue of heterogeneity and autocorrelation 

applies equally to decision trees, to the best of our knowledge, to date it has not attracted any 

attention in the transportation research community. 

Panel analysis is necessary to understand the dynamic aspects of PEV users’ travel and 

charging behavior. While the number of applications of the random effects versions of regression, 

hazard and regret models in transportation research is still rather limited, applications of mixed 

(random effects) logit models are very common and have become the standard (Revelt & Train, 

1998; Hensher & Greene, 2003; Vij et al., 2013; e.g., Cherchi et al., 2017; Daina et al., 2017). When 

the aim is to develop dynamic decision trees as the driver of dynamic activity-based forecasting 

models, using longitudinal data, unobserved preference heterogeneity persisting over repeated 

measurements may lead to correlated choices. Moreover, the autocorrelation in choice dynamics 

is not negligible. Thus, to accommodate these effects, it is necessary to develop a way of controlling 

the unobserved contributing factors using panel data from the decision tree. 

3.2.4 Charging station location problem 

Existing studies about the PEV, or alternative fuel vehicle (AFV), charging/refueling station 

location-allocation problem can be broadly classified on the basis of their representation of 

charging demand. First, the node-based approach finds the optimal location of a set of facilities 

and allocates demand to those facilities given the assumption that demand occurs at a set of nodes 

and that a special-purpose trip is made between the demand node and the facility. Examples are 

the p-median algorithm, which minimizes the average demand-facility distance to locate p 

facilities (Ghamami et al., 2016), the maximal covering model, which seeks to maximize the 

amount of demand covered by a specified number of facilities (Frade et al., 2011; Giménez-Gaydou 

et al., 2016; Ko et al., 2017), and other mixed-integer programming solutions (Chen et al., 2013; 

Cavadas et al., 2015; Brandstätter et al., 2017; Faridimehr et al., 2019). The node-based location-

allocation requires predictions of charging demand at nodes. Frade et al. (2011) and Chen et al. 

(2013) used regression analysis to estimate charging demand for each census block in the study 
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area. Ghamami et al. (2016), Giménez-Gaydou et al. (2016), Brandstätter et al. (2017), and 

Faridimehr et al. (2018) estimated charging demand based on PEV adoption rates. 

Secondly, the flow-based approach, though its structural similarity to the node-based 

maximal covering location problem, poses that demand occurs along the paths between nodes. 

This approach is based on a flow-capturing model which locates a specified number of facilities to 

capture the maximum demand (flow) (Hodgson, 1990; Berman et al., 1992). Kuby and Lim (2005) 

proposed a flow-refueling location model which maximizes the total vehicle flows refueled under 

the constraints imposed by the driving range of an AFV. The model can handle the situation where 

multiple refuelings are needed to travel a given path if the driving range is less than the path 

length. Thus, it is a more suitable approach for locating charging facilities along nation-wide 

highways to account for inter-regional travel, where the remaining battery status must be 

considered. Soon the flow-refueling model had many variants according to the different needs of 

applications and relevant extensions, including a capacitated (Upchurch et al., 2009), multi-period 

(Chung & Kwon, 2015; Zhang et al., 2017), network equilibrium (He et al., 2014), stochastic user 

equilibrium (Riemann et al., 2015) and stochastic (uncertain demand) version (Wu & Sioshansi, 

2017; Yıldız et al., 2019). Wang and Wang (2010) proposed an integrated model, combining both 

the node-based and flow-based approach for locating refueling stations along provincial highways 

for inter-city travel and along city roads for intra-city travel, respectively, for AFV with a limited 

driving range. Most flow-based approaches assign OD flow demand to the shortest path. 

Third, the itinerary-based approach has been introduced. This approach has a higher 

resolution than the flow-based approach since it couples individuals’ daily activity scheduling 

with a charging/refueling activity (Jung et al., 2014; Han et al., 2016) and the routing problem 

(Kang & Recker, 2015). However, the itinerary-based approach imposes computational challenges 

in dealing with an urban-scale network involving a large number of nodes and arcs. Moreover, 

existing itinerary-based models use activity-travel diary data of ICEV users based on the 

assumption that activity-travel patterns of PEV and ICEV users do not differ. 

Recognizing the growing presence of uncertainty in decision-making, stochastic variants 

of the facility location problem have been studied. The scenario-based SP approach for the 

charging stations location-allocation problem under uncertain demand has emerged recently. 

Based on the node-based approach, Ghamami et al. (2016) assumed that charging demand at 

nodes depends on three different levels of the PEV’s market penetration ratio. Faridimehr et al. 

(2018) constructed a large number of scenarios to describe type of vehicles (battery electric 

vehicle, plug-in hybrid vehicle or ICE), PEV users’ charging preferences, dwell durations, battery’s 

state-of-charges (SOCs) and arrival time, based on an assumption that these attributes follow 
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certain parametric distributions. For locating charging stations of an electric car-sharing system, 

Brandstätter et al. (2017) formulated seven scenarios representing fluctuation in demand by day 

of the week based on taxi trip data, given the assumption that a taxi trip can be substituted by a 

car-sharing service. Each scenario is given as a set of estimated trips, which contains information 

about origin, destination, start time and end time. Çalık and Fortz (2019) estimated stochastic car 

sharing service demand from a probability distribution, also based on taxi trip data. They tested 

various numbers of scenarios (100 to 500) and developed a Benders decomposition algorithm to 

solve the problem, where each scenario represents a certain number of individual customer 

requests and each request is associated with an origin node, a destination node, and a start time. 

Based on the flow-based approach, Wu and Sioshanshi (2017) generated numerous scenarios for 

generating PEV flows by bootstrapping from tour-record data. In their case study, an exponential 

number of PEV flow scenarios lead to an intractable model, thus a sample-average approximation 

method was introduced which reduces the number of scenarios based on random sampling. Yıldız 

et al. (2019) modeled yearly charging demand, where each scenario represents daily PEV flows. 

All scenarios considered were summed to 1,461 (from 2013 to 2016). Scaling factors were used 

to define the proportion of PEV flows from taxi trip data. 

3.3 Conceptual framework 

This thesis deals with public charging station location allocation problem in urban areas under 

uncertain charging demand. We posed that PEV charging at public charging stations (Level-2) in 

an urban area does not strictly rely on the remaining driving range but relate to their utilities 

constrained by the activity schedule and environment as well as the battery constraint. It would 

be of interest to incorporate models of dynamic charging behavior into computational process 

models of activity-travel behavior or into scheduling tools to derive essential information 

concerning the temporal allocation of recurrent behavioral activity-travel patterns. More 

specifically, our objective is to find the optimal location and the number of the charging stations 

so as to minimize the total access cost while satisfying PEV users’ charging demand as much as 

possible, among the candidate locations with limited capacity, within a given budget constraint. 

Figure 3.2 illustrates the conceptual framework of this thesis. In broad terms, the system consists 

of two core components: 1) an activity-based analysis to model PEV daily use and corresponding 

charging patterns; 2) a stochastic programming approach to the planning of public charging 

station network under uncertainty in the dynamic decision tree; The charging demand is 

estimated on the basis of PEV users’ multi-day activity-travel patterns. It is assumed that the 

charging demand only occurs at the activity location, such as work or shopping, along with the 

activity-travel schedule. From the modeling perspective, this study belongs to a class of node-
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based and capacitated facility location problems where the demand is stochastic, which results in 

a two-stage stochastic mixed-integer programming (TSMIP) formulation.  

In the first part, charging demand is estimated on the basis of PEV users’ multi-day/multi-

week activity-travel patterns based on the postulation that charging decisions are contextual-

dependent. It is postulated that, compared to refueling ICEVs, charging PEVs is to be synchronized 

in time and space with particular activities such as work and shopping due to the longer time 

required to recharge the battery compared to the time for refueling conventional vehicles. For 

these reasons, it is assumed that a model of the optimal location of charging stations should ideally 

be based on an activity-based model of travel demand, linked to a module about charging behavior, 

and should represent the inherent heterogeneity in behavior and uncertainty in the decision 

context. Moreover, multi-week activity-travel diary data of PEV users would be used to estimate 

the dynamic decision tree to predict charging demand. 

Four broad sets of variables were considered, which constitutes the attributes: Individual 

and household characteristics, urban environment characteristics, activity-schedule related 

characteristics, and charging related characteristics. Individual and household characteristics 

may consist of several socio-demographic characteristics of individual, such as age, gender, work 

status, and household characteristics, such as household size/type and the number of cars in a 

household. Urban environment characteristics may include several spatial accessibility measures 

which describe the availability of opportunities as moderated by the distance from home location. 

The activity diary data can be fused with the physical environment data provided by national 

Figure 3.2 Conceptual framework 
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databases, which includes sector-specific employment and population data. Activity schedule 

related characteristics may reflect attributes of the activity, such as travel time to activity location, 

transport mode used, activity duration, and start time of activity. Charging related characteristics 

may include PEV type, state-of-charge level, walk distance from activity location to nearest 

charging station, and the number of charging stations within a certain distance from activity 

location given the spatial distribution of existing charging stations. The dependent variable is 

whether out-of-home charging took place or not. With the attributes collected from PEV users’ 

multiday activity diary, an explicit model (decision tree) for predicting PEV charging demand is to 

be developed. The decision tree describing the charging behavior is linked to the latest version of 

a large-scale state of the art activity-based model of travel demand that mimic decision heuristics 

the people apply when scheduling their activities and associated travel on a day-by-day basis. 

In the second part, stochastic programming approach is to be developed to solve the PEV 

charging station location problem in urban area under uncertain charging demand. The purpose 

and method of scenario construction of this thesis differ from the previous studies based on the 

SP approach for solving the location-allocation problem. In the previous studies, scenarios have 

been applied to describe uncertain demand or seasonal, daily, and time-of-day fluctuation, and 

were generated based on arbitrary assumptions or proxy data (e.g. taxi trip data). As the dynamic 

decision tree is represented by a set of probabilistic action states, it can be said that the model 

system is stochastic. In the presence of model uncertainty stemming from the stochastic elements, 

a stochastic facility location model needs to be considered. In this study, scenarios are constructed 

to capture model uncertainty underlying the probabilistic decision rules. The simulated values 

and probabilities of the random variables are put into the two-stage stochastic programming 

model to determine the optimal number of charging stations and their location. 

The concepts and ideas briefly have been introduced in this chapter will be elaborated in 

the following chapters. In Chapter 4, an activity-travel survey, which aimed to collect PEV users’ 

multi-week activity-travel diaries, will be described. A smartphone-based prompted-recall 

method will constitute the core of the data collection. In Chapter 5, we propose an approach to 

estimate panel effects in dynamic probabilistic decision trees with multinomial action states 

based on CHAID. And the proposed approach will be illustrated using the collected longitudinal 

data on charging station choice behavior of PEV users. In Chapter 6, charging demand is estimated 

using the dynamic probabilistic decision trees (Kim et al., 2018) from multi-day activity-travel 

diary data of PEV users. A two-stage stochastic programming model is proposed to solve the 

strategic location-allocation optimization problem of PEV public charging stations, given the 

nature of the uncertainty inherited from the probabilistic decision trees used to estimate charging 

demand. The proposed approach is demonstrated for the city of Eindhoven, The Netherlands 
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using activity-based travel demand model Albatross (Arentze & Timmermans, 2004; Rasouli et al., 

2018b). 

3.4 Conclusions 

The purpose of this chapter is to review the relevant literatures and to illustrate the conceptual 

considerations underlying this thesis. The review of PEV charging studies shows that contextual 

variation exists in an ad-hoc (non-routine, random) search, which is of interest, in particular, in 

designing charging infrastructure network during the early stages of a transition from petroleum 

to electricity. Previous studies highlight the contextual variation in terms of temporal regularity 

(or routineness) in refueling behavior (Kitamura & Sperling, 1987) and in charging behavior (Kim 

et al., 2017). The rule-based activity-based analysis of travel behavior is particularly suitable to 

model PEV users’ activity-travel pattern since its ability to depict complex decision-making 

process, subject to the spatial-temporal/household/institutional constraints set by the 

environment as well as the battery constraint of PEV. The literature review indicates panel 

analysis is necessary to understand such dynamic aspects of PEV users’ travel and charging 

behavior. In order to accommodate the panel effects, it is necessary to develop a way of controlling 

the unobserved contributing factors using panel data from the decision tree, and it suggests that 

the stochastic programming is a particularly well-suited approach to support decision making 

under uncertainty if the uncertain parameter can be presented by some form of probability 

distribution. 
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4.1 Introduction 

Transport modeling concentrates on predicting/analyzing activity-travel patterns (Ortúzar & 

Willumsen, 2011). Traditionally, the data needed to estimate the models typically relied on self-

reported activity-travel diaries for a designated day using a paper and pencil interview (PAPI), a 

computer-assisted telephone interview (CATI), or a computer-assisted web interview (CAWI). 

However, past studies (Chen et al., 2010; Danalet & Mathys, 2017) have criticized these data 

collection methods mainly because of the following limitations: (1) Low precision of reported 

trips/activities, (2) Missing trips/activities, (3) cross-sectional nature. The difficulty of 

respondents to understand the survey questions and the burden to recall and report exact details 

of trips/activities (e.g., start time, duration) may degrade the quality and precision of the reported 

diary. Respondents tend to under-report short trips and activity episodes of short duration 

(Stopher & Greaves, 2007). Longitudinal aspects of activity-travel behavior are not easily obtained 

through these traditional methods, which has led to some reluctance in developing dynamic 

models of activity-travel behavior. Researchers argued that extending the temporal horizon of the 

demand models from one-day to multi-days/multi-weeks in principle yields several benefits 

(Kitamura, 1990; Axhausen et al., 2002; Arentze & Timmermans, 2009; Cirillo & Axhausen, 2010; 

Auld et al., 2011), but also requires detailed longitudinal data. The increasing availability of 

passive tracking methods, using dedicated GPS devices (Stopher et al., 2007; Feng & Timmermans, 

2014; Rasouli & Timmermans, 2014b) or smartphones (Geurs et al., 2015; Xianyu et al., 2017; 

Thomas et al., 2018), which reduce respondent burden, allowed the development of dynamic 

activity-travel demand forecasting models (Rasouli et al., 2018). 

With respect to charging behavior, recent studies reveal that charging patterns of PEV 

users show relevant temporal patterns, including repetition and cycles in time allocation, and day-

to-day variation (Kim et al., 2017; Xu et al., 2018). As described in the previous chapter, the 

modeling framework presented in this thesis aims at predicting charging demand for a multi-day 

time period, which enables one to identify how charging patterns, defined in terms of timing, 

location, and type of charging, vary across PEV users with respect to their battery capacity and 

space-time constraints. To this end, this chapter describes the administered activity-travel survey, 

which aimed to collect PEV users’ multi-week activity-travel diaries. In this survey, in addition to 

the commonly collected activity-travel diary data, data about charging related attributes, such as 

type of charging (e.g., fast or slow), type of charging station (e.g., public, semi-public or private) 

and the remaining battery status at the time of charging (i.e., state-of-charge, SOC) are collected. 

The survey is administered entirely through smartphone application Sesamo (Geurs et al., 2015; 

Thomas et al., 2018), which is a turnkey product designed to collect travel behavior data. More 

details about the survey will be discussed in the next section. 
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4.2 Smartphone-based activity-travel survey 

The survey can be divided into two parts seeking information about socio-demographics of the 

respondent, and charging patterns and activity-travel diaries over a multi-week period, 

respectively. The first part is administered via a web-based questionnaire starting to ask about 

the willingness to join the survey. If the respondent agrees to participate, the socio-demographic 

information is collected, including the details of charging related attributes, such as ownership of 

a private parking place/charging station, and accessibility of charging PEV at the workplace. 

The second part of the survey was administered through smartphone application Sesamo 

(developed for iOS and Android platforms) with a smartphone-based prompted-recall method. An 

overview of the survey is illustrated in Figure 4.1. The survey consists of several steps. First, 

respondents are asked to download and install the Sesamo app. If respondents open the app, they 

are prompted to log in to their account with the given credential provided by email in a secure 

way. The credential is sent via Mailchimp, an email service provider, to a list of PEV users who 

agreed to participate in the survey. Respondents are then asked to register available vehicles 

(including both ICEV and PEV) in their households so that the registered vehicle(s) will be shown 

as the available transportation modes on the app. They are also kindly asked to give the app 

permission to send a push notification, a message that pops up on a smartphone at any time even 

when users are not using the app, and to turn location services ‘always’ on for this app, even when 

the app is not in use. 

Figure 4.1 Overview of the survey method 
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Second, the app traces the respondents. Basic travel attributes, such as travel time, activity 

duration, origin/destination location, and travel speed, are detected and recorded using available 

sensors in the smartphone (GPS, Wi-Fi, Accelerometer, and GSM cell ID information). Because the 

continued use of GPS, running in the background, may result in a much faster battery drain, the 

GPS sensor is triggered only when significant movement is detected. This, however, means that 

trip detection may be inaccurate for the first few hundred meters after a period of no movement. 

This gap, or missing trace, is filled in at a later stage (i.e., at the third step) using historical data or 

the shortest path algorithm (only when no historical data are available). At this stage, the collected 

“raw” information is cached in the smartphone. 

Third, the collected basic data are then uploaded to a database on a back-end server to 

enhance the quality of the data by means of data cleaning, map-matching and transportation 

mode/travel purpose imputation. Outliers in the raw data are cleaned and the missing traces at 

the trip start are imputed. Map-matching (the process of inferring a location on a map, given an 

observation from a mobile location sensor) is applied to impute the route. Open Street Map (OSM) 

is used as the reference map. All OSM4 elements, ways, nodes and relations, are valid at the time 

of analysis. Regarding the imputation of transportation mode, probabilistic Bayesian models are 

applied. The Bayesian learning model is trained using (1) Speed, altitude and location data 

(obtained from the second step) (2) Underlying infrastructure network (e.g., road, rail, etc., 

obtained from the map-matching step) (3) Attributes of the map-matched route (e.g., road speed 

limit and access permission), (4) Public transport information (e.g., PT lines and time-tables), and 

(5) Personal travel history. Similar learning algorithms are applied for imputing travel but trained 

with a different set of features: (1) Frequently visited places, and (2) Spatial data on land use. 

However, the quality of sensing, the result of map-matching, and the quality of imputations for 

transportation mode and travel purpose are sometimes not satisfactory. The smartphone GPS 

modules may fail to record trip details due to the signal loss/noise attributed to a warm/hot start 

of smartphone GPS, urban street canyon, and traveling underground. Moreover, for preserving 

privacy, Sesamo offers the possibility to pause a trace for a given duration (e.g., 30 minutes, 1 hour, 

2 hours). The low battery power can also lead to a sudden turn off the device. The map-matching 

process and the transportation mode imputations may also not be inaccurate. Based on the results 

of map-matching, the quality of sensing and the quality of the transportation mode imputation, 

 

4 In OSM, each feature consists of one or more geometries. Geometries are described with the following 

elements: nodes, ways and relations. Node is the equivalent of a point, way is a line that link nodes, and 

relation is a group of elements which is an ordered list of one or more nodes, ways and/or relations that 

represent a larger whole. 
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Sesamo deploys a quality check per trip, which examines how confident the system is about the 

sensed location/timing, map-matched route, and transportation mode imputation (Thomas et al., 

2018). According to the result of the quality check, each trip is assigned one label from the 

following set of labels: {Approved, Good, Approximate, Bad, Missing}. “Approved” is labelled for 

trips that respondents confirmed. The confirmation is done via a prompted recall procedure via 

the app interface, which will be illustrated more in detail later (in the fourth step). “Good” is 

labelled for trips that have seamless sensing without a signal loss and could be map-matched. 

“Approximate” is labelled for trips where either the quality of sensing or map matching are 

moderate. “Bad” is labelled for trips with bad sensing and low quality or no map matching. 

“Missing” is labelled for trips that were partially recorded due to the significant signal loss. In this 

thesis, only trips with belonging to the set {Approved, Good, Approximate} are included in the 

analyses. The results of the quality check of the survey are presented in Section 4.4.1. 

Fourth, transportation mode and travel purpose imputation may result in bias possibly 

due to both the failure of sensors and the imperfect nature of the applied learning algorithms. 

Therefore, on a daily basis, respondents are asked to check and confirm whether the generated 

activity-travel diary is correct or not. Figure 4.2 shows the overall procedure of correcting and 

updating the automated activity-travel detections to arrive at a complete schedule. At first, the 

diary with the automated activity-travel detections will be presented as shown in Figure 4.2a. The 

activity location  and the trip  are colored gray which implies that they are not yet 

corrected or updated by the respondents. For example, travel with “unknown” trip purpose can 

be updated in the following way. In Figure 4.2b, the details of the trip (e.g., trip start/end location, 

trip start/end time and route) are provided to help respondents recall which type of activity they 

did at the trip end location. Figure 4.2c presents the user interface of correcting or updating the 

details of the trip under concern. Transportation mode and travel purpose can be corrected by 

adjusting the items in a drop-down menu as shown in Figure 4.3. Once having completed the 

corrections for the trip, respondents can approve the specified details of trip by tapping button 

. Then the color of the trip and the trip end location (i.e., activity location) will be changed 

into green, as shown in Figure 4.2d, which indicates the corresponding are approved by the 

respondent. If there are any erroneously detected trips or trip characteristics, respondents are 

encouraged to correct them. In the end, as shown in Figure 4.2e, all trips in the activity-travel diary 

are shown in “green”, which indicates that all trips in the diary are approved by the respondent. 
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        (a)               (b)              (c)               (d)              (e) 

 

 

Figure 4.3 Drop-down menu for adjusting trip characteristics 

Figure 4.2 Illustration of the prompted-recall procedure 
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In order to remind respondents to check the generated diary and correct them, a 

notification is sent on a daily basis. More precisely, the following statement “We kindly ask you to 

make your travel diary "Green"!” appears on respondents’ mobile phone screen once every 24 

hours. In addition, to guarantee that charging activities are all fully reported, the following 

question is sent to respondents when the app detects their car is parked (detected by the 

transition of travel mode from car to walk); “Did you plug in your EV when you arrived at 

{TripArrivalTime} on {TripDestinationPlace}?”. Respondents have the following five answer 

options for this question: (1) “Yes, I charged my PEV at private charging station.”, (2) “Yes, I 

charged my PEV at semi-public charging station.”, (3) “Yes, I charged my PEV at public charging 

station.”, (4) “Yes, I charged my PEV at fast charging station.”, (5) No, I did not charge my PEV. If a 

respondent answers that he/she charged their PEV, the following question is sent to him/ her; 

“Can you estimate how full your battery was at {TripArrivalTime} on {TripDestinationPlace}?”. 

Possible answer options are: (1) High (66%-100%), (2) Medium (33%-66%), (3) Low (0%-33%). 

4.3 Survey administration 

The population of this study are all PEV users in the Netherlands. The respondents were recruited 

by emailing all 1300 people from an existing list of ElaadNL, the largest public charging 

infrastructure provider in the Netherlands. The survey was also promoted to the largest Dutch 

PEV user community, Vereniging Elektrische Rijders (VER). The survey recruitment letter is 

presented in Appendix A. The survey was administered among 100 PEV users, who downloaded 

and activated the app. They used the app, over a period of 3 months (from January 27, 2017 to 

April 26, 2017). It resulted in observations for 4,438 person-days and 24,046 person-trips for 76 

users who activated the app at least for 2 weeks. In the final sample, 16(21.1%) of the respondents 

are recruited from ELaadNL and 60 (78.9%) are from VER. 

4.4 Descriptive analysis 

This section presents survey statistics, sample characteristics and the results of descriptive 

analyses of multiday activity-travel patterns of PEV users and their relationship with charging 

patterns. 

4.4.1 Survey statistics 

The survey was administered among 100 PEV users in the Netherlands, who downloaded and 

activated the app, and used it over a period of 3 months (from January 27, 2017 to April 26, 2017). 

It resulted in observations for 4,438 person-days and 24,046 person-trips for 76 users who 

activated the app at least for 2 weeks. Table 4.1 represents a summary of the survey participation 

period. Table 4.2 shows the distribution of the person-days, which are evenly distributed across 
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the week, except Sunday. This is probably due to lower activity participation due to short opening 

hours of businesses (e.g., shops, supermarkets, and restaurants, etc.) in the Netherlands. 

Table 4.3 shows the results of the quality check which is the performance measure of the 

sensing, map-matching, and transportation mode imputation. “Approved” trips by the 

respondents make up 44.3%, while 1.0% of the trips are marked as “Missing” which refers to a 

trip that was partially recorded due to the signal loss/noise, app failure or pausing app by 

respondent. Thus, the map-matching and transportation mode imputation of “Missing” trip is not 

reliable. “Good“ trips make up 47.3%, “Approximate” trips comprise 5.7%,while “Bad” trips 

represent 0.7%. Only those trips with quality “Approved”, “Good”, or “Approximate” are included 

in the analyses. 

Table 4.4 and Table 4.5 provide the statistics of frequency of transportation modes and 

trip purposes which are correctly imputed, corrected by respondents, missing and so on. 93% of 

transportation modes are imputed correctly so there was no need for any changes or adjustments 

by respondents “Override” trips, which take 6.4% of the total frequency in Table 4.4, are 

associated with the trips for which travel modes have been corrected by the respondents. “None” 

are generated because of failure to detect mode, which takes up 0.5% of the total trips in the 

dataset. Compared to the mode imputation, trip purpose imputation has been done with far less 

accuracy evidenced by 52.9% of correct deduction. This is understandable since the travel 

purpose deduction model uses limited information such as land use type of the map-matched 

location and frequently visited place. 

Table 4.1 Summary of the survey participation period (in days) 

Min. 1st Qu. Median Mean 3rd Qu. Max. 

14.0 45.0 66.0 58.5 75.3 91.0 

Table 4.2 Frequency of person-trips by day of the week 
 

Mon Tue Wed Thu Fri Sat Sun Total 

N 3219 3404 3495 3518 3815 3962 2633 24046 

% 13.4% 14.2% 14.5% 14.6% 15.9% 16.5% 10.9% 100.0% 
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Table 4.3 Summary of quality check 

Measure N % 

Approved 10657 44.3% 

Good 11425 47.3% 

Approximate 1566 5.7% 

Bad 167 0.7% 

Missing 231 1.0% 

Total 24046 100.0% 

Table 4.4 Results of transportation mode identification 

Source N % 

Automatic 22379 93.1% 

Override 1539 6.4% 

None 128 0.5% 

Missing 75 0.3% 

Total 24046 100.0% 

Table 4.5 Results of trip purpose identification 

Source N % 

Automatic 12730 52.9% 

Override 11316 47.1% 

Total 24046 100.0% 

4.4.2 Sample characteristics 

Table 4.6 presents the distributions of socio-demographic characteristics of the sample of 76 

respondents. The age group between 40 and 59 years (75.0%) represents the majority of 

respondents. Regarding gender, males are overly represented in the sample: 71 males (93.4%) vs. 

5 females (6.6%). In terms of marital status, the majority of the respondents (83.0%) are married, 

while 17.1% are single. More than half of the respondents (73.7%) do not have children, while 

26.3% have children. The frequency distribution of work status shows that the majority of the 

respondents (84.2%) work more than 30 hours per week. The respondents’ annual income level 

is notably high compared to that of the Dutch population, given the median annual income 

(€24,500) and mean annual income (€32,000) (Centraal Bureau voor de Statistiek, 2018). 

Likewise, respondents’ education level is high. The majority of the respondents have a higher 

professional education (hbo, hts, heao) (47.4%) with WO (university education) (27.6%) coming 

second. Table 4.6 also shows that 80.3% of the sample has their own parking space at home. The 

results of the descriptive analysis show that the distributions of socio-demographic profiles of 

respondents are highly skewed in terms of age, gender, work status, and income level. The survey 
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data also indicate that the majority of PEV users are male (93.4%) and most of them (75.0%) 

belong to the middle age groups (40-49 years, 50-59 years). Moreover, respondents have a 

significantly higher number of working hours and income. This result is in line with other studies 

in Germany (Plötz et al., 2014) and Sweden (Westin et al., 2018) which, in general, characterizes 

the attributes of early adopters of PEV. 

Only 10.9% of the respondents have no charging station at home, while 50.0% have Level-

2 charging station at home. Figure 4.4 shows the distribution of home locations of the 

respondents, which happens to be widely distributed over the Netherlands. Figure 4.5 displays 

the map-matched activity-travel trajectory of the respondents over the 3 months data collection 

time period. Regarding the type of PEV, more than half of the respondents (51.6%) own BEV(s), 

and 46.1% have PHEV(s) in their households. Table 4.6 shows that 2 respondents have both BEV 

and PHEV. Note that more than half of the respondents have a private charging station (at least 

Level-2) at home. 

Table 4.6 Sample demographics 

Variable Description N % 

Age Less than 20 years old 0 0.0 % 

 20-29 years old 1 1.3% 
 

30-39 years old 9 11.8% 
 

40-49 years old 29 38.2% 
 

50-59 years old 28 36.8% 
 

60-69 years old 8 10.5% 
 

Over 70 years old 1 1.3% 

Gender Male 71 93.4% 
 

Female 5 6.6% 

Marital status Single without children 12 15.8% 
 

Single with children 1 1.3% 
 

Couple without children 44 57.9% 
 

Couple with children 19 25.0% 

Work status More than 30 hours 64 84.2% 
 

12-30 hours 6 7.9% 
 

Less than 12 hours 3 3.9% 
 

Job seekers 1 1.3% 
 

Does not work 1 1.3% 
 

Retired 1 1.3% 

Income level No income 1 1.3% 
 

Less than € 7500 0 0.0% 
 

€7.500 - €15.000 3 3.9% 
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Variable Description N % 

Income level €15.000 - €22.500 0 0.0% 
 

€22.500 - €30.000 5 6.6% 
 

€30.000 - €50.000 14 18.4% 
 

More than € 50,000 46 60.5% 
 

Unknown 3 3.9% 
 

Prefer not to fill in 4 5.3% 

Education level Elementary School 1 1.3% 
 

V (M) BO, LTS, LBO (Pre- secondary vocational 
education) 

0 0.0% 

 
MAVO, (M) ULO (Pre-vocational education) 1 1.3% 

 
HAVO, VWO, HBS (Pre-university education) 10 13.2% 

 
MBO (Senior secondary professional education) 6 7.9% 

 
HBO, HTS, HEAO (Higher professional education) 36 47.4% 

 
WO (Research-oriented university education) 21 27.6% 

 
otherwise 1 1.3% 

Type of PEV BEV 39 51.3% 

 PHEV 35 46.1% 

 Both 2 2.6% 

Number of cars in 
household 

1 30 39.5% 

2 33 43.4% 

3 or more 13 17.1% 

Private parking place I have a private driveway/garage. 61 80.3% 
 

I park on the street. 15 19.7% 

Private charging station at 
home 

Unfortunately I cannot charge at home. 5 6.6% 

I charge my car using a standard AC outlet. 18 23.7% 

I charge my car at home using a charging point, 
especially for electric cars. 

53 69.7% 

Charging at work I do not charge my car at work. 16 21.1% 
 

I charge my car at work using a standard AC outlet. 7 9.2% 
 

I charge my car using a charging point, especially for 
electric cars. 

53 69.7% 

Work charging pay I charge my car at work at a price. 22 28.9% 
 

I charge my car at work for free. 42 55.3% 
 

I do not charge my car at work. 12 15.8% 

Source ELaadNL 16 21.1% 

 VER 60 78.9% 



Chapter 4 

54 

 

Figure 4.4 Distribution of respondents’ home location 

 

Figure 4.5 Map-matched activity-travel trajectory of the respondents 
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4.4.3 Activity-travel characteristics 

In this section, the frequency distributions and box plots of aspects of activity travel patterns are 

presented, which may reveal fruitful insights in the context of PEV user’s mobility behavior. The 

descriptive analyses are based on the following dimensions: a) Activity participation by activity 

type and by days of the week, b) Activity duration by activity type, c) Activity start time by activity 

type, d) Travel time/distance by activity type and by transport mode, and e) Travel speed by travel 

mode. 

Activity type is defined in terms of the following 10 categories: home, work, bring/get, 

grocery shopping (daily shopping), non-grocery shopping (non-daily shopping), services, leisure, 

social, charging, and other activities. Note that charging activity refers to a dedicated charging 

activity that is not combined with any other activities. The detailed analyses of charging, combined 

with other activities, are shown in Section 4.4.4. Figure 4.6 represents the frequency distribution 

of activities by type. There are notable differences between the frequencies of daily activities. The 

frequencies are high for Work (19%), Home (36%), and Leisure (14%) activities. Figure 4.7 

provides a comparison of the marginal distributions of activity participations by activity type from 

the sample with those of the general Dutch population extracted from Dutch mobility surveys 

MON 2004 and 2009 (Ministerie van Verkeer en Waterstaat, 2004, 2009). It reveals that 

respondents of the survey are characterized by more work and leisure activities and less in-home 

activities. This is quite understandable since the respondents are high earners, who work long 

working hours (84.2 % of the respondents work more than 30 hours per week as shown in Table 

4.6). 

 

Figure 4.6 Frequency distribution of observed activities by activity type 
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Figure 4.7 Frequency of activities by activity type compared to Dutch mobility surveys 

Figure 4.8 and Figure 4.9 depict box plots of activity duration and travel time per activity 

type, respectively. The box plot concern a graphical representation of the quantile summaries (i.e. 

minimum, maximum, mean, median) for the measured data. In the box plot, 50 percent of the 

observations fall within the boundaries of the box (i.e. interquartile range). The median values are 

displayed as the band inside the box, the mean values are represented by the triangle points, and 

the dots are the outliers defined as outside 1.5 times the interquartile range. It is to be noted that 

outliers (values greater than 36 hours (311 cases)), were excluded from the analyses. These 

outliers are attributed to pauses in the sensings that occurred due to trips abroad by flight, 

intended pause in using the app, etc. 

As expected, there are large differences between mean activity durations. For example, 

in-home and work activities typically last for more than 5 hours, while grocery shopping and non-

grocery shopping activities are usually about less than one hour. Activity durations for leisure and 

social activities are mostly around 2-3 hours. Also, the variability in in-home and work activity 

duration is large. Regarding the charging activity, the duration is typically less than one hour, 

which is understandable since, as mentioned above, the charging activity refers to an activity, 

which is not synchronized with other activities. 

Travel time is varying less across activity types than activity duration, as shown in Figure 

4.9. The interquartile ranges mostly overlap for different activity types. It is observed that travel 

times for grocery shopping are rather homogeneous compared to other activity types, whereas 

travel times for work are more spread out than for other activity types. 
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Figure 4.8 Box plots of activity duration by activity type 

 

Figure 4.9 Box plots of travel time by activity type 
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Figure 4.10 presents the travel time/activity duration ratios per activity type, which 

suggests that around 0.5, as indicated by the mean values, is a typical range for the ratios. 

However, this does not hold for work and home activities for which lower values for the ratio are 

perceived indicating substantial activity duration of these two activities. 

With respect to the timing of activities, the density plot of start times by activity type is 

shown in Figure 4.11. As expected, work activity has a clear morning peak around 9 am, whereas 

in-home and grocery shopping show a clear afternoon peak around 6 pm. social activities are most 

often conducted after 6 pm. It is to be noted that, in a longitudinal setting, the vast majority of in-

home activities start between 4 pm and 22pm. Thus, the morning home activities are considered 

to be continuing activities from the day before. Understandably, the start times of bring/get 

activities show a double-peaked distribution (morning and afternoon), which probably 

represents the activities of escorting children to/from school or childcare providers. 

 

Figure 4.10 Box plots of travel time/activity duration ratio by activity type 
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Figure 4.11 Density plot of activity start times 

Regarding the frequencies of activity participation by day of the week, as shown in Figure 

4.12, almost flat distributions are observed for charging, home, bring/get, other, and unknown 

activities, whereas respondents have a clear preference for conducting shopping activities (both 

grocery and non-grocery) on Saturday. Social and leisure activities are relatively more frequently 

conducted on weekends, while services and work activities are mostly conducted on weekdays. 

Transportation mode is described in terms of the following 10 categories: Car as driver, 

car as passenger, walk, bike, train, bus, metro, tram, taxi, and other. The trips with unidentified 

transport modes are marked with ‘Unknown’. Figure 4.13 shows the frequencies of transportation 

mode used. Car as driver (66.4%) is the dominant category. This is not a surprising result, given 

that the respondents are PEV owners/drivers. Walk (17.2%) and bike (11.1%) come next in 

popularity. None of the public transportation categories, such as train (0.9%), bus (0.9%), metro 

(0.1%), and tram (0.3%), have a substantial share. 
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Figure 4.12 Frequency distribution of activities across days of the week 

 

Figure 4.13 Distribution of travel modes 
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Table 4.7 displays the relative frequencies of transportation modes for conducting each 

activity type. The Chi-square test of independence reveals a significant association between 

activity types and transportation mode used, as indicated by the moderate value of the Pearson’s 

coefficient of contingency or contingency coefficient (c = 0.538) which indicates whether two 

variables or data sets are independent or dependent of each other. 

Pearson’s coefficient has a value between 0 and 1. If the value is close to 0, there is no 

association between them, while if the value is away from zero there is some relationship. It is 

defined by 𝑐 = √
𝜒2

𝑁+𝜒2, where N is the total number of cases and 𝜒2 is the Chi-square statistic. 

For most activities, car as driver is the dominant mode, except for leisure activity which mostly 

associated with walking (55.7%). As expected, charging activities mostly related to car as driver 

(93.3%) since the dedicated charging activities are likely to be conducted right after car parking. 

However, very few instances of charging activities are related to other transport mode, such as 

walk (3.8%), bike (1.7%), bus (0.2%), and car as passenger (1.0%). 

Table 4.7 Relative frequencies of activities by activity type and transportation mode 

 Charging Work Home Grocery 
Non-

grocery 
Bring/Get Services Social Leisure Other Unknown Total 

Car (D) 0.933 0.784 0.767 0.703 0.686 0.787 0.799 0.660 0.285 0.679 0.607 0.664 

Car (P) 0.010 0.020 0.010 0.008 0.010 0.017 0.038 0.032 0.014 0.041 0.004 0.014 

Walk 0.038 0.087 0.081 0.128 0.197 0.051 0.095 0.132 0.557 0.170 0.195 0.172 

Bike 0.017 0.074 0.124 0.146 0.092 0.133 0.046 0.147 0.115 0.094 0.121 0.111 

Train 0.000 0.017 0.007 0.001 0.000 0.004 0.014 0.012 0.006 0.000 0.011 0.009 

Bus 0.002 0.007 0.006 0.010 0.009 0.007 0.007 0.007 0.005 0.007 0.019 0.009 

Metro 0.000 0.000 0.000 0.000 0.001 0.000 0.000 0.000 0.002 0.002 0.004 0.001 

Tram 0.000 0.001 0.001 0.000 0.003 0.001 0.000 0.005 0.006 0.000 0.005 0.003 

Taxi 0.000 0.001 0.000 0.000 0.000 0.000 0.002 0.000 0.006 0.002 0.002 0.001 

Other 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.002 0.005 0.008 0.007 

Unknown 0.000 0.009 0.003 0.004 0.001 0.000 0.000 0.003 0.003 0.000 0.026 0.008 

Total 
1   

(501) 
1 

(8415) 
1 

(4573) 
1  

(984) 
1 

(1093) 
1   

(811) 
1  

(1503) 
1  

(1458) 
1 

(3320) 
1  

(520) 
1   

(471) 
1 

(23649) 

 

χ2 = 9641.1, df = 100, p-value < 2.2e-16, c = 0.538 
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However, the intensity of using different transportation modes is not only judged by their 

usage frequency but also by travel distance and travel time. Figure 4.14 shows the box plots of 

travel distance (less than 80 km) by transportation mode. Long distance travel is mostly 

associated with car as driver, car as passenger, train, and taxi, whereas bus, metro and tram 

usually serve for short distance travel of PEV users. The travel time (less than 100 minutes) by 

transportation mode is varying less than travel distance as shown in Figure 4.15.  

Regarding average travel speed (less than 200km/h) at the trip level, as shown in Figure 

4.16, they are generally within reasonable range. The average speed was calculated including 

stops (e.g., at traffic lights, train stops at intermediate stations). The fastest transportation mode 

is train (mean = 58.9 kph, stdev = 37.1 kph), which is reasonable considering the average travel 

speed of intercity trains in the Netherlands. Car as driver (mean = 44.9 kph, stdev = 25.0 kph), car 

as passenger (mean = 37.6 kph, stdev = 28.3 kph) and taxi (mean = 35.0 kph, stdev = 25.6 kph) 

follow. Walk (mean = 5.1 kph, stdev = 3.7 kph), bike (mean = 14.8 kph, stdev = 6.1 kph), and ‘other’ 

(mean = 13.6 kph, stdev = 6.3 kph) are slow modes with reasonable recorded average travel speed. 

Travel speed of trips with ‘unknown’ mode shows abnormal statistics with zero speed in more 

than half of the trips. 

 

Figure 4.14 Box-plots of travel distance by transport mode 
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Figure 4.15 Box-plots of travel time by travel mode 

 

Figure 4.16 Box-plots of average travel speed by travel mode 
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4.4.4 Charging characteristics 

This section discusses the results of analyses to describe features of the charging patterns. As in 

the previous section, the frequency distributions and box-plots are presented with respect to the 

spatio-temporal aspects of charging activities. The descriptive analyses are based on frequencies 

of charging activities by charging type and activity type, frequencies of SOC by activity type. 

Charging duration by charging type and activity type, charging start time by charging type are also 

discussed. Charging type is defined in terms of public charging, semi-public charging, private 

charging, and fast charging. Note this categorization of charging types is based on ownership 

(right of use) and charging speed. Public charging refers to a charging event at public charging 

stations that are open for use by any PEV user. Such public charging stations are typically installed 

by public authorities, PEV manufacturers or other companies. Semi-public charging is a charging 

event at private ground that can be accessed by other users. Charging points located in commercial 

car parks, shopping centers or leisure facilities are examples. Access to these charging points is 

typically restricted to clients or customers. Private charging is a charging incidence at home or 

business premise which can be exclusively done by the property owner or employees. Fast 

charging refers to a charging activity at a high-voltage charging station with electricity supply, 

ranging from 200-600V, which are generally located along highways or at business premises. 

Therefore, in principle, fast charging can be conducted at both public and semi-public charging 

stations. However, in this survey, public and semi-public charging only refer to charging activities 

at Level-1 or Level-2 chargers (also known as slow charging), and the respondents are instructed 

to explicitly distinguish the type of charging so that they can indicate which type of charging they 

just had when the question is sent to them via their smartphone. 

For charging events that are concurrent with other activities, it is assumed that their 

duration is equal to car parking duration. For example, Figure 4.17 illustrates a schematic 

representation of the activity schedule of a PEV user on a specific day from 3 am to 3 am the next 

day. The out-of-home charging duration can be derived from the car parking duration at work 

between 9 am and 6 pm. We assume that the respondents do not plug-off their PEV while it is 

parked. It should be noted that charging is not always combined with an activity.  

Table 4.8 presents the response rate for the notification reminding the respondents to 

check and correct their daily agenda and the response rate to two additional questions regarding 

their charging behavior and state of their batteries. For the confirmation message, all messages 

are confirmed by the respondents. For the questions asking about the charging event and the 

remaining level of the battery at the time of charging, it shows very high response rates, 85.8% 

and 99.5%, respectively.  
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Figure 4.17 Recorded activity schedule of PEV user A 

Table 4.8 Summary of charging related questions 

Statement #Sent #Answered Answer 
rate 

We kindly ask you to make your travel diary "Green"! 1,417 1,417 100.0% 

Did you plug in your EV when you arrived at 
{TripArrivalTime} on {TripDestinationPlace}? 

17,079 14,658 85.8% 

Can you estimate how full your battery was to 
{TripArrivalTime} on {TripDestinationPlace}? 

5,665 5,636 99.5% 

Total 22,744 20,294 89.9% 

 

 

Figure 4.18 Charging frequency by charging type 
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In total 4,962 charging activities were remained after data cleaning. Figure 4.18 provides 

the frequency of reported charging activities by charging type. Private charging takes the majority 

(62.5%) of charging events, while fast charging takes the least proportion (4.8%) of the total 

charging activities. Semi-public charging is coming second (18.3%) and public charging is coming 

third (14.2%). 

Table 4.9 shows the frequency distribution of charging activities in percentage by main 

activity type. The main activity type refers to the activity that has the longest duration which is 

concurrent with the charging activity. The Chi-square test of independence shows a significant 

association between activity types and charging types, as indicated by the high value of the 

Pearson’s coefficient (c = 0.766) . Private charging mostly occurs at home (86.6%), whereas semi-

public charging is dominant at work (55.2%) and services (56.3%) where respondents have 

exclusive access to the activity location. This result is likely due to the fact that most charging 

stations at home and at work are private and semi-public, respectively. Public charging is popular 

among rather flexible activities, such as social (56.7%), non-grocery shopping (51.4%), and 

leisure (42.1%) activities. With respect to fast charging, as expected, it is mostly (46.2%) 

conducted exclusively, and not in combination with other activities. 

Table 4.9 Frequency distribution of charging activities by charging type and activity type 
 

Public Semi-
public 

Private Fast Total Total 
number 
of cases 

Charging only 0.165 0.076 0.297 0.462 1 172 

Work 0.090 0.551 0.341 0.018 1 1206 

Home 0.089 0.029 0.866 0.016 1 2887 

Grocery shopping 0.286 0.029 0.343 0.343 1 38 

Non-grocery shopping 0.514 0.108 0.324 0.054 1 42 

Bring/Get 0.188 0.083 0.667 0.063 1 52 

Services 0.253 0.563 0.132 0.053 1 207 

Social 0.567 0.075 0.292 0.067 1 131 

Leisure 0.421 0.090 0.407 0.083 1 158 

Other 0.200 0.333 0.467 0.000 1 53 

Unknown 0.301 0.157 0.409 0.132 1 16 

Total 0.142 0.183 0.628 0.048 1 - 

Total cases 703 906 3117 236 - 4962 
 

χ2= 7058.7, df = 30, p-value < 2.2e-16, c = 0.766 
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With respect to the state-of-charge (SOC) level, three levels are defined: low (0%-33%), 

medium (34%-66%), high (67%-100%). As expected, low (0%-33%) levels are dominant, as 

shown in Figure 4.19. Their frequency by main activity type shows a relatively flat distribution. 

As indicated by Pearson’s coefficient (c = 0.166), a weak but significant dependency between 

activity types and SOC levels is observed. Understandably, low level of battery is dominant for 

cases where charging activity is done exclusively. Interestingly, medium level of battery is 

dominant for cases where charging activity is concurrent with service activities and non-grocery 

activities. 

Figure 4.20 displays the box plots of charging duration by charging type. As expected, fast 

charging (mean = 1.20 hour, stdev = 1.27 hour) takes the shortest time, whereas private charging 

(mean = 8.88 hour, stdev = 7.08 hour) takes the longest. Figure 4.21 shows the start time of 

charging by type. Semi-public and private charging show an explicit peak time (morning and 

evening peak respectively), whereas public charging and fast charging display relatively flat 

distributions. 

 

Figure 4.19 State of charge (SOC) level before charging 
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Table 4.10 Frequency distribution of state-of-charges (SOCs) by level and activity type 
 

Low Middle High Total Total 
number of 

cases 

Charging only 0.601 0.310 0.089 1 158 

Work 0.554 0.267 0.179 1 1106 

Home 0.455 0.294 0.251 1 2650 

Grocery shopping 0.400 0.314 0.286 1 35 

Non-grocery 
shopping 

0.270 0.432 0.297 1 37 

Bring/Get 0.396 0.375 0.229 1 48 

Services 0.312 0.497 0.190 1 189 

Social 0.492 0.375 0.133 1 120 

Leisure 0.441 0.331 0.228 1 145 

Waiting 0.457 0.217 0.326 1 46 

Other 0.429 0.214 0.357 1 14 

Unknown 0.593 0.272 0.136 1 405 

Total 0.486 0.298 0.216 1 - 

Total cases 2406 1478 1072 - 4953 
 

χ2= 140.7, df = 20, p-value < 2.2e-16, c = 0.166 

 

Figure 4.20 Box plots of charging duration by charging type 
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Figure 4.21 Density plot of charging start times 

4.5 Conclusions 

The survey conducted in this PhD project used a state-of-the-art approach to collect PEV users’ 

multi-day/multi-week activity-travel diaries with their charging activities. A smartphone-based 

prompted-recall method constitutes the core of the data collection. The survey was a successful 

experiment in many respects. First, to the author’s knowledge, it is the first attempt to investigate 

PEV users’ multi-week activity-travel patterns incorporating PEV charging as one of the activity 

types. Within the context of activity-travel patterns, it is expected that richer information can be 

obtained about PEV users’ charging behavior. Second, different from cross-sectional one day 

activity-travel data, multi-week dataset provides more information about PEV user’s day-to-day 

intrapersonal variation in charging behavior in addition to interpersonal variation due to person 

heterogeneity. A detailed methodology to deal with these challenges will be presented in the next 

chapter. Third, the smartphone-based prompted recall method allowed collecting multi-day 

(multi-week) activity-travel data with less respondent burden compared to the traditional 

methods by means of automated trip detection and transportation mode/travel purpose 

imputation algorithms. However, this does not mean that the results are necessarily correct due 

to the failure of sensors and battery in the smartphone and/or the imperfect nature of the applied 
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learning algorithms. Therefore, respondents were urged to check and modify the generated 

activity-travel diary at any time of the survey. Context-aware notifications were designed to 

remind respondents to review and modify the activity-travel diary generated by the app, and to 

examine the data on respondents’ charging behavior. 

The survey is not without its limitations. First and foremost, the small target population 

at the time of the survey, PEV users in the Netherlands in 2017, is the major issue of concern. The 

recruitment of the survey participants was accomplished, using convenience sampling, from a 

population of ElaadNL members (1,351) and VER (3,000+). The survey invitation letter was 

circulated three times, and finally, the survey was administered among 100 PEV users. After data 

cleaning, it resulted in observations for 4,438 person-days and 24,046 person-trips for 76 users 

who activated the app at least for 2 weeks. Second, the duration of charging activities that were 

concurrent with other activit(-ies) was assumed equal to car parking duration. That is to say, it is 

assumed that the respondents do not plug-off their PEV while it is parked. This may yield 

inconsistent results when it comes to simulating electricity demand for PEV charging. However, 

from the perspective of facility location problem, it is rationalized that demand is represented by 

occupation of the facility (i.e., parking at the charging station). Third, it may be more appropriate 

to collect activity-travel diaries of PEV users’ household member, which enables to consider the 

effect of interaction among household members on individual activity behavior. Fourth, though it 

was urged to confirm the generated activity-travel diary on a daily basis, only 44.3% of trips were 

approved by the respondents. Presumably, it is because respondents were likely to skip to confirm 

the trips if they were correct, given that the remaining 47.3% of trips were labelled as “Good” in 

the result of the quality check. 
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Estimating dynamic decision tree5 

  

 

5 This chapter is based on Kim, S., Rasouli, S., Timmermans, H. J. P., & Yang, D. (2018). Estimating panel 

effects in probabilistic representations of dynamic decision trees using Bayesian generalized linear mixture 

models. Transportation Research Part B: Methodological, 111, 168-184. 
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5.1 Introduction 

In this chapter, we propose an approach to estimate panel effects in dynamic probabilistic 

decision trees with multinomial action states based on CHAID. Given that panel or longitudinal 

travel data naturally have a hierarchical structure with repeated measures nested within 

individuals, we implement a mixed-effects model that simultaneously accounts for population-

level effects (fixed effects), between-individual variances (random effects), and within-individual 

variances (autocorrelations). The approach uses an iterative estimation procedure between 

CHAID-based probabilistic tree induction and Bayesian generalized linear mixture modeling 

(GLMM). The suggested approach is illustrated using PEV user’s charging station choice as an 

example. 

The remainder of the chapter is organized as follows. Section 5.2 presents the problem 

of traditional decision trees which hinders to use them for panel data. Section 5.3 contains the 

earlier work that attempts to extend tree-based methods to panel data. Section 5.4 introduces the 

methodology we develop for estimating panel effects in dynamic probabilistic decision tree with 

multinomial outcomes. Section 5.5 illustrates the suggested methodology to PEV user’s charging 

station choice using longitudinal activity-travel data. Section 5.6 discusses findings from across 

different models that demonstrate key differences. This is followed by conclusion and future 

research directions in Section 5.7. 

5.2 The problem 

Consider the problem of predicting the probability that individual i will choose choice alternative 

j. A decision tree or table consists of a series of nodes and branches that specify the condition 

state and personal profile of i that lead (probabilistically) to the choice of j. The branches 

connecting the nodes in the tree (or columns in the table) are unique and exclusive. The terminal 

node of a decision tree (or last row of a table) represents the action state, which specifies which 

action will be triggered when the conditions represented by the connecting branch are satisfied. 

Traditionally, this is a single action under the deterministic plurality rule, which assigns the 

modal response at a given terminal node.  

Basically, tree induction algorithms can be viewed as a way of splitting the observational 

data into succinct sets of disjunctive decision heuristics that classify the data into homogeneous 

segments of actions. Originally, these were derived from expert knowledge. Later, several 

algorithms were suggested to extract the trees or tables from observed activity-travel data. Well 

known examples are CHAID-based tree induction (Kass, 1980), which uses the chi-square statistic 

to build the tree, the C4.5 algorithm (Quinlan, 1993), which is based on the information gain 
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statistic, and CART (Breiman, 2017), which is a binary recursive splitting algorithm based on a 

generalization of the binomial variance, called the Gini index. Apart from the criterion used for 

splitting, the algorithms use a different strategy to limit the size of tree to prevent the overfitting 

problem. CHAID uses a stopping rule which makes the tree stop growing, while C4.5 and CART 

grow a full tree and then prune insignificant branches. Pruning decisions of both methods base 

on differences in modal responses, hence these are insensitive for differences in complete 

response distributions. Moreover, in prediction stage, it fails to reproduce non-systematic 

variance.  

In case of probabilistic action spaces, however, the probabilities reflect the heterogeneity 

in the choice behavior of interest, associated with a decision heuristic. Arentze and Timmermans 

(2000) and Wets et al., (2000) suggested probabilistic decision trees, which specify the 

probability that a certain action will be taken, i.e. a particular choice alternative will be chosen. 

The tree induction process itself is deterministic. The stochasticity in simulating choice 

behavior stems from the probabilistic nature of the decision trees, which means that every 

instantiation of an action requires a draw from the probabilistic decision trees, which may result 

in a different decision outcome. This characteristic is essential for assessing model uncertainty 

and error propagation in complex model systems (Rasouli & Timmermans, 2013, 2014b). 

However, the deterministic induction process implies that the modeling approach at its 

current level of development and application in transportation research does not include any 

mechanism for dealing with unobserved preference heterogeneity and autocorrelation of errors 

within individuals. This potential limitation may not be a serious problem for the applications of 

decision trees in travel behavior modeling that are typically based on cross-sectional travel 

surveys of a random sample of travelers who report a single day set of trips and activities because 

any heterogeneity is (largely) reflected in the probability distribution. However, in longitudinal 

data, repeated observations of a group of travelers cannot be taken into account independently. 

When the aim is to develop dynamic decision trees as the driver of dynamic activity-

based forecasting models, using longitudinal data, unobserved preference heterogeneity 

persisting over repeated measurements may lead to correlated choices, and also autocorrelation 

in choice dynamics is not negligible. Thus, to accommodate these effects, it is necessary to develop 

a way of extracting the hidden effects of using “panel” data from the decision tree. When searching 

the literature, we did not find any publication, addressing the issue, let alone suggesting a 

solution. Some scarce literature in statistics, however, seems promising, but needs elaboration to 

make it relevant for the probabilistic decision trees embedded in computational process models 
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of activity-travel behavior. In this chapter, we suggest the required extension and report 

experiences with an application of the suggested method based on CHAID-based trees in 

modeling charging behavior. 

5.3 Earlier work 

The first attempt to extend tree-based methods to longitudinal data was made by Segal (1992) 

based on CART. In order to make the method computationally feasible, the algorithm limited the 

method to have the same number of equally-spaced time intervals for all panelists with commonly 

used forms of covariance matrices (e.g., independence, compound symmetry, first-order 

autoregressive). Zhang (1998) followed this approach to multiple binary response variables. It is 

to be noted that these methods share the limitation of not being able to allow time-varying 

covariates, and the resulting trees cannot be used for future prediction of the same individual.  

Some studies in statistics have suggested a way to overcome this limitation, and to deal 

with longitudinal data by generalizing the linear mixed effects model (LMM) into a CART-based 

regression tree framework (Hajjem et al., 2011; Sela & Simonoff, 2012). For correlated data (e.g., 

longitudinal or clustered data) with continuous (e.g., Gaussian) response, LMMs have been widely 

used and can be written in matrix form (Laird & Ware, 1982). 

𝒚𝑖 = 𝑿𝑖𝜷 + 𝒁𝑖𝒃𝑖 + 𝜺𝑖 ,        (5.1) 

[
𝒃𝑖

𝜺𝑖
]~𝑁 (𝟎, [

𝑫 𝟎
𝟎 𝑹𝑖

]) 

where 𝒚𝑖 = (𝑦𝑖1, … , 𝑦𝑖𝑇𝑖
)′ is the 𝑇𝑖 × 1 vector of continuous response for the 𝑇𝑖  observations 

of a panelist i, 𝑿𝑖 = [𝑥𝑖1, … , 𝑥𝑖𝑇𝑖
]′ is the 𝑇𝑖 × 𝑘 matrix of fixed effects covariates, 𝜷 is the 𝑘 × 1 

vector of parameters for the fixed effects, 𝒁𝑖 = [𝑧𝑖1, … , 𝑧𝑖𝑇𝑖
]′ is the 𝑇𝑖 × 𝑞  matrix of random 

effects covariates, 𝒃𝑖 = (𝑏𝑖1, … , 𝑏𝑖𝑞)′  is the 𝑞 × 1  vector of random effects, and 𝜺𝑖 =

(휀𝑖1, … , 휀𝑖𝑇𝑖
)′  is the 𝑇𝑖 × 1 vector of errors. 𝑫 and 𝑹𝑖  are the covariance matrix of 𝒃𝑖  and 

𝜺𝑖 , respectively. 

The basic idea behind the algorithms proposed by Hajjem et al. (2011) and Sela and 

Simonoff (2012) is to replace the parametric form of linear fixed effects, 𝑿𝑖𝜷 , with the 

nonparametric form of a nonlinear function 𝑓(𝑿𝑖) from a tree-based model, and is to extract the 

individual-specific random effects, 𝒃𝑖 , from the outcome of regression tree using LMM. 

𝒚𝑖 = 𝑓(𝑿𝑖) + 𝒁𝑖𝒃𝑖 + 𝜺𝑖        (5.2) 
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They proposed a two-step iterative expectation-maximization approach to extract the 

random effects. At the first step, a tree-based model is fitted to 𝒚𝑖 − 𝒁𝑖�̂�𝑖  assuming that the 

random effects are known. As a result, the estimated tree structure,𝑓(𝑿𝑖), is corresponding to 

the outcome without random effects. At the second step, the fixed effects are assumed known, 

and the LMM is fitted to 𝒚𝑖 to estimate 𝒃𝑖 . This alternation between two steps is continued until 

the change in likelihood (Hajjem et al., 2011) or restricted likelihood (Sela & Simonoff, 2012) 

between adjacent iterations is less than a specified threshold. Both research teams applied the 

algorithm to real data and reported that the inclusion of random effects improved the standard 

tree methods. More recently, to adjust the selection bias of CART, Fu and Simonoff (2015) 

developed an unbiased version of regression trees for longitudinal data, and Loh and Zheng 

(2013) proposed an algorithm for construction regression tree models for longitudinal data 

based on GUIDE approach which avoids selection bias by replacing CART’s one-step method of 

selecting the variable and split set with a two-step method that first selects the variable and then 

finds the split set for the selected variable. However, given that most of choice facets under 

transport studies are multinomial discrete choice, it can be said that developing the dynamic 

decision tree for non-Gaussian response data is not trivial.  

5.4 Suggested extension 

In this section, we propose an approach to estimate panel effects in dynamic probabilistic 

decision trees, based on CHAID-based tree induction method. CHAID tree can be represented by 

a directed acyclic graph which consists of decision nodes split based on the attribute, 𝑿𝑖
𝑘 , and 

terminal nodes with the choice probability distribution across alternatives, 𝝅𝑝 , as shown in 

Figure 5.1. 

 

Figure 5.1 Graphical representation of CHAID tree 
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Following Hajjem et al. (2011) and Sela and Simonoff (2012), we apply an iterative 

approach using a tree-based model to estimate the fixed effects, 𝑓 , and use a Bayesian 

implementation of generalized linear mixture model (GLMM) to estimate the random effects. The 

main point of the extension is to take the random effect (heterogeneity between individuals) into 

account in the decision tree with categorical (binomial or multinomial) responses. In case of 

unordered multinomial outcomes, the challenge is to update the outcomes at each iterative step 

because the outcomes cannot be simply added or subtracted at each iteration. In this section, we 

describe a method to adjust the CHAID tree for analyzing multinomial outcomes in longitudinal 

data.  

Let 𝑦𝑖𝑡 be a multinomial random variable taking values {1,…,J} for the t-th observation 

of individual i, where t = 1,…,𝑇𝑖 . Similar to previous work, assuming that the random effects are 

known, if a CHAID tree is fitted to 𝑦𝑖𝑡, the tree defines a fixed component, 𝑓𝑗(𝑿𝑖), where 𝑿𝑖  is 

the 𝑇𝑖 × 𝑘  matrix of fixed effects covariates. In other words, the estimated fixed component 

𝑓𝑗(𝑿𝑖) is a complete set of decision rules generated by CHAID satisfying given attributes, which 

partitions the covariate spaces and indicates the terminal node where the observations belong. 

Then the probabilistic action-assignment rule may come into operation. 

𝜋𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷|𝑝 = Pr(𝑦𝑖𝑡 = 𝑗|𝑝, 𝛿𝑖𝑗𝑡) =

𝛿𝑖𝑗𝑡𝑛𝑗𝑝

∑ 𝛿𝑖𝑗′𝑡
𝐽
𝑗′=1 𝑛𝑗𝑝

, p = 1,…, P,   (5.3) 

where 𝜋𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 denotes the conditional choice probability of alternative j as seen by individual i 

at occasion t, 𝑛𝑗𝑝  is the number of observations at terminal node p with observed response j, and 

𝛿𝑖𝑗𝑡 is a binary variable indicating the availability of j at occasion t. 

Once the fixed effects are known from the tree, we fit the GLMM to capture the random 

effect. Considering the unordered polytomous outcomes we have, an appropriate link function 

for the GLMM is the baseline-category logit model (Agresti, 2002) which is simultaneously 

parameterized as the log odds over an arbitrary baseline category J. Thus, pairing each response 

category with a baseline category, J - 1 non-redundant logits can be written as given below. 

𝜼𝑖𝑗 = log
𝝅𝒊𝒋

𝝅𝒊𝑱
= 𝑓𝑗(𝑿𝑖) +𝒁𝑖𝒃𝑖𝑗 ,   j = 1,…, J – 1,    (5.4) 

𝒃𝑖𝑗 ~𝑁(𝟎, 𝑫), 

where 𝜼𝑖𝑗 = (𝜂𝑖𝑗1, … , 𝜂𝑖𝑗𝑇𝑖
)′ and 𝝅𝑖𝑗 = (𝜋𝑖𝑗1, … , 𝜋𝑖𝑗𝑇𝑖

)′ is the 𝑇𝑖 × 1 vector of linear predictors 

and response probabilities, respectively, associated with alternative j for individual i, hence  

∑ 𝜋𝑖𝑗𝑡
𝐽
𝑗=1 = 1. 𝒁𝑖 = [𝑧𝑖1, … , 𝑧𝑖𝑇𝑖

]′ is the 𝑇𝑖 × 𝑞 matrix of random effects covariates, and 𝒃𝑖𝑗 =
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(𝑏𝑖𝑗1, … , 𝑏𝑖𝑗𝑞)′ is the 𝑞 × 1 unknown vector of random effects associated with alternative j for 

individual i with zero mean and covariance matrix D. 

D is the block diagonal covariance matrix of 𝒃𝑖𝑗  with diagonal blocks 𝑽𝑏𝑖𝑗𝑠
⨂𝑨𝑏𝑖𝑗𝑠

. Here 

⨂ denotes Kronecker product and  𝑽𝑏𝑖𝑗𝑠
 is the (𝐽 − 1) × (𝐽 − 1)  covariance matrix of s-th 

random effect to be estimated. 

𝑫 = ⨁𝑠=1
𝑞 𝑽𝑏𝑖𝑗𝑠

⨂𝑨𝑏𝑖𝑗𝑠
=

[
 
 
 
 
𝑽𝑏𝑖𝑗1

⨂𝑨𝑏𝑖𝑗1
0 … 0

0 𝑽𝑏𝑖𝑗2
⨂𝑨𝑏𝑖𝑗2

… 0

⋮ ⋮ ⋱ ⋮
0 0 … 𝑽𝑏𝑖𝑗𝑞

⨂𝑨𝑏𝑖𝑗𝑞]
 
 
 
 

  (5.5) 

𝑽𝑏𝑖𝑗𝑠
=

[
 
 
 
 

𝜎𝑏𝑖1𝑠

2 𝜎𝑏𝑖1𝑠𝑏𝑖2𝑠
… 𝜎𝑏𝑖1𝑠𝑏𝑖𝐽−1𝑠

𝜎𝑏𝑖2𝑠𝑏𝑖1𝑠
𝜎𝑏𝑖2𝑠

2 … 𝜎𝑏𝑖2𝑠𝑏𝑖𝐽−1𝑠

⋮ ⋮ ⋱ ⋮
𝜎𝑏𝑖𝐽−1𝑠𝑏𝑖1𝑠

𝜎𝑏𝑖𝐽−1𝑠𝑏𝑖2𝑠
… 𝜎𝑏𝑖𝐽−1𝑠

2
]
 
 
 
 

     (5.6) 

𝑨𝑏𝑖𝑗𝑠
 is the (𝐽 − 1) × (𝐽 − 1)  known structured matrix that has various forms (e.g., 

unstructured, First-order autoregressive (AR-1), Toeplitz, Compound symmetry, Variance  

Components, etc.) which defines the covariance structure of 𝑽𝑏𝑖𝑗𝑠
. In this study, Variance 

Components structure is chosen which is the simplest assuming no correlation between 

alternatives (i.e., 𝑨𝑏𝑖𝑗𝑠
= 𝑰𝐽−1 ), and it results in the 𝑞(𝐽 − 1) × 𝑞(𝐽 − 1)  block diagonal 

covariance matrix D. 

𝑫 = ⨁𝑠=1
𝑞 𝑽𝑏𝑖𝑗𝑠

⨂𝑰𝐽−1 =

[
 
 
 
 
𝑽𝑏𝑖𝑗1

⨂𝑰𝐽−1 0 … 0

0 𝑽𝑏𝑖𝑗2
⨂𝑰𝐽−1 … 0

⋮ ⋮ ⋱ ⋮
0 0 … 𝑽𝑏𝑖𝑗𝑞

⨂𝑰𝐽−1]
 
 
 
 

  (5.7) 

Then 𝐽 − 1 non-redundant logits can determine the log-odds of other pairs of response 

categories. For example, in case of non-baseline response categories A and B, 

log
𝝅𝒊𝑩

𝝅𝒊𝑨
= 𝜼𝑖𝐵 − 𝜼𝑖𝐴 = log

𝝅𝒊𝑩

𝝅𝒊𝑱
− log

𝝅𝒊𝑨

𝝅𝒊𝑱
.      (5.8) 

Often traditional GLMM suffer from modeling non-Gaussian response variables because 

the likelihood cannot be obtained in closed form. As an alternative, there has been a growing 

interest in the development of Bayesian approaches to deal with longitudinal data using the 

Markov-Chain Monte-Carlo (MCMC) estimation method (Chib, 2008). This method relies on the 

idea of hierarchical prior modeling, which allows modeling the heterogeneity in individual-
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specific coefficients and the distributions of errors (Lindley & Smith, 1972). We used R package 

MCMCglmm (Hadfield, 2010). Based on the use of Bayesian inference, MCMCglmm simulates the 

posterior distribution of fixed effects and random effects based on both the data and the 

uninformative prior distributions (normal distribution for fixed effects and inverse-Wishart 

distribution for random effects, respectively). It is known that the uninformative prior 

distribution has virtually no effects on the posterior if the data are large enough. 

When the GLMM is fitted, the response probabilities without random effects can be 

written as, 

𝜋𝑖𝑗𝑡
𝑀𝐶𝑀𝐶 =

exp(�̂�𝑖𝑗𝑡−𝑧𝑖𝑗𝑡�̂�𝒊𝒋)

1+∑ exp(�̂�𝑖𝑗′𝑡−𝑧𝑖𝑗′𝑡�̂�𝒊𝒋′)
𝐽−1
𝑗′=1

,   j = 1,…, J – 1,    (5.9) 

𝜋𝑖𝑗𝑡
𝑀𝐶𝑀𝐶 =

1

1+∑ exp(�̂�𝑖𝑗′𝑡−𝑧𝑖𝑗′𝑡�̂�𝒊𝒋′)
𝐽−1
𝑗′=1

,   j = J.     (5.10) 

Finally, the response can be updated using the Monte Carlo technique to draw a decision 

from the probability distribution. 

𝑦𝑖𝑡
∗ = 𝑀𝑜𝑛𝑡𝑒𝐶𝑎𝑟𝑙𝑜(�̂�𝑖𝑗𝑡

𝑀𝐶𝑀𝐶)       (5.11) 

It should be noted that the updated response, 𝑦𝑖𝑡
∗ , is a result of taking random effects out 

and is applied to fit the CHAID probabilistic decision tree again. In other words, it is the effort to 

minimize the between-individual variance in longitudinal data used for training the tree 

classifiers. This procedure iterates until convergence, which is measured by changes in the 

deviance information criterion (DIC). DIC is a Bayesian metric for model selection of hierarchical 

models, analogous to Akaike Information Criterion (AIC) for non-hierarchical models as the 

models with smaller values are preferred (Spiegelhalter et al., 2002). The proposed algorithm is 

written in R language (R Development Core Team, 2017) and is available from the authors upon 

request. In summary, the proposed algorithm can be listed as follows: 

Step 0. Set the estimated random effects, �̂�𝑖𝑗 = 𝟎, �̂� = 𝑰𝑞(𝐽−1), and the number of iteration n = 0 

Step 1. Fit a CHAID-based tree to 𝑦𝑖𝑡, if n = 0, otherwise to 𝑦𝑖𝑡
∗ . 

Set n = n + 1 and extract the response probabilities, �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷, from the estimated CHAID 

tree using Equation (5.3). Extract a set of decision rules to be used in Step 2 as a fixed 

component, 𝑓𝑗(𝑿𝑖). 
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Step 2. Fit Equation (5.4) using Markov-Chain Monte-Carlo (MCMC) GLMM 

Extract �̂�𝑖𝑗  from the estimated MCMC GLMM. Update a response from the probabilities, 

�̂�𝑖𝑗𝑡
𝑀𝐶𝑀𝐶 , using Equation (5.9) and (5.10) and set it to 𝑦𝑖𝑡

∗  using Equation (5.11). 

Step 3. Repeat Step 1 and Step 2 until convergence, measured by ∆DIC. 

5.5 Illustration 

5.5.1 Charging station choice data  

To illustrate the suggested method for deriving dynamic (or longitudinal) decision trees with 

random effects that account for the panel data structure, we collected longitudinal data on 

charging behavior of electric car users. A detailed account of the data collection has been 

described in Chapter 4. To enhance the flow of reading this chapter, we will first summarize those 

aspects of the data that help understanding this chapter. 

A smartphone-based prompted-recall survey constitutes the basis for the illustration. A 

smartphone app called Sesamo was used to record plug-in electric vehicle (PEV) users’ daily 

spatio-temporal activity patterns. The survey was administered among 100 PEV users, who 

downloaded and activated the app, in the Netherlands over a period of 3 months (from January 

27, 2017 to April 26, 2017). It resulted in observations for 4438 person-days and 23998 person-

trips for 73 users who activated the app at least fourteen days without gaps. 

The app automatically tracks travelers and records their spatio-temporal activity 

patterns, such as trip origins/destinations and departure/arrival time, using available sensors in 

the smartphone (GPS, Accelerometer, and Wi-Fi), and infers activity type(s) and transport 

mode(s). Compared to state-of-the-art imputation methods (e.g., Feng & Timmermans, 2013, 

2015;  Xiao et al., 2016), the imputation is relatively simple. To compensate for the relative lack 

of accuracy, travelers are frequently asked to confirm and if needed provide additional 

information about locations and activities. The user provided information is then used in 

combination with the GPS information to better infer activity types and locations as the app learns 

in multi-week tracing studies. Details about the method can be found in Geurs et al. (2015). 

The app allows not only tracking trajectories but also asking respondents to provide 

answers to a set of questions. We programmed the app such as to prompt respondents to confirm 

the automatically generated travel diary and correct it when wrong at the end of each day, and 

answer questions about their charging decisions, if any, at every car trip end. To reduce the 
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amount of memory recall bias, we felt it was important to ask the charging questions at the end 

of each trip. 

For the illustration, we focus on the decision tree dealing with the charging station 

choice. This decision tree involves a multinomial response from four different types of charging 

stations and the option of ‘No charging’. The alternatives include: 1) no charging, 2) private-

charging station, 3) public-charging station, 4) semi-public charging station, and 5) fast charging 

station. Each PEV user is considered as a cluster in the terminology of GLMM. The data are 

unbalanced in the sense that the number of responses varies across clusters and are imbalanced 

in that the number of observations across the response categories is not equally distributed. Table 

5.1 summarizes the descriptive statistics of the data used in this study. 

Two broad sets of variables were considered: socio-demographics and time-varying 

travel-related variables, as shown in Table 5.2. To apply the CHAID tree induction method, all 

continuous predictors were categorized in quantiles, based on the distribution of the data. 

5.5.2 Simulation design 

The proposed algorithm is applied to the following specifications of MCMC GLMM.  

1. The model with/without random effects 

2. The model with different specifications of the fixed effects 

a. Terminal node indicator * CHAID outcome (2 main effects + 1 interaction 

effect) 

b. Terminal node indicator: CHAID outcome (only interaction effect)  

3. The model with/without autocorrelation within individual. 

Table 5.1 Summary statistics of the data 

Time span 1/27/2017 – 4/28/2017 

Total number of users 73 

Total number of charging questions sent 13,163 

Number of charging occasions per 
person* 

minimum = 2, 1st quartile = 98.3, median = 166.5, 3rd 
quartile = 257.5, maximum = 593 

Note: In this study, charging occasion refers to the situation when PEV user can charge (i.e., every car trip 
end). Thus “no charging occasion” is taken into consideration and was set to the baseline response 
category. 
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Table 5.2 List of variables 

Variable Description 

Socio-demographic variable (individual-level) 

S1 Availability of private parking place 
1: if PEV user has an own driveway or garage for 
parking, 0: otherwise PEV user does not have a 
private parking place 

S2 Availability of private charging station 

0: if PEV user has own charging point at home, 
especially for PEV,  
1: if PEV user can charge a PEV with the aid of a 
standard AC outlet at home (Level 1 charging),  
2: otherwise PEV user cannot charge at home 

S3 
Availability of charging station at 
workplace 

0: if PEV user can charge a PEV at his/her workplace, 
especially for PEV, 
1: if PEV user can charge a PEV at his/her workplace 
with the aid of a standard AC outlet (Level 1 
charging), 
2: otherwise PEV user cannot at his/her workplace 

S4 Pay for charging at workplace 

0: if PEV user has to pay for charging at his/her 
workplace, 
1: if PEV user does not have to pay for charging at 
his/her workplace, 
2: otherwise PEV user does not charge at his/her 
workplace 

S5 Gender 1: if PEV user is male, 0: otherwise 

S6 Age of PEV user in quintiles 0: [27,44], 1: (44,48], 2: (48,51], 3: (51,58], 4: (58,76] 

S7 Education level 
0: Elementary School, 1: V (M) BO, LTS, LBO, 
2: MAVO, (M) ULO, 3: HAVO, VWO, HBS, 4: MBO, 
5: HBO, HTS, HEAO, 6: WO Promoted, 7: otherwise 

S8 
Work status of PEV user measured by 
number of working hours 

0: More than 30 hours, 1: 12-30 hours, 
2: Less than 12 hours, 3: Does not work 

S9 Personal annual income (in euros) 
0: 0, 1: (0, 7500], 2: (7500 – 15000], 
3: (15000 – 22500], 4: (22500 - 30000], 
5: (30000 - 50000], 6: > 50000  

S10 Number of vehicles in the household 0: 1, 1: 2, 2: (2,3], 3: (3,6] 

S11 Number of household members 0: 1 (single household), 1: 2, 2: (2,4], 3: (4,5], 4: (5,7] 
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Variable Description 

Time-varying travel-related variable (observation-level) 

T1 PEV type for the charging occasion 
0: if Battery Electric Vehicle (BEV), 
1: Plug-in Hybrid Electric Vehicle (PHEV) 

T2 
Travel time of a trip to the location of 
charging occasion (in minutes) 

0: [1,6.10], 1: (6.10,11.23], 2: (11.23,20.67],  
3: (20.67,37.17] 4: (37.17,228.33]  

T3 
Average travel speed of a trip to charging 
occasion (in km/h) 

0: [0,7.2], 1: (7.2,10.1], 2: (10.1,13.9], 3: (13.9,19.4], 
4: (19.4,161] 

T4 
Travel distance of a previous trip to 
charging occasion (in km) 

0: 0, 1: (0,1.62], 2: (1.62,4.98], 3: (4.98,20.45], 
4: > 20.45 

T5 
Travel distance of a trip to charging 
occasion (in km) 

0: [0,2.30], 1: (2.30,5.13], 2: (5.13,13.14], 
3: (13.14,34.03], 4: > 34.03 

T6 
Travel distance of a next trip to charging 
occasion (in km) 

0: 0, 1: (0,1.59], 2: (1.59,4.64], 3: (4.64,17.24], 
4: > 17.24 

T7 
Transport mode used for a previous trip 
to charging occasion 

0: Auto, 1: Train, 2: Bus, 3: Bike, 4: Walk, 5: Metro,  
6: Tram, 7: Taxi, 8: Other, 9: First trip 

T8 
Transport mode used for a next trip to 
charging occasion 

0: Auto, 1: Train, 2: Bus, 3: Bike, 4: Walk, 5: Metro,  
6: Tram, 7: Taxi, 8: Other, 9: Last trip 

T9 
Main purpose of a previous trip to 
charging occasion 

0: Only for charging, 1: Work or school activity, 
2: In-home activity 3: Grocery shopping, 
4: Non-grocery shopping, 5: Bring/get person, 
6: Service or private business, 
7: Social activity, 8: Leisure activity, 9: Waiting,  
10: Other activities, 11: Unidentified 

T10 
Main purpose of a trip to charging 
occasion 

Same as T9 

T11 
Main purpose of a next trip to charging 
occasion 

Same as T9 

T12 
Total stay percentage at previous location 
(in percent) 

0: 0, 1: (0,0.6], 2: (0.6,22.5], 3: (22.5,67.6], 
4: (67.6,92.6] 

T13 
Total stay percentage at current location 
for charging occasion (in percent) 

0: 0, 1: (0,0.6], 2: (0.6,23], 3: (23,67.6], 4: (67.6,92.6] 

T14 
Distance from home location to current 
location (in km) 

0: [0,1.86], 1: (1.86,4.82], 2: (4.82,14.04], 
3: (14.04,37.34],4: > 37.34 

T15 
State-of-battery before charging occasion 
(in percent) 

0: Low [0,33], 1: Medium (33, 66], 2: High (66 ,100] 
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First and foremost, the models with and without random effects are compared. To 

consider the unobserved heterogeneity between individuals, a random individual-specific 

intercept is introduced (i.e., 𝒃𝒊𝒋 = 𝑏𝑖𝑗1), which is referred to random intercept model. In other 

words, it is assumed that the heterogeneity between individuals across repeated measures only 

shift upward or downward by an individual-specific fixed amount. For the random intercept 

model, 𝒁𝒊 is the 𝑇𝑖 × 1 vector of ones. 

Secondly, different specifications of fixed effects are considered. By taking the interaction 

between the CHAID outcome and the terminal node, the relationship between the CHAID outcome 

and the unique probability distribution is tested. 

Thirdly, the models with and without autocorrelation within individuals across repeated 

measures are considered. While the occurrence of autocorrelation, or serial correlation, can be 

evaluated on the covariance structure of errors, 𝑹𝑖 , in LMM as in Equation (5.1), it is not the case 

for GLMM. Rather, we introduce a lagged dependent variable into the model (Kitamura, 2007; 

Wooldridge, 2010; Chatterjee, 2011), which results in the following equation. 

𝜂𝑖𝑗𝑡 = 𝑓𝑗(𝑥𝑖𝑡) + ∑ 𝑦𝑖𝑗𝑡−𝑙𝛽𝑗𝑙
𝑡−1
𝑙=1 + 𝑧𝑖𝑡𝒃𝑖𝑗 ,  j = 1,…, J – 1,  t = 1,…,𝑇𝑖   (5.12) 

where, 𝑦𝑖𝑗𝑡−𝑙 denotes the choice made at l previous state associated with current choice j, and 

𝛽𝑗𝑙 is the effect of the past choice l time period ago on the current choice. We postulate a first-

order autoregressive (AR-1), most common form of autocorrelation, thus use 𝑦𝑖𝑗𝑡−1𝛽𝑗1 for the 

second term on the right hand side of Equation (5.12). Given the high computation costs of model 

estimation due to the iterative algorithm with a Bayesian estimation of the parameters, the 

autocorrelation effect is considered only for the models with the random effects. Table 5.3 

summarizes the model specifications for the simulation. 

In terms of setting parameters for the CHAID tree induction method, alpha significance 

levels of the best possible split and merge are set to 0.05, while the tree stops growing if the 

number of observations at the terminal node is less than N / 100, where N is the sample size of 

the training data set. For the MCMCglmm, all models were run for 11000 draws with a burn-in 

period of 1000 and a thinning interval of 10. This means the posterior mean values were 

calculated from the posterior distribution of every single draw from 10001 to 50000, which 

results in a sample size of 40000. In order to avoid the autocorrelation issue during the MCMC 

sampling, the model estimates at convergence were diagnosed using the trace and 

autocorrelation plots. 
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Table 5.3 Model specifications 

Model Fixed-effects component 
Random-effects 

component 
Auto-correlation 

1 - - - 

2 Node Indicator * CHAID outcome Random intercept - 

3 Node Indicator : CHAID outcome Random intercept - 

4 Node Indicator * CHAID outcome Random intercept AR-1 

5 Node Indicator : CHAID outcome Random intercept AR-1 

Note:  1. Model 1 is a null model which is the standard CHAID. 
 2. A*B indicates main effects and their interaction (A+B+A × B), while A:B indicates an 
   interaction term without main effects (A×B). 

5.5.3 Simulation results 

For all models, the iterative process of the proposed algorithm was continued until |∆DIC| < 10. 

As a goodness-of-fit measure, the probabilistic theta is used which is given by (Arentze & 

Timmermans, 2005), 

𝑒 = ∑ Pr(𝑡 → 𝑝)𝑝 ∑ Pr(𝑗|𝑝)Pr′(𝑗|𝑝)𝑗 = ∑ (
𝑓𝑝

𝑛
)𝑝 ∑ (

𝑓𝑗𝑝

𝑓𝑝
)
2

𝑗     (5.13) 

where e is the probability of correctly predicting the choice for any given observation t in the 

same sample, Pr(𝑡 → 𝑝) is the probability that t belongs to terminal node p, Pr(𝑗|𝑝) is the 

probability that choice j is observed in cases belonging to terminal node p and Pr′(𝑗|𝑝) is the 

probability of predicting j in those cases. Given that the probabilistic action-assignment rule has 

been used, the predicted and observed probabilities are same (i.e., Pr(𝑗|𝑝) = Pr′(𝑗|𝑝)). n is the 

total number of cases, 𝑓𝑝 is the number of cases at terminal node p and 𝑓𝑗𝑝  is the number of 

cases at terminal node p with observed choice j. By comparing e with that of a null model, 𝑒0, 

which only consists of the root node, it is possible to measure the relative performance of each 

model by its 𝑒𝑖𝑛𝑐𝑟. 

𝑒0 = ∑ Pr(𝑗) Pr′(𝑗) =𝑗 ∑ (
𝑓𝑗

𝑛
)
2

𝑗        (5.14) 

𝑒𝑖𝑛𝑐𝑟 =
𝑒−𝑒0

1−𝑒0
         (5.15) 

It should be noted that 𝑒𝑖𝑛𝑐𝑟  indicates the increase in likelihood as a ratio of the 

maximum increase that is possible given the null model. Thus, this indicator is comparable to the 

(log) likelihood ratio commonly used as a measure of goodness-of-fit for discrete choice models. 
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Table 5.4 provides the summary of the model results with observation-level training 

dataset (N = 9873). All models successfully converge after some iterations. The number of 

decision nodes and terminal nodes in the tree are noticeably reduced when the proposed 

algorithm was applied. Incorporating the random effects (Model 2 – Model 5) gave a marked 

improvement of model fit over the standard CHAID (Model 1), as well as more interpretable 

results with fewer predictors. In other words, it can be said that a significant amount of 

heterogeneity among PEV users may exist in the data. The inclusion of temporal autocorrelation 

(Model 4, Model 5) also gave a better model fit though not very significant.  

Table 5.5 presents the estimated variance components at the first iteration and at 

convergence. The values reported are the elements of the estimated covariance matrix �̂�. It is to 

be noted that the total variance explained by the random effect is significantly dropped at 

convergence, which indicates the reduced amount of heterogeneity by applying the proposed 

algorithm. In addition, the share of explained variance at the first iteration is similar across 

models (in order of private charging, fast charging, public charging and semi-public charging), but 

the tendency is getting weaker while the iteration proceeds, and eventually the share of variance 

is fairly distributed at convergence. 

To determine whether the model successfully converged using MCMCglmm, a time series 

of the parameter for the MCMC iterations can be diagnosed. If the time series, a trace of the 

sampled posterior, does not show a trend, one can conclude that the Markov chain is well-mixed 

and the model reaches convergence (Hadfield, 2011). The left of Figure 5.2 present the trace plots 

of the random effect variance of Model 5 at convergence, and the right are the corresponding 

posterior density distributions. The trace plots show that the Markov chains appear to have 

reached a stationary distribution as no significant trends could be found. The posterior density 

plots show a unimodal, smooth posterior distribution which implies that the desired stabilization 

and convergence of the parameter are met. 

Table 5.4 Model summary 

Model 
N. iterations at 

convergence 

N. 
decision 

nodes 

N. terminal 
nodes 

𝒆𝟎 𝒆 𝒆𝒊𝒏𝒄𝒓 

1 - 21 29 0.453 0.768 0.577 

2 23 17 21 0.453 0.956 0.908 

3 26 11 16 0.453 0.975 0.948 

4 30 7 10 0.453 0.980 0.959 

5 26 9 15 0.453 0.976 0.956 
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Table 5.5 Posterior mean estimates of random effect variances (baseline category: no 
charging) 

 Model 2 Model 3 Model 4 Model 5 

Random effects (at iteration 1) 

 �̂�𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙:𝑝𝑟𝑖𝑣𝑎𝑡𝑒𝑐h𝑎𝑟𝑔𝑖𝑛𝑔
2  

3.152 
(1.55,4.87) 

3.110 
(1.56,4.65) 

3.369 
(1.69,4.64) 

3.549 
(1.94,5.32) 

 �̂�𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙:𝑝𝑢𝑏𝑙𝑖𝑐𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
2   

1.541 
(0.35,2.45) 

1.509 
(0.42,2.35) 

1.490 
(0.36,2.90) 

1.174 
(0.37,1.83) 

 �̂�𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙:𝑠𝑒𝑚𝑖−𝑝𝑢𝑏𝑙𝑖𝑐𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
2   

0.521 
(0.17,0.82) 

0.500 
(0.20,0.99) 

0.527 
(0.15,0.97) 

0.744 
(0.26,1.30) 

 �̂�𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙:𝑓𝑎𝑠𝑡𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
2  

2.237 
(0.64,3.39) 

2.274 
(0.69,3.88) 

2.678 
(0.66,4.99) 

2.609 
(0.65,4.30) 

Random effects (at convergence) 

 �̂�𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙:𝑝𝑟𝑖𝑣𝑎𝑡𝑒𝑐h𝑎𝑟𝑔𝑖𝑛𝑔
2  

0.355 
(0.12,0.63) 

0.347 
(0.16,0.60) 

0.255 
(0.14,0.40) 

0.195 
(0.11,0.29) 

 �̂�𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙:𝑝𝑢𝑏𝑙𝑖𝑐𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
2   0.223 

(0.12,0.41) 
0.314 

(0.12,0.52) 
0.397 

(0.14,0.68) 
0.322 

(0.17,0.49) 

 �̂�𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙:𝑠𝑒𝑚𝑖−𝑝𝑢𝑏𝑙𝑖𝑐𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
2   

0.263 
(0.12,0.45) 

0.218 
(0.11,0.33) 

0.249 
(0.10,0.42) 

0.403 
(0.19,0.66) 

 �̂�𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙:𝑓𝑎𝑠𝑡𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔
2  

0.246 
(0.12,0.39) 

0.413 
(0.13,0.74) 

0.291 
(0.14,0.45) 

0.311 
(0.17,0.47) 

Note: 95% highest posterior density (HPD) intervals are in parentheses. HPD interval is the Bayesian 

analogue of a confidence interval. The error variance is fixed at certain value for the non-Gaussian response 

(Hadfield, 2011). The baseline category is set as “no charging”. 

5.5.4 Predictive performance on out-of-sample data 

For the out-of-sample prediction, dynamic decision trees may be applied to two different cases. 

There can be a situation when we predict the future events for individuals observed in the sample 

(i.e., observation-level prediction). Alternatively, we may need to predict the future events for 

new individuals who are not observed in the sample (i.e., individual-level prediction). For the 

latter case, since the random effects covariates, 𝒁𝒊𝒋, are not observable, the random effects, 𝒃𝒊, 

are set to zero for new individuals. Hence, the performance between the models with and without 

random effects will be comparable if the sample size is large enough so that the fixed effects 

component, 𝑓𝑗(𝑿𝒊), is well estimated. For the predictive accuracy test in this study, we considered 

the former case, so that the data is split into the set for training (75%) and the test set (25%), 

while the number of individuals is maintained constant, namely no new individuals exist in the 

test set. 
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(a) Private charging 

 

(b) Public charging 

 

(c) Semi-public charging 

 

(d) Fast charging 

Figure 5.2 Trace plot of the random effect variance of Model 5 at convergence: (a) Private 

charging, (b) Public charging, (c) Semi-public charging and (d) Fast charging. 
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To evaluate the predictive performance of the classification tree, one can rely on the 

measures for binary classifiers. The most commonly used are accuracy, sensitivity and specificity 

derived from confusion matrix, which cross-tabulates the observed and predicted responses. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝐴𝑐𝑐) = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
       (5.16) 

where TP, TN, FP and FN denote the number of true positives, true negatives, false positives, and false 

negatives, respectively. However, this measure may yield biased results for multi-class classification 

problem (i.e., more than two response classes) if the data represent an imbalanced class distribution 

(Kautz et al., 2017). We consider several performance measures, which overcome this limitation. The 

balanced accuracy, F1-score and G-mean, which are, respectively, the arithmetic mean of sensitivity 

and specificity, the harmonic mean of sensitivity and precision, and the geometric mean of sensitivity 

and precision, have been proposed to that end. Cohen’s Kappa measure is also a useful metric to assess 

the performance of the multi-class classifier while compensating for the measured prediction 

accuracy merely by chance (i.e., random accuracy = 
(𝑇𝑁+𝐹𝑃)(𝑇𝑁×𝐹𝑁)+(𝐹𝑁×𝑇𝑃)(𝐹𝑃×𝑇𝑃)

(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)2
 ) (Ben-David, 

2007).  

𝐵𝑎𝑙𝑎𝑛𝑐𝑒𝑑𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝐵𝐴𝑐𝑐) = 
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦×𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦

2
=

1

2
(

𝑇𝑃

𝑇𝑃+𝐹𝑁
+

𝑇𝑁

𝑇𝑁+𝐹𝑃
)  (5.17) 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 
2×𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
=

2×
𝑇𝑃

𝑇𝑃+𝐹𝑁
×

𝑇𝑃

𝑇𝑃+𝐹𝑃
𝑇𝑃

𝑇𝑃+𝐹𝑁
+

𝑇𝑃

𝑇𝑃+𝐹𝑃

    (5.18) 

𝐺 − 𝑚𝑒𝑎𝑛 = √𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = √
𝑇𝑃

𝑇𝑃+𝐹𝑁
×

𝑇𝑃

𝑇𝑃+𝐹𝑃
    (5.19) 

𝐶𝑜ℎ𝑒𝑛’𝑠𝐾𝑎𝑝𝑝𝑎(𝜅) =
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦−𝑅𝑎𝑛𝑑𝑜𝑚𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦

1−𝑅𝑎𝑛𝑑𝑜𝑚𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦
     (5.20) 

The predictions were obtained from a total of 100 different runs based on the predicted 

response distributions from the fitted trees. Table 5.6 provides the performance comparison between 

the models. The overall performance measure is calculated as the average of the alternative-wise 

measures. Compared the accuracy (Acc) with other performance measures tuned for the imbalanced 

data problem, it is observed the significant adjustments have been made for the response alternatives 

with few observations (e.g., alternative 3 and 4). In addition, it seems no overfitting occurs since no 

significant drops are seen in most of the measures between the training and test sets. Compared to 

the standard CHAID tree (Model 1), the trees with the random effects (Model 2 – Model 5) had better 

performance for out-of-sample prediction, even for smaller tree size. The results show that the 

proposed algorithm improved the model parsimony and its interpretability by taking unobserved 

heterogeneity and autocorrelation within individual into account. Overall the Model 5 obtained the 

best predictive performance for both training and test data. 
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Table 5.6 Predictive accuracy of the model 

Model Alt 

Training set (N=9873, I=73) Test set (N=3290, I=73) 

Acc BAcc 
F1-

score 
G-

mean 
𝜿 Acc BAcc 

F1-
score 

G-
mean 

𝜿 

1 

1 0.884 0.876 0.907 0.907 0.753 0.886 0.879 0.907 0.907 0.759 

2 0.827 0.764 0.638 0.638 0.525 0.822 0.756 0.635 0.635 0.518 

3 0.921 0.635 0.307 0.307 0.265 0.923 0.629 0.269 0.271 0.229 

4 0.970 0.567 0.146 0.146 0.130 0.972 0.558 0.143 0.145 0.129 

5 0.910 0.603 0.270 0.271 0.223 0.913 0.674 0.402 0.402 0.356 

Overall  0.903 0.689 0.454 0.454 0.379 0.903 0.699 0.472 0.472 0.398 

2 

1 0.908 0.886 0.930 0.931 0.798 0.910 0.889 0.931 0.932 0.804 

2 0.860 0.796 0.696 0.696 0.606 0.855 0.787 0.690 0.691 0.595 

3 0.939 0.671 0.401 0.403 0.369 0.941 0.669 0.368 0.368 0.337 

4 0.978 0.511 0.042 0.048 0.034 0.977 0.535 0.109 0.121 0.099 

5 0.935 0.646 0.389 0.402 0.357 0.929 0.648 0.400 0.413 0.365 

Overall  0.924 0.702 0.492 0.496 0.433 0.922 0.706 0.499 0.505 0.440 

3 

1 0.912 0.887 0.933 0.935 0.805 0.910 0.887 0.931 0.933 0.804 

2 0.869 0.784 0.692 0.696 0.609 0.858 0.770 0.675 0.681 0.586 

3 0.942 0.679 0.423 0.425 0.392 0.944 0.679 0.392 0.392 0.362 

4 0.978 0.531 0.096 0.107 0.088 0.978 0.561 0.177 0.192 0.168 

5 0.925 0.676 0.407 0.408 0.367 0.920 0.681 0.425 0.426 0.382 

Overall  0.925 0.711 0.510 0.514 0.452 0.922 0.715 0.520 0.525 0.460 

4 

1 0.909 0.890 0.930 0.931 0.801 0.917 0.900 0.935 0.936 0.820 

2 0.856 0.803 0.698 0.698 0.603 0.859 0.808 0.712 0.712 0.618 

3 0.942 0.683 0.428 0.430 0.398 0.943 0.681 0.391 0.391 0.361 

4 0.978 0.528 0.090 0.101 0.081 0.977 0.524 0.080 0.091 0.071 

5 0.933 0.617 0.334 0.353 0.302 0.930 0.627 0.364 0.387 0.331 

Overall  0.924 0.704 0.496 0.502 0.437 0.925 0.708 0.496 0.503 0.440 

5 

1 0.913 0.887 0.934 0.936 0.806 0.911 0.887 0.932 0.933 0.805 

2 0.862 0.786 0.688 0.689 0.600 0.851 0.773 0.672 0.675 0.577 

3 0.944 0.647 0.382 0.392 0.354 0.946 0.645 0.353 0.356 0.325 

4 0.978 0.659 0.342 0.342 0.331 0.976 0.642 0.311 0.311 0.299 

5 0.931 0.640 0.371 0.380 0.336 0.925 0.643 0.381 0.391 0.344 

Overall  0.926 0.724 0.543 0.548 0.485 0.922 0.718 0.530 0.533 0.470 

Note: The figures in the table indicate the mean value of the metrics over 100 runs. 
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5.6 Discussion 

This section discusses behavioral implications of the proposed method through the comparison 

of impact of condition variables and dendrogram results with the standard CHAID. For the 

comparison, we consider Model 1 and Model 5, whereby the training set (N=9873) is used for 

training, as examples. 

5.6.1 Impact of condition variables 

It is of interest to evaluate the quantitative effects of each condition variable on choice behavior, 

and thus to compare the behavioral differences between the two models. However, one drawback 

of using rule-based systems for modeling choice behavior, which is non-parametric, is that the 

complexity of the structures that are generated by a large set of predictors often hinders its 

interpretation. To overcome this problem, we have used the measures developed by Arentze and 

Timmermans (2003) that can inform us the size and direction of the impact of condition variables 

on the predicted choices. The contingency tables derived from both Model 1 and Model 5 have 

the full information on the impact of condition variable s on choice outcomes. First, the measure 

used for the size of impact can be written as follows. 

𝐼𝑆𝑠 = 𝐷(𝑭𝑠, 𝑭𝑠
̅̅ ̅)         (5.21) 

𝐼𝑆𝑠𝑖 = 𝐷(𝑭𝑠𝑖 , 𝑭𝑠𝑖
̅̅ ̅̅ )        (5.22) 

where 𝐷(⋅,∙) is some measure of difference (e.g., Chi-square, the sum of absolute differences, 

likelihood, etc.) between contingency tables. In this study, the Chi-square statistic is used for D. 

𝑭𝑠  is the frequency table predicted by the model for condition variable s, 𝑭𝑠
̅̅ ̅ is the expected 

frequency table under the assumption that there is no impact of condition variable s, 𝑭𝑠𝑖  is the 

frequency table predicted by the model for condition variable s on choice i, and 𝑭𝑠𝑖
̅̅ ̅̅  is the 

expected counterpart. As the equations imply, the first measure provides an indication of the 

overall impact of condition variable s on the choice variable, while the second measure gives the 

impact on each choice alternative i. It is to be noted that the sum of the impact of s across choice 

alternatives equals to the overall impact (i.e., 𝐼𝑆𝑠 = ∑ 𝐼𝑆𝑠𝑖𝑖 ). 

Apart from the size of the impact of condition variables, its direction is of keen interest to 

researchers too. The measure for the direction of the impact can be described as, 

𝑀𝑆𝑠𝑖 =
∑ (𝑓𝑖,𝑗−𝑓𝑖,𝑗−1)

𝐽
𝑗=2

∑ |𝑓𝑖,𝑗−𝑓𝑖,𝑗−1|
𝐽
𝑗=2

        (5.23) 
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where 𝑓𝑖,𝑗 is the predicted frequency of choice alternative i under j-th level of condition variable 

s, and J is the number of levels of s. If the predictor has a monotonically increasing impact on the 

choice alternative i, then 𝑀𝑆𝑠𝑖  equals 1 and if it has a monotonically decreasing impact it equals 

-1. In all other cases (i.e., -1 < 𝑀𝑆𝑠𝑖 < 1), the impact of condition variable s on choice alternative 

i is non-monotonous represented by the sign across the range of predictors. It is to be noted that 

𝑀𝑆𝑠𝑖  is only informative for ordinal or binary condition variables, as it represents a coefficient of 

monotonicity of impacts across adjacent categories; it is not meaningful for condition variables 

that are unordered polytomous. 

Table 5.7 provide the impact table for Model 1 and Model 5. The condition variables 

chosen by the models are listed in order of decreasing impact on the choice variable (the first 

column). For both models, socio-demographic variables (S1 – S11) have a limited impact on 

charging station choice while time-varying travel related variables (T1 – T15) emerge with 

significant impacts. This result indicates that the principles and heuristics underlying day-to-day 

charging station choice can largely be understood in terms of time-varying situational context 

rather than socio-demographic aspects. Especially, State-of-battery (T15) is the by far the most 

influential predictor for both models, and its impact is varied on each choice alternative. With 

regard to the directions of its impact, the sign of 𝑀𝑆𝑠𝑖  suggests a positive impact of State-of-

battery (T15) on no charging occasion (𝑀𝑆𝑛𝑜 ), while negative impacts on charging occasions 

(𝑀𝑆𝑝𝑟𝑖𝑣𝑎𝑡𝑒 , 𝑀𝑆𝑝𝑢𝑏𝑙𝑖𝑐 , 𝑀𝑆𝑠𝑒𝑚𝑖−𝑝𝑢𝑏𝑙𝑖𝑐 , 𝑀𝑆𝑓𝑎𝑠𝑡). The signs are in line with our expectation that the 

high state-of-battery of PEV would lead to a decrease in charging rate. Main purpose of a trip to 

charging occasion (T10) is the second most important variable for Model 1 with the highest 

impact on fast charging station choice. The measure for the direction of this impact, 𝑀𝑆𝑇10,𝑖, has 

no meaning since main purpose of a trip is a purely nominal variable. Interestingly, however, this 

variable no longer exists in Model 5. Moreover, 6 more conditional variables in Model 1 were not 

chosen for Model 5, as follows, in descending order of impact: Main purpose of a trip to charging 

occasion (T10), Average travel speed of a trip to charging occasion (T3), Total stay percentage at 

previous location (T12), Main purpose of a previous trip to charging occasion (T9), Pay for charging 

at workplace (S4), Number of vehicles in the household (S10), Number of household members (S11). 

Instead, Travel distance of a next trip to charging occasion (T6) and Travel time of a trip to the 

location of charging occasion (T2) newly appeared with modest impacts in Model 5. 
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5.6.2 Estimated tree structure 

Figure 5.3 provides the standard CHAID tree (Model 1) fitted to the training data. The tree consists 

of 4 individual-level socio-demographic variables (S4, S6, S10 and S11) and 8 observation-level 

time-varying travel-related variables (T1, T3, T4, T9, T10, T12, T13 and T15). Each decision node 

in the decision tree, which consists of a set of decision rules, provides the valuable information 

describing charging station choice behavior of PEV user. Not surprisingly, the first split of the tree 

(root node) is represented by State-of-battery (T15). More precisely, this variable acts as a proxy 

for charging or not charging. The high State-of-battery (T15) (category 2: 66-100%) tends to delay 

PEV users’ charging activity, whereas the choice of the charging station become more dispersed 

under the decision rules with a set of attributes. The second split of the tree is Total stay 

percentage at current location for charging occasion (T13). The higher the variable values, the 

more likely a PEV user is to charge his or her car at home. Understandably, the charging station 

choice is also attributed on the socio-demographic variables (e.g., presence of private charging 

station, presence of charging station at workplace), which defines the characteristics of the PEV 

user. 

Compared to the standard CHAID tree, the fitted tree of Model 5 as shown in Figure 5.4 is 

reduced in size, and consists of only 1 socio-demographic variable (S6) and 6 time-varying 

variables (T1, T2, T4, T6, T13 and T15). The decreased number of socio-demographic attributes 

can be explained, as in the previous impact table, by arguing that a certain portion of the between-

individual variance is explained by taking the random effect into consideration, which coincides 

with the result derived in Table 5.5. This is particularly evident for no charging dominant terminal 

nodes in that 18 terminal nodes split on the category 2 of State-of-battery (T15) are reduced to 6 

terminal nodes. The reduction of tree structure is consistent with the results obtained from the 

case of CART regression tree (Hajjem et al., 2011; Sela & Simonoff, 2012). 

Table 5.8 lists more detailed information of terminal nodes of the Model 5 tree. Another 

important implication can be derived from a comparison between the degrees of dispersion of the 

distribution at terminal nodes of each tree. The probabilistic action spaces of the standard CHAID 

tree is deterministic when the proposed method is applied. That is to say, the method significantly 

reduces the impurity of the terminal nodes, thus it gives more robust result in terms of model 

uncertainty. An exceptional case at terminal node 3 of Model 5 is made because the number of 

observation at the node reaches its minimum value to split further (remember the minimum 

number of observations to split the node is set to N/100, which results 99 for the training). 
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Table 5.8 Result of Model 5 

Terminal 
node p 

Terminal 
node 

information 

Choice alternative j 

No 
charging 

j = 0 

Private 
charging 

j = 1 

Public 
charging 

j = 2 

Semi-
public 

charging 
j = 3 

Fast 
charging 

j = 4 

1 �̂�𝑗(𝑿𝒊) 0 -1.181 5.189 -0.544 -0.597 
𝑛𝑝 = 161 𝑛𝑗𝑝 1 1 158 0 1 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 0.006 0.006 0.981 0 0.006 

2 �̂�𝑗(𝑿𝒊) 0 1.622 1.01 5.489 -0.673 
𝑛𝑝 = 123 𝑛𝑗𝑝 0 3 2 118 0 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 0 0.024 0.016 0.959 0 

3 �̂�𝑗(𝑿𝒊) 0 6.796 1.002 2.638 6.712 
𝑛𝑝 = 118 𝑛𝑗𝑝 0 54 1 2 61 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 0 0.458 0.008 0.017 0.517 

4 �̂�𝑗(𝑿𝒊) 0 1.115 1.646 1.286 6.898 
𝑛𝑝 = 245 𝑛𝑗𝑝 0 0 2 1 242 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 0 0 0.008 0.004 0.988 

5 �̂�𝑗(𝑿𝒊) 0 7.235 0.112 0.674 0.674 
𝑛𝑝 = 1138 𝑛𝑗𝑝 0 1130 2 3 3 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 0 0.993 0.002 0.003 0.003 

6 �̂�𝑗(𝑿𝒊) 0 -1.407 5.642 1.16 0.924 
𝑛𝑝 = 171 𝑛𝑗𝑝 2 0 165 4 0 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 0.012 0 0.965 0.023 0 

7 �̂�𝑗(𝑋𝑖) 0 0.822 0.349 1.088 6.74 
𝑛𝑝 = 106 𝑛𝑗𝑝 0 1 0 1 104 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 0 0.009 0 0.009 0.981 

8 �̂�𝑗(𝑋𝑖) 0 4.994 0.31 -0.617 -1.559 
𝑛𝑝 = 126 𝑛𝑗𝑝 1 124 0 1 0 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 0.008 0.984 0 0.008 0 

9 �̂�𝑗(𝑋𝑖) 0 9.725 2.649 2.87 2.224 
𝑛𝑝 = 718 𝑛𝑗𝑝 0 718 0 0 0 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 0 1 0 0 0 

10 �̂�𝑗(𝑿𝒊) 0 -8.022 -6.189 -5.888 -6.178 
𝑛𝑝 = 1565 𝑛𝑗𝑝 1549 0 3 11 2 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 0.99 0 0.002 0.007 0.001 

11 �̂�𝑗(𝑿𝒊) 0 -7.89 -6.196 -5.966 -6.038 
𝑛𝑝 = 1258 𝑛𝑗𝑝 1240 2 5 4 7 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 0.986 0.002 0.004 0.003 0.006 

12 �̂�𝑗(𝑿𝒊) 0 -7.771 -6.242 -5.703 -6.702 
𝑛𝑝 = 177 𝑛𝑗𝑝 171 0 2 1 3 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 0.966 0 0.011 0.006 0.017 

13 �̂�𝑗(𝑿𝒊) 0 -7.673 -6.203 -5.744 -6.727 
𝑛𝑝 = 655 𝑛𝑗𝑝 654 0 0 1 0 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 0.998 0 0 0.002 0 

14 �̂�𝑗(𝑿𝒊) 0 -7.805 -6.231 -5.811 -6.822 
𝑛𝑝 = 1189 𝑛𝑗𝑝 1189 0 0 0 0 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 1 0 0 0 0 

15 �̂�𝑗(𝑿𝒊) 0 -7.931 -6.272 -5.801 -6.745 
𝑛𝑝 = 2123 𝑛𝑗𝑝 2103 1 8 11 0 

 �̂�𝑖𝑗𝑡
𝐶𝐻𝐴𝐼𝐷 0.991 0 0.004 0.005 0 

 

Note:  The predicted fixed effects on link scale for the baseline-category, �̂�0(𝑿𝒊), is equal to 0. 
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5.7 Conclusions and future research 

One of the problems in the transformation of static computational process models of activity-

travel behavior to dynamic models is that the decision rules, captured in the probabilistic decision 

trees, have not considered the issue of repeated measurement. In this chapter, therefore, we 

suggested an approach solving this problem and illustrated its application in the context of 

longitudinal data on charging station choice behavior of PEV users. Elaborating earlier work on 

regression trees, the quintessence of the suggested approach is to extend the application of the 

decision tree to longitudinal data with multinomial outcomes. The predictive accuracy of the 

proposed approach suggests improved model parsimony and interpretability even for small tree 

sizes. More importantly, the panel effects could be estimated. 

This study is not without its limitations. Because the suggested approach is based on 

Monte Carlo processes, different runs of the probabilistic decision rules will result in different 

outcomes. Hence, to assess the degree of uncertainty involved, it is relevant to conduct an 

uncertainty analysis of the model. Also, for the present small-scale model, the use of Monte Carlo 

simulation seems appropriate and feasible. Larger scale computational process models may, 

however, require faster solutions. Applying scrambled Halton draws or Latin hypercubes as has 

been found beneficial for the Albatross model system (Rasouli, 2016) may be further investigated. 

Moreover, the test of the proposed algorithm to the other nonparametric tree-based classifiers 

with different sample sizes is recommended. 
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charging demand6 

  

 

6 This chapter is based on Kim, S., Rasouli, S., Timmermans, H. J. P., & Yang, D. A stochastic programming 

approach for the public charging station location problem: A scenario-generation based on PEV users’ 

multi-day charging patterns. Transportation Research Part C: Emerging Technologies. Manuscript under 

review. 
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6.1 Introduction 

Although the market share of plug-in electric vehicles (PEVs) is still very small and growth rates 

are modest at best, policy scenarios across the world signal optimistic, high expectations about 

the acceptance and diffusion of PEVs. In the context of the policy agreement about climate change, 

PEVs play a key role in the contribution of the transportation industry to energy transition. If 

indeed these expectations would become a reality, a substantial increase in charging 

infrastructure is required. Currently, the energy sector is somewhat reluctant to rapidly build new 

charging infrastructure due to the small number of electric vehicles and current slow growth 

rates. Vice versa, any lack of infrastructure may slow down the potential acceptance and diffusion 

of PEVs. 

It is no surprise, therefore, that several researchers embarked on the challenge to provide 

a solution for the charging station location problem (Kuby & Lim, 2005; Upchurch et al., 2009; 

Wang & Wang, 2010; Frade et al., 2011; Chen et al., 2013; Jung et al., 2014; He et al., 2014; Cavadas 

et al., 2015; Chung & Kwon, 2015; Ghamami et al., 2016; Giménez-Gaydou et al., 2016; Han et al., 

2016; Ko et al., 2017; Wu & Sioshansi, 2017; Zhang et al., 2017; Çalık & Fortz, 2019; Yıldız et al., 

2019; Faridimehr et al., 2019). Most previous studies captured the problem in terms of a classic 

location-allocation problem with assumptions that are quite remote from actual activity-travel 

behavior of PEV users. 

In this chapter, we argue that a model of the optimal location of charging stations should 

ideally be based on an activity-based model of travel demand linked to a module predicting the 

charging behavior of PEV users. The activity-based approach seems particularly suitable to model 

PEV users’ charging patterns due to its ability to depict complex decision-making processes. 

However, although activity-based models have been significantly improved over the past decades, 

and have reached maturity, their cross-sectional nature limits their capabilities of simulating 

dynamics in behavior. Cross-sectional models predict activity-travel patterns for one typical day 

derived from single day observations, which is problematic when modeling activity-travel 

patterns that are defined for time periods longer than a day. The growing interest in developing 

dynamic models of activity-travel behavior (e.g., Arentze & Timmermans, 2009, 2012; 

Timmermans et al., 2010; Auld et al., 2011; Cirillo & Axhausen, 2010; Yasmin et al., 2015; Xianyu 

et al., 2017;) and the increasing availability of multi-day, even multi-week activity-diary data, call 

for considering longitudinal effects. 

Moreover, because most activity-based models use a micro-simulation approach, they 

introduce model uncertainty stemming from stochastic error (Rasouli & Timmermans, 2012b). In 

facility location-allocation studies, such uncertainty is remedied by the introduction of a 
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stochastic programming (SP) or a robust optimization (RO) approach (Snyder, 2006; Correia & da 

Gama, 2015). SP is relevant to use when the uncertainty can be described by any probabilistic 

information, while RO uses a robustness measure, such as minmax cost or minmax regret. The SP 

approach has advantages over the RO approach if the statistical properties of the random 

variables can be identified by an affordable number of scenarios in the form of a discrete 

probability distribution on the corresponding parameters (Snyder, 2006). The scenario approach 

results in more tractable models and allows parameters to be statistically dependent. For example, 

if the random demand parameter is correlated in time and space, the dependency can be modeled 

by setting scenarios, which is hard to achieve if the parameter is described by continuous 

probability distributions. However, it suffers when such probability information is not generally 

known. Thus, generating scenarios is an active research area in its own right (Di Domenica et al., 

2007; Kaut & Wallace, 2007).  

In this chapter, to fill the discussed gap in the literature, we present an integrated 

framework for the optimal planning of public charging stations for PEVs in urban areas. The 

framework consists of two main components: i) an out-of-home charging demand model based 

on an activity-based travel demand model, and ii) a public charging station location-allocation 

model using a scenario-based SP approach. For the first component, we use a fully operational 

activity-based travel demand model system, named Albatross (Arentze & Timmermans, 2004, 

2005; Rasouli et al., 2018). Albatross generates and schedules activity episodes using probabilistic 

decision rules for 27 sequential decision steps. The rules are extracted from activity-travel diary 

data using a chi-squared automatic interaction detector (CHAID)-based induction method. 

Recently, the original approach based on cross-sectional data has been replaced with a CHAID-

based decision tree that accounts for the longitudinal structure of multi-day data (Kim et al., 2018) 

to explain dynamic aspects of charging behavior, coined dynamic decision tree in this thesis. The 

dynamic decision tree is added as the last decision step (the 28th), once all other activities have 

been simulated. The estimated charging demand is used as input for the second component. The 

use of the dynamic decision tree in a micro-simulation context may, however, cause an immediate 

problem because of the probabilistic decision rules. The optimal solution for a deterministic 

version of the model may be suboptimal in the presence of the uncertainty stemming from 

stochastic error. For the second component, in order to accommodate the uncertainty, we propose 

a two-stage stochastic mixed integer programming (TSMIP) model. In the scenario generation, we 

pose that scenarios consist of each leaf node in decision tree.  

The remainder of this chapter is organized as follows. In Section 6.2, we present related 

work on the PEV charging station location-allocation and demand forecasting methods. In Section 

6.3, the dynamic decision tree is extracted to estimate out-of-home charging demand. The 
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validation of this model is also discussed in this section. In Section 6.4, the proposed TSMIP is 

formulated. Section 6.5 demonstrates the application of the TSMIP for the city of Eindhoven, the 

Netherlands. The case study design, model input, generated scenarios, and the results of the 

optimal PEV charging stations locations are presented. Section 6.6 concludes the paper with a 

discussion of the main contributions of this study and a reflection on the limitations of the 

suggested approach. 

6.2 Related work 

6.2.1 Charging/refueling station location-allocation 

Existing studies about the PEV, or alternative fuel vehicle (AFV), charging/refueling station 

location-allocation problem can be broadly classified on the basis of their representation of 

charging demand. First, the node-based approach finds the optimal location of a set of facilities 

and allocates demand to those facilities given the assumption that demand occurs at a set of nodes 

and that a special-purpose trip is made between the demand node and the facility. Examples are 

the p-median algorithm, which minimizes the average demand-facility distance to locate p 

facilities (Ghamami et al., 2016), the maximal covering model, which seeks to maximize the 

amount of demand covered by a specified number of facilities (Frade et al., 2011; Giménez-Gaydou 

et al., 2016; Ko et al., 2017), and other mixed-integer programming solutions (Chen et al., 2013; 

Cavadas et al., 2015; Brandstätter et al., 2017; Faridimehr et al., 2019). The node-based location-

allocation requires predictions of charging demand at nodes. Frade et al. (2011) and Chen et al. 

(2013) used regression analysis to estimate charging demand for each census block in the study 

area. Ghamami et al. (2016), Giménez-Gaydou et al. (2016), Brandstätter et al. (2017), and 

Faridimehr et al. (2018) estimated charging demand based on PEV adoption rates. 

Secondly, the flow-based approach, though its structural similarity to the node-based 

maximal covering location problem, poses that demand occurs along the paths between nodes. 

This approach is based on a flow-capturing model which locates a specified number of facilities to 

capture the maximum demand (flow) (Hodgson, 1990; Berman et al., 1992). Kuby and Lim (2005) 

proposed a flow-refueling location model which maximizes the total vehicle flows refueled under 

the constraints imposed by the driving range of an AFV. The model can handle the situation where 

multiple refuelings are needed to travel a given path if the driving range is less than the path 

length. Thus, it is a more suitable approach for locating charging facilities along nation-wide 

highways to account for inter-regional travel, where the remaining battery status must be 

considered. Soon the flow-refueling model had many variants and relevant extensions to 

accommodate different needs of the applications, including a capacitated (Upchurch et al., 2009), 

multi-period (Chung & Kwon, 2015; Zhang et al., 2017), network equilibrium (He et al., 2014), 
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stochastic user equilibrium (Riemann et al., 2015) and stochastic (uncertain demand) version 

(Wu & Sioshansi, 2017; Yıldız et al., 2019). Wang and Wang (2010) proposed an integrated model, 

combining the node-based and flow-based approach for locating refueling stations along 

provincial highways for inter-city travel and along city roads for intra-city travel, respectively, for 

AFV with a limited driving range. Most flow-based approaches assign OD flow demand to the 

shortest path. 

Third, the itinerary-based approach has been introduced. This approach has a higher 

resolution than the flow-based approach since it couples individuals’ daily activity scheduling 

with a charging/refueling activity (Jung et al., 2014; Han et al., 2016) and the routing problem 

(Kang & Recker, 2015). However, the itinerary-based approach imposes computational challenges 

in dealing with an urban-scale network involving a large number of nodes and arcs. Moreover, 

existing itinerary-based models use activity-travel diary data of internal combustion engine 

vehicle (ICEV) users based on the assumption that activity-travel patterns of PEV and ICEV users 

do not differ. 

6.2.2 Charging station location problem under uncertain demand 

Recognizing the presence of uncertainty in decision-making, stochastic variants of the facility 

location problem have been studied. The scenario-based SP approach for the charging stations 

location-allocation problem under uncertain demand has emerged recently. Based on the node-

based approach, Ghamami et al. (2016) assumed that charging demand at nodes depends on three 

different levels of the PEV’s market penetration ratio. Faridimehr et al. (2018) constructed a large 

number of scenarios to describe type of vehicles (battery electric vehicle, plug-in hybrid vehicle 

or ICE), PEV users’ charging preferences, dwell durations, battery’s state-of-charge (SOC) and 

arrival time, based on an assumption that these attributes follow certain parametric distributions. 

For locating charging stations of an electric car-sharing system, Brandstätter et al. (2017) 

formulated seven scenarios representing fluctuation in demand by day of the week based on taxi 

trip data, given the assumption that a taxi trip can be substituted by a car-sharing service. Each 

scenario is given as a set of estimated trips, which contains information about origin, destination, 

start time and end time. Çalık and Fortz (2019) estimated stochastic car sharing service demand 

from a probability distribution, also based on taxi trip data. They tested various numbers of 

scenarios (100 to 500) and developed a Benders decomposition algorithm to solve the problem, 

where each scenario represents a certain number of individual customer requests and each 

request is associated with an origin node, a destination node, and a start time. Based on the flow-

based approach, Wu and Sioshanshi (2017) generated numerous scenarios for generating PEV 

flows by bootstrapping from tour-record data. In their case study, an exponential number of PEV 
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flow scenarios lead to an intractable model. Therefore, a sample-average approximation method 

was introduced which reduces the number of scenarios based on random sampling. Yıldız et al. 

(2019) modeled yearly charging demand, where each scenario represents daily PEV flows. All 

scenarios considered were summed to 1,461 (from 2013 to 2016). Scaling factors were used to 

define the proportion of PEV flows from taxi trip data. 

6.2.3 Our approach and contribution 

This chapter deals with the public charging station location allocation problem in urban areas 

under uncertain charging demand. We argue that PEV charging at public charging stations (Level-

2) in an urban area does not strictly rely on the remaining driving range but relates to the utilities 

constrained by the activity schedule and environment as well as the battery constraint. More 

specifically, our objective is to find the optimal location and the number of the charging stations 

such as to minimize total access cost, while satisfying PEV users’ charging demand as much as 

possible, among the candidate locations with limited capacity, within a given budget constraint. 

The charging demand is estimated on the basis of PEV users’ multi-day activity-travel patterns. It 

is assumed that the charging demand only occurs at the activity location. From the modeling 

perspective, this study belongs to a class of node-based and capacitated facility location problems 

where the demand is stochastic, which results in a two-stage stochastic mixed-integer 

programming (TSMIP) formulation. 

The purpose and method of scenario construction of the current study differ from the 

previous studies based on the SP approach for solving the location-allocation problem. In the 

previous studies, scenarios have been applied to describe uncertain demand or seasonal, daily, 

and time-of-day fluctuation, generated on the basis of arbitrary assumptions or proxy data (e.g. 

taxi trip data). In this study, scenarios are constructed to capture model uncertainty underlying 

the probabilistic decision rules. An explicit model (decision tree) for predicting PEV charging 

demand is developed, and the scenarios describing model uncertainty are acquired from the 

model results. Moreover, the decision tree describing charging behavior is linked to the latest 

version of a large-scale state of the art activity-based model of travel demand (Albatross), which 

mimics the decision heuristics that people apply when scheduling their activities and associated 

travel on a day-by-day basis. Then, the simulated values and probabilities of the random variable 

are used as input to a two-stage SP model to determine the optimal number of charging stations 

and their location. 
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6.3 Out-of-home charging demand forecasting 

Predicting charging demand is an essential part of the PEV charging station location-allocation 

problem. Since charging behavior itself is a complex process constrained by driving range, daily 

activity agenda, the existing layout of charging infrastructure, etc., it may not be appropriate to 

assume that refueling behavior of ICEV users is equal to recharging behavior of PEV users. 

Estimating demand not based on an activity-travel behavior model is even more crude and at 

some stage becomes irrelevant and invalid. 

 In this study, out-of-home charging demand is estimated in conjunction with Albatross, 

an activity-based travel demand forecasting model (Arentze & Timmermans, 2004; Rasouli et al., 

2018). Albatross is a fully operational computational process model based on the decision tree 

formalism, consisting of 27 decision trees to predict which activities are conducted when, where, 

for how long, with whom, and the transport mode involved, eventually simulating a household’s 

activity-travel schedule on a daily basis. It starts with an empty schedule and sequentially 

generates and schedules activities.  

6.3.1 Dynamic decision tree 

An extra decision tree for predicting out-of-home charging activity is added to this model. Once 

Albatross produces a daily activity schedule with ordinary activities (e.g., home, work, shopping), 

the extra decision tree is to determine whether or not a charging activity is added to each activity 

episode so that the dynamic charging behavior of PEV users is taken into consideration (e.g. 

delaying charging under a high SOC). The duration of the charging activity is then determined by 

stay time at the corresponding activity location recognizing that PEV charging is a process 

simultaneously occurring with another activity. 

It is to be noted that PEV charging can also be a separate process but mostly for fast 

charging which takes less than 30 minutes for a full charge. In this study, we only consider the 

simultaneously occurring process of charging since our interest is to estimate the demand at 

public charging stations equipped with Level 2 charging. Level 2 charging refers to charging 

through 208/240-volt alternating-current charging equipment which is the most common type of 

charging considered for public charging stations. It takes 3 hours for 16 kWh PHEV and 6 hours 

for 60 kWh BEV, respectively. 

Given the heterogeneous nature of charging behavior in terms of timing, duration, and 

regularity (i.e., random vs regular) (Kim et al., 2017), multiday activity diary data were used to 

derive a dynamic version of the CHAID-based decision tree representing decision rules for out-of-

home charging. The dynamic decision tree allows accounting for between-individual variances 
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(random effects) and within-individual variances (autocorrelations) underlying repeated 

measurements. 

It is constructed using an iterative estimation procedure between CHAID-based 

probabilistic tree induction and Bayesian generalized linear mixture modeling (GLMM). For 

longitudinal (clustered) data with a multinomial response, pairing each response category with a 

baseline category, J - 1 non-redundant logits can be written as follows (Kim et al., 2018). 

𝜂𝑖𝑗𝑡 = log
𝜋𝑖𝑗𝑡

𝜋𝑖𝐽𝑡
= 𝑓𝑗(𝑥𝑖𝑡) + ∑ 𝑦𝑖𝑗𝑡−𝑘𝛽𝑗𝑘

𝑡−1
𝑘=1 + 𝑏𝑖𝑗 ,  j = 1,…,J – 1, t = 1,…,𝑇𝑖 ,  (6.1) 

𝑏𝑖𝑗 ~𝑁(0, 𝜎𝑖𝑗
2), 

where 𝜂𝑖𝑗𝑡 is the linear predictor of alternative j in choice situation 𝑡 faced by individual i, 𝜋𝑖𝑗𝑡  

is the response probability, 𝑓𝑗(𝑥𝑖𝑡) is a complete set of estimated decision rules satisfying given 

observed attributes 𝑥𝑖𝑡 , 𝑦𝑖𝑗𝑡−𝑘  denotes the choice made at k previous state by individual i 

associated with current choice j, and 𝛽𝑗𝑘 is the effect of the past choice k time period ago on the 

current choice. We postulate a first-order autoregressive (AR-1) process, which is the most 

common form of autocorrelation (i.e., k = 1). 𝑏𝑖𝑗  is the individual-specific random intercept, 

which is normally distributed within individuals and choice alternatives with zero mean and 

variance 𝜎𝑖𝑗
2 . 

 Then, the probability of choosing alternative j by an individual i at choice situation t can 

be obtained using the estimated linear predictor �̂�𝑖𝑗𝑡, as follows. 

𝑃𝑖𝑗𝑡 =
exp(�̂�𝑖𝑗𝑡)

1+∑ exp(�̂�𝑖𝑗′𝑡)
𝐽−1
𝑗′=1

   j = 1,…, J – 1    (6.2) 

𝑃𝑖𝑗𝑡 =
1

1+∑ exp(�̂�𝑖𝑗′𝑡)
𝐽−1
𝑗′=1

   j = J     (6.3) 

In the current study, the issue of interest is whether or not the individuals would charge 

their PEV(s) for the corresponding activity episodes (except at-home activities). Therefore, 

Equations (6.1) – (6.3) are reduced to the binary case. Recently, (Speiser et al., 2018, 2019) 

proposed a similar approach, but they consider the binary case and combine classification and 

regression trees (CART) and Bayesian GLMM.  
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6.3.2 Data used 

We used multiday activity diary data which covered all out-of-home charging activities 

of PEV users. A smartphone-based prompted-recall survey was used to collect these data. A 

detailed account of the data collection has been described in Chapter 4.The survey was 

administered among 100 PEV users, who provided their activity-travel and charging data for a 

period of 3 months (from January 27 to April 28, 2017) in the Netherlands, which resulted in 

observations pertaining to 4,438 person-days and 23,998 person-trips after data cleaning. 

Table 6.1 provides the list of variables used for training the dynamic decision tree. Four 

broad sets of variables were considered, which constitutes the attributes 𝑥𝑖𝑡 : Individual and 

household characteristics, urban environment characteristics, activity-schedule related 

characteristics, and charging related characteristics. Individual and household characteristics 

consist of a dummy variable for gender and ordinal categorical variables for age, work hours per 

week, number of cars in household.  

Urban environment characteristics include several spatial accessibility measures which 

describe the availability of opportunities as moderated by the distance from home location. The 

activity diary data were fused with the physical environment data provided by national databases, 

which includes sector-specific employment and population data. Attributes of the spatial settings 

of the home address were considered to account for the opportunities and constraints set by the 

environment for the concerned individuals. 

Activity-schedule related characteristics reflect attributes of the activity under 

consideration and of before and after activities. Travel time to activity location, transport mode 

used, activity duration, and start time of activity are considered. Charging related characteristics 

include PEV type, state-of-charge level, walk distance from activity location to nearest charging 

station, and the number of charging stations within a certain distance from activity location. The 

threshold distance was set to 3.0 km given the spatial distribution of existing charging stations, 

which is consistent with the proximity scale used for the urban environment characteristics. The 

dependent variable is whether out-of-home charging took place or not. Out of 8,249 out-of-home 

charging cases collected, 75% was used for training while the remaining 25% was used for model 

validation. 
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Table 6.1 Variables specifications for out-of-home charging decision tree 

Label Definition Categories 

Individual and household characteristics (individual level, time-invariant) 

Age Age of N 0: <0, 35], 1: <35,54], 2: <54, 64], 3: <64, 75], 4: > 75 

Gend Gender of N 0: female, 1: male 

Wstat 
Number of work hours per week 
of N 

0: no work, 1: < 32 hours per week, 
2: 32 hours or more per week 

SEC 
Socio-economic class by income 
level 

0: below modal, 1: modal,  
2: more than modal less than two times modal, 
3: two times modal or more 

Ncar Number of cars in H 0: no cars, 1: 1 car, 2: 2 or more cars 

Urban environment characteristics (individual level, time-invariant) 

Urb Urban density of H 0: very high, 1: high, 2: moderate, 3: low, 4: very low 

Xdag 
# of employees in daily shopping 
sector within 3.1 km from home 

0: <0, 115], 1: <115,253], 2: <253,307],  
3 :<307,507], 4: <507,675], 5: > 675 

Xndag 
# of employees in non-daily 
shopping sector within 4.4 km 
from home 

0: <0, 395], 1: <395,635], 2: <635,762], 3:<762,938], 
4: <938,2525], 5: > 2525 

Xarb 
# of total employees within 4.4 km 
from home 

0: <0,8785], 1: <8785,12995], 2: <12995,16120], 
3:<16120,20199], 4: <20199,70314], 5: > 70314 

Xpop 
# of households within 3.1 km 
from home 

0: <0, 5050], 1: <5050,8845], 2: <8845,13217], 
3:<13217,16833], 4: <16833,22884], 5: >22884 

Ddag 
Distance (km) to nearest 160 
employees daily-good sector 

0: <0, 0.71], 1: <0.71 , 1.27], 2: < 1.27, 1.65], 
3:<1.65,2.02], 4: <2.02,3.46], 5: > 3.46 

Dndag 
Distance (km) to nearest 260 
employees non-daily-good sector 

0: <0, 0.92], 1: <0.92,1.45], 2: < 1.45,1.76], 
3:<1.76,2.58], 4: <2.58,3.34], 5: > 3.34 

Darb 
Distance (km) to nearest 4500 
employees total 

0: <0, 0.92], 1: <0.92, 1.28], 2: < 1.28,2.01],  
3 :<2.01 ,2.74], 4: <2.74,3.60], 5: > 3.60 

Dpop 
Distance (km) to nearest 5200 
households 

0: <0, 0], 1: <0, 1.05], 2: <1.05, 1.26], 3:<1.26,1.63], 
4: <1.63,2.78], 5: > 2.78 

Activity-schedule related characteristics (observation level, time-varying) 

Tdur 
Travel time to location of At (in 
minutes) (t > 1) 

0: <0, 5], 1: <5, 9], 2: <9, 14], 3 : <14, 23], 4: <23, 39], 
5: > 39 
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Label Definition Categories 

Mode Transport mode used for At (t > 1) 
0: walking or biking, 1: car, 2: car as passenger, 
3: public transport 

Act Activity type of At 

0: home, 1: work, 2: business, 3: bring/get, 
4: groceries, 5: non-daily shopping, 6: services, 
7: social, 8: leisure, 9: touring, 10: other, 
11: only charging 

TTPrev 
Travel time to activity location of 
At (in minutes) 

0: first episode, 1:<0, 5], 2: <5, 9], 3: <9, 14], 
4: <14, 23], 5: <23, 39], 6: > 39 

ModePrev 
Transport mode used for At-1    
(t > 1) 

Same as Mode 

ActPrev Activity type of At-1 (t > 1) Same as Act 

TTNext 
Travel time to activity location of 
At+1 (in minutes) 

0: last episode, 1:<0, 5], 2: <5, 8], 3: <8, 13], 
4: <13, 22], 5: <22, 37], 6: > 37 

ModeNext Transport mode used for At+1 Same as Mode 

ActNext Activity type of At+1 Same as Act 

BT Start time of At (in minutes) 
0: <0, 517], 1: <517, 671], 2: <671, 801], 
3: <801, 933], 4: <933, 1072], 5: > 1072 

ActDur Duration of At (in minutes) 
0: <0,17], 1: <17, 32], 2: <32, 61], 3: <61, 121], 
4: <121, 265], 5: > 265 

Charging related variables (observation level, time-varying) 

EVtype PEV type for At (t > 1) 
0: battery electric vehicle (BEV), 
1: plug-in hybrid electric vehicle (PHEV) 

SOC 
State-of-charge (%) before 
starting At 

0: low [0,33], 1: medium (33, 66], 2: high (66 ,100] 

L2Dist 
Walk distance from location of At 
to nearest Level-2 charging station 
(in km) 

0: <0, 0.12], 1: <0.12, 0.28], 2: <0.28, 0.47], 
3: <0.47, 0.75], 4: <0.75, 1.32], 5: > 1.32 

L2N 
Number of Level-2 charging 
stations within 3.0 km from 
location of At 

0: <0, 1], 1: <1, 12], 2: <12, 18], 3: <18, 28], 
4: <28, 56], 5: > 56 

Dependent variable 

OutHome-
Charging 

Out-of-home charging  0: no charging, 1: charging 

Note: N = concerned individual, H = concerned household, At = activity subject to decision in 
sequence t (t = 1,…,T).  
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6.3.3 Model estimation 

The dynamic decision tree for charging activity was trained using the abovementioned data which 

included 6,187 cases. Table 6.2 provides the derived decision tree which resulted in 19 inner 

nodes and 31 leaf nodes. As expected, out-of-home charging activity is mostly governed by SOC, 

and therefore the first split was made on SOC. Obviously, the lower the SOC, the higher the 

charging rates (Node 3 – 20). However, there are several conditions under which the probability 

of charging varies when SOC is high (SOC = 2). The last three columns of the table show leaf node 

information which includes the number of cases at each leaf node and probabilistic action spaces. 

The probabilistic action spaces are rather deterministic which implies the method significantly 

reduces the impurity of the leaf nodes, providing more robust results in terms of model 

uncertainty. A possible explanation is the reduction of between-individual and within-individual 

variance during the iterative estimation of random and fixed effects. This is evidenced by the out-

of-home charging probability obtained for each iteration. Compared with the probability at the 

first iteration (Figure 6.1a), the probability at convergence is more robust and stable (Figure 

6.1b). Moreover, during the iterations, the variance of random intercept 𝜎𝑖𝑗
2  is remarkably 

reduced from 3.421 with the 95% highest posterior density (HPD) interval [2.079, 4.759] at the 

first iteration to 0.276 with the 95% HPD interval [0.137, 0.418] at convergence, suggesting that 

the variance at the between-individual level is explained. 

 
                      (a)                       (b) 

Figure 6.1 Scatter plot of the charging probability versus linear predictor (a) at the first 

iteration and (b) at convergence 
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6.3.4 Model validation 

The estimated decision tree was tested on the 25% holdout sample (N=2,062) by comparing the 

observed and predicted charging incidence rates for each case. For predicting observations of out-

of-sample individuals, there is no basis for estimating the random intercept 𝑏𝑖𝑗  and the 

autocorrelation parameter 𝛽𝑗1 . Thus, these parameters are set to their expected value of 0, 

yielding the value 𝑓𝑗(𝑥𝑖𝑡). Table 6.3 presents the confusion matrix for the training and validation 

set. The diagonal entries represent the probability of hits, while the off-diagonal entries indicate 

the probability of misclassification. Compared to the null-model, the improvement in predicting 

charging is significant in both sets (from 0.212 to 0.739 and from 0.232 to 0.729). Comparison of 

the training and test set shows only a marginal decrease of the hit probability, which indicates 

that the model is transferable to the test set. 

6.4 Two-stage stochastic mixed-integer programming 

In this section, we formulate a TSMIP model for locating public charging stations. The nature of 

the facility location problem can be demonstrated in the following two-stage procedures: 1) 

choosing facility location and size before the uncertain demand is realized, and 2) assigning the 

demand to facilities after the uncertainty has been revealed. In the proposed model, the objective 

of TSMIP in the first-stage is to find the location of charging stations and their sizes such that the 

expected generalized cost of the second-stage decisions (recourse decisions) is minimized. In 

other words, the first-stage decisions are made based on the expected value of the second-stage 

variables that are acquired from a set of scenarios describing the uncertainty (Birge & Louveaux, 

2011). Moreover, we consider that facilities with different capacity can be placed in any potential 

location, and the demand can be satisfied by facilities at multiple locations. 

Table 6.3 Confusion matrix  

 Training set (N=6187) Test set (N=2062) 

Observed \ Predicted 
No 

charging 
Charging Total 

No 
charging 

Charging Total 

No charging 0.930 0.070 0.788 0.921 0.079 0.765 

Charging 0.261 0.739 0.212 0.271 0.729 0.235 

Total 0.788 0.212 1.000 0.768 0.232 1.000 
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6.4.1 Problem statement and model formulation 

The formal definition of the TSMIP is based on the following settings and assumptions. 

• Charging demand occurs at activity location v ∈ V; 

• Charging station refers to a set of charging slots 𝑠 ∈ 𝑆(𝑢)  established at candidate 
 location u ∈ U; 

• The maximum number of charging slots at any candidate location u ∈ U is limited to 30; 

• The number of charging slots at any existing location k ∈ K is fixed; 

• Daily capacity of a charging slot 𝑠 ∈ 𝑆(𝑢) is 720 vehicle-minute; 

• There is no fixed cost for converting candidate location u ∈ U to charging station. 

We define the following sets and indices, parameters and decision variables for the model: 

A unit vehicle-minute is introduced to quantitatively describe the charging demand and capacity 

of facilities. It is calculated as the sum of the number of minutes occupied in charging by each PEV. 

Indices 

u Index of candidate locations for installing charging stations u ∈ U 

s Index of possible charging slots in location i  𝑠 ∈ 𝑆(𝑢), max(𝑆(𝑢)) = 30 

v Index of charging demand points    v ∈ V 

k Index of locations of existing charging stations  k ∈ K 

n Index of leaf nodes of charging decision tree  n ∈ N 

𝜔 Index of scenario s    𝜔 ∈ 𝛺 

Parameters 

p Total number of charging stations to be built 

𝐶𝑎  Unitary access cost (€/vehicle-minute*km) 

𝐶𝑑 Unitary penalty cost for unsatisfied demand (€/vehicle-minute) 

𝑙𝑢𝑣 Distance from location u to demand point v (km) 

𝑙𝑘𝑣  Distance from location k to demand point v (km) 

𝑑𝑗𝑛(𝜔) Random charging demand at demand point v belong to leaf node n under scenario 𝜔, 

 measured in vehicle-minute of occupation 

𝑞𝑢𝑠 Capacity of charging station at candidate location u where maximally S(u) charging slots 

 can be installed, 𝑠 ∈ 𝑆(𝑢) (vehicle-minute) 

𝑞𝑘 Capacity of charging station at existing location k (vehicle-minute) 

𝐶𝑓  Unit installation cost of charging slot (€) 

B Total budget available (€) 
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First-stage decision variables 

ℎ𝑢  Binary variable, which equals 1 if location u is used for installing charging stations, 0 

 otherwise. 

𝑟𝑢𝑠 Binary variable, which equals 1 if s number of charging slots are installed in location u, 0 

 otherwise. 𝑠 ∈ 𝑆(𝑢) 

 

Second-stage decision variables 

𝑚𝑢𝑣(𝜔) Fraction of satisfied charging demand at location v by charging station u under scenario𝜔 

𝑧𝑘𝑣(𝜔) Fraction of satisfied charging demand at location v by existing charging station k under 

 scenario 𝜔 

𝜓𝑣(𝜔) Unsatisfied demand at demand point v under scenario 𝜔 (vehicle-minute) 

The TSMIP is formulated as follows. Equations (6.4) – (6.9) represent the first-stage 

model regarding the number and locations of charging stations. The objective function (6.4) aims 

to minimize the expected (second-stage) cost. Equation (6.5) ensures the total number of charging 

stations is equal to the desired number p. Constraints (6.6) and (6.7) determine the number of 

charging slots if the charging station is located at candidate place u. The budget constraint (6.8) is 

introduced to consider the number of charging slots by setting total budget B. Constraint (6.9) sets 

the domain of the first-stage decision variables. 

Equations (6.10)–(6.16) belong to the second-stage model where recourse decisions are 

made to assign PEV users to charging stations. Objective function (6.10) minimizes access cost 

incurred by PEV charging at both existing and new stations for a realization 𝜔 ∈ 𝛺. Unsatisfied 

charging demand, 𝜓𝑣(𝜔) , is penalized by the unitary penalty cost denoted by 𝐶𝑑  to avoid 

infeasible solutions in the second stage, for some first-stage feasible solution, caused by the 

inclusion of capacity constraints (Constraint (6.11) and (6.12)) (Correia & da Gama, 2015). 

Constraint (6.11) guarantees the amount of served charging demand at new charging station may 

not exceed its capacity, while Constraint (6.12) considers the capacity constraint for the charging 

demand served at existing charging stations. Equation (6.13) guarantees that the sum of served 

and unserved demands equals the total demand. Nonnegativity constraints of the second-stage 

decision variables are considered in Constraints (6.14)–(6.16). 

First-stage model 

Min𝐸𝜔∈𝛺[𝑄(ℎ, 𝑟, 𝜔)]        (6.4) 
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s.t. 

∑ ℎ𝑢𝑢∈𝑈 = 𝑝         (6.5) 

𝑟𝑢𝑠  ≤  ℎ𝑢 𝑠 ∈ 𝑆(𝑢), 𝑢 ∈ 𝑈     (6.6) 

∑ 𝑟𝑢𝑠𝑠∈𝑆(𝑢) ≤ 1𝑢 ∈ 𝑈      (6.7) 

∑ ∑ 𝐶𝑓𝑟𝑢𝑠𝑠∈𝑆(𝑢)𝑢∈𝑈 ≤ 𝐵        (6.8) 

𝑟𝑢𝑠, 𝑦𝑢  ∈  {0, 1}𝑠 ∈ 𝑆(𝑢), 𝑢 ∈ 𝑈     (6.9) 

 

Second-stage model 

𝑄(ℎ, 𝑟, 𝜔) = Min ∑ ∑ 𝑑𝑣𝑛(𝜔) ∑ ∑(𝐶𝑎𝑚𝑢𝑣(𝜔)𝑙𝑢𝑣 + 𝐶𝑎𝑧𝑘𝑣(𝜔)𝑙𝑘𝑣)

𝑘∈𝐾𝑢∈𝑈𝑛∈𝑁𝑣∈𝑉

+ ∑ 𝐶𝑑𝜓𝑣(𝜔)

𝑣∈𝑉

 

          (6.10) 

s.t. 

∑ ∑ 𝑑𝑣𝑛(𝜔)𝑥𝑢𝑣(𝜔)𝑛∈𝑁 𝑣∈𝑉 ≤ ∑ 𝑞𝑢𝑠𝑟𝑢𝑠𝑠∈𝑆(𝑢) 𝑢 ∈ 𝑈  (6.11) 

∑ ∑ 𝑑𝑣𝑛(𝜔)𝑧𝑘𝑣(𝜔)𝑛∈𝑁𝑣∈𝑉 ≤ 𝑞𝑘𝑘 ∈ 𝐾  (6.12) 

∑ 𝑑𝑣𝑛(𝜔)𝑛∈𝑁 (1 − ∑ 𝑥𝑢𝑣(𝜔)𝑢∈𝑈 − ∑ 𝑧𝑘𝑗(𝜔)𝑘∈𝐾 ) = 𝜓𝑣(𝜔)𝑣 ∈ 𝑉  (6.13) 

0 ≤ 𝑚𝑢𝑣(𝜔) ≤ 1𝑢 ∈ 𝑈, 𝑣 ∈ 𝑉      (6.14) 

0 ≤ 𝑧𝑘𝑣(𝜔) ≤ 1𝑘 ∈ 𝐾, 𝑣 ∈ 𝑉      (6.15) 

𝜓𝑣 ≥ 0𝑣 ∈ 𝑉       (6.16) 

6.4.2 Scenario generation 

SP is a particularly suited approach to support decision making under uncertainty if the uncertain 

parameter can be presented by some form of probability distribution. The usual way to address 

such probability distributions is to implement a finite set of scenarios 𝜔 ∈ 𝛺 . However, 

generating the scenario itself is not a trivial task and it determines the quality of the solution 

(Dupačová et al., 2000). Scenarios can be constructed via multiple sources of information (e.g. 

historical data (Brandstätter et al., 2017; Wu & Sioshansi, 2017), expert opinion (Seddig et al., 

2019), and their combination (Faridimehr et al., 2019)). In this study, we utilize a decision tree to 

generate a set of charging demand scenarios so that each leaf node in the decision tree reflects 

probabilistic decision rules of charging behavior as shown in Figure 6.2. The scenarios with equal 

charging probability are merged. 



Chapter 6 

116 

 

Figure 6.2 Scenario generation 

The decision tree for discrete choice alternatives has the characteristic that leaf nodes 

are represented by the choice probability distribution across alternatives. Charging demand can 

then be given an associated scenario probability 𝜋𝜔  using Equations (6.17) and (6.18), such that 

∑ 𝜋𝜔𝜔∈𝛺 = 1, where 𝜔 ∈ 𝛺 is a particular demand scenario defined by leaf nodes in a decision 

tree. 

Pr(𝑑𝑣𝑛) =
𝑑𝑣𝑛

∑ ∑ 𝑑𝑗𝑛𝑛∈𝑁𝑣∈𝑉
        (6.17) 

𝜋𝜔 = ∑ Pr(𝑑𝑣𝑛)𝑣∈𝑉         (6.18) 

 It should be noted that scenarios can also be generated for each PEV user to describe 

uncertain demand at the individual-level. However, given that the dynamic decision tree is 

capturing unobserved heterogeneity among individuals (as revealed in Figure 6.1), we resorted 

to generate scenarios at the leaf-node level. 

6.4.3 Expected value of perfect information (EVPI) and value of the stochastic 
solution (VSS) 

The use of SP for decision making under uncertainty may lead to the following questions:  

- To what extent a decision maker is willing to pay for perfect information about the 

uncertain parameters? 

- To what extent is it worth using a stochastic model instead of a deterministic model? 

The first question can be answered by using the expected value of perfect information 

(EVPI) which represents the price that the decision maker is willing to pay for knowing the 

uncertainty (Birge & Louveaux, 2011). EVPI is defined by the difference between the expected 

value of a decision made without prior knowledge of 𝜔 and the expected value of a decision made 
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with perfect information. In other words, EVPI is the difference between the stochastic solution 

(recourse problem, RP) and the lower bound of the optimization problem (wait and see solution, 

WS), and can be calculated by the following equation: 

EVPI = RP − WS         (6.19) 

RP = min𝐸𝜔∈𝛺[𝑄(ℎ, 𝑟, 𝜔)]       (6.20) 

WS = 𝐸𝜔∈𝛺[min𝑄(ℎ, 𝑟, 𝜔)]       (6.21) 

 The second question is related to assessing the importance of using a stochastic model 

compared to a deterministic counterpart. The value of the stochastic solution (VSS) is usually used 

to measure the expected increase in value from solving a stochastic model instead of a 

deterministic model. In other words, the VSS is the difference between the upper bound of the 

optimization problem (EEV) and the stochastic solution (RP). Letting 𝐸(𝜔) = 𝜔, the expected 

value problem (EV) represents deterministic solutions, the expected value of using the expected 

value solution (EEV) is defined as follows: 

EV = min𝑄(ℎ, 𝑟, 𝜔)        (6.22) 

EEV = 𝐸𝜔∈𝛺[𝑄(ℎ̅, �̅�, 𝜔)]        (6.23) 

VSS = EEV − RP         (6.24) 

For the minimization models in particular, the bounds for the EVPI and the VSS and some 

basic inequalities are established by Madansky (1960) as follows: 

WS ≤ RP ≤ EEV, EV ≤ WS, EVPI ≥ 0, VSS ≥ 0, EEV − EV ≥ EVPI, EEV − EV ≥ VSS (6.25) 

6.5 Case study: City of Eindhoven 

The proposed TSMIP is demonstrated for the city of Eindhoven, The Netherlands, which covers an 

area of 88.9 km2 and 5,514 traffic analysis zones (TAZs). In our computational experiments, TAZ 

refers to a 6-digit postal code area (PCA), which is the most detailed data available with an average 

area of 0.016 km2 (Max: 1.581 km2, Min: 59 m2) and 15 to 20 addresses. All information needed 

for constructing TSMIP is aggregated by TAZ level. To estimate out-of-home charging demand 

across the city, PEV users’ activity schedules were simulated using activity-based travel demand 

forecasting model system, Albatross. 

6.5.1 Creating a synthesized population 

The first step of activity-based travel demand forecasting is to create a synthetic population. 

Iterative proportional fitting (IPF) is used to create a sample consistent with known statistics of a 

target population at the household level (Arentze et al., 2007). In this study, the area of the target 
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population is set to Eindhoven Metropolitan Area, as shown in Figure 6.3, because not only people 

living in the city, but also people who live nearby can use the charging infrastructure. 

IPF is an algorithm for constructing tables of numbers satisfying constraints on marginal 

distributions (referred to as multiway table). To set the initial frequency cross-table, we used 

Dutch national travel survey data (MON 2009). The sample is then fitted to the population of the 

Eindhoven metropolitan area, which resulted in 334,491 households. It should be noted that, due 

to data availability, the IPF is conducted for each subzone level which is the spatial unit of the 

national modeling system used by the Dutch Ministry of Transport and Environment. However, 

the spatial resolution of subzone (roughly 32.0 km2) is too low for this study. Using the available 

data source, such as land use and population data, the synthesized households are allocated at the 

TAZ level. 

The synthesized population is input to a logistic regression model to estimate the number 

of households with PEV in the generated population. Both the OViN sample (N = 33,298) and our 

survey among PEV users (N = 260) constitute the basis of the model estimation for non-PEV users 

and PEV users, respectively. It is assumed that only one PEV is allowed for each household, and 

the type of PEV (i.e., BEV, PHEV) is randomly distributed among households following the share 

of PEVs in the Netherlands. 

 The results of the logistic regression model are shown in Table 6.4. Only significant 

results are discussed here. The estimation results reveal that age, gender, income level, work 

status, and the number of cars in the household are significant predictors of PEV ownership. Males 

have a higher tendency to have a PEV than females. Regarding age, the proportion of PEV users is 

particularly high in the age groups 1: 35-54, 2: 55-64, and 3: 65-75 compared to age group 0: 0-

35. In addition, people with high income, more working hours, and multiple cars in the household 

are more likely to own a PEV. These results are in line with a German sample (Plötz et al., 2014). 

In terms of the accessibility measure, people who are residing in less accessible places are less 

likely to own a PEV. Figure 6.4 shows the synthesized household with PEV allocated at the TAZ 

level. The visualization tool is implemented using R shiny application (Chang et al., 2018). 
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Figure 6.3 Eindhoven metropolitan area (gray) and the city of Eindhoven (green) 

 

Figure 6.4 Synthesized PEV population 
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Table 6.4 PEV population logistic regression results 

Variable Parameter 
Estimate 

Std. Error z value Pr(>|z|) Sig. 

(Intercept) -15.054 1.905 -7.905 0.000 *** 
Age1 1.478 0.266 5.561 0.000 *** 
Age2 1.505 0.280 5.378 0.000 *** 
Age3 1.954 0.477 4.098 0.000 *** 
Age4 1.207 1.413 0.854 0.393  
SEC1 -3.034 1.378 -2.201 0.028 * 
SEC2 1.075 0.380 2.832 0.005 ** 
SEC3 1.890 0.356 5.301 0.000 *** 
Ncar1 1.264 1.326 0.953 0.340  
Ncar2 3.016 1.320 2.285 0.022 * 
Gend1 1.846 0.237 7.773 0.000 *** 
Wstat1 1.412 0.502 2.812 0.005 ** 
Wstat2 2.559 0.468 5.473 0.000 *** 
Ddag1 -0.031 0.302 -0.104 0.917  
Ddag2 -0.221 0.329 -0.671 0.502  
Ddag3 -0.787 0.339 -2.322 0.020 * 
Ddag4 -0.513 0.300 -1.709 0.087 . 
Ddag5 -0.217 0.356 -0.610 0.542  
Darb1 -0.605 0.363 -1.668 0.095 . 
Darb2 -0.431 0.249 -1.731 0.083 . 
Darb3 -0.833 0.316 -2.634 0.008 ** 
Darb4 -0.550 0.310 -1.775 0.076 . 
Darb5 -0.875 0.323 -2.706 0.007 ** 
Number of observations 33,558 
Pseudo-R2 0.363 

Note: Number at variable denotes the category level in Table 6.1. Category 0 is a base category. “***”, “**”, 

“*”, “.” represent the statistical significance at the 0.001, 0.05, 0.01 and 0.1, respectively. 

6.5.2 Forecasting out-of-home charging demand 

Once the synthesized PEV population is created, Albatross generates activity schedules and travel 

patterns of each member of the synthesized households (maximally two members including 

household head and his/her partner, if any) at the 4-digit PCA level. The simulated activity 

schedules consist of 22,970 person-trips among 3,269 households with PEV and 5,675 household 

members, as shown in Table 6.5. As with the household allocation, land use data is used to allocate 

activity to TAZ with the corresponding land use type within the chosen 4-digit PCA. Figure 6.5 

shows the generated activities and their locations.  

Next, the charging decision tree is applied to the activity schedules to identify whether a 

charging activity occurs in parallel with the activity episode under concern. Out of all variables 

listed in Table 6.1, a set of charging related variables (SOC, L2Dist, and L2N) is not a part of 

Albatross. Therefore, the values of these variables are obtained through extra tasks. SOC was 

randomly assigned (between 0% and 100%) at the first trip, and then it is calculated based on the 

distance travelled using the specifications of PEV and Level-2 charging stations as shown in Table 
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6.6. Charging rates vary based on the type of PEV but different battery performance attributed to 

varying weather conditions is not taken into account. In order to stabilize the initial randomly 

assigned SOC, the final charging demand is predicted for a normal weekday, followed by 7 days of 

burn-in period. Moreover, it is to be noted that at-home charging is also modelled with an extra 

decision tree and taken into account for the calculation of SOC. Spatial proximity variables of 

Level-2 charging stations (L2Dist and L2N) are derived from the current layout of charging 

infrastructures in the city of Eindhoven. Total expected out-of-home charging demand is 

estimated as 321,583 vehicle-minutes, which equals approximately 98 minutes per PEV per day. 

Table 6.5 Summary statistics of the generated activities 

Activity type Number of 
activity 

episodes 

Mean of activity 
duration 

(minutes) 

Mean travel time by transport mode used 
(minutes) 

Walking or 
biking 

Car Car as 
passenger 

Public 
transport 

Home 12,719 481.87 20.88 18.92 19.25 74.19 

Work 4,603 357.45 17.37 19.48 15.17 67.93 

Business 533 46.65 22.95 16.67 18.65 55.78 

Bring/Get 863 9.37 20.17 14.25 17.81 55.69 

Groceries 1,502 31.68 17.32 15.73 16.66 64.92 

Non-daily 
shopping 

280 48.56 19.71 16.20 16.17 76.55 

Services 370 32.94 19.86 17.92 20.94 48.48 

Social 787 98.90 18.61 17.80 15.86 64.18 

Leisure 890 88.30 18.59 15.94 15.54 67.97 

Touring 219 176.08 18.50 19.45 19.15 47.82 

Other 204 73.03 29.66 21.05 16.50 47.90 

 

 

Figure 6.5 Generated activities and activity locations 
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Table 6.6 Specifications of PEVs and Level-2 charging station for simulation 

 PHEV BEV 

Battery capacity (electric driving range) 16 kWh 60 kWh 

Consumption rate 190 Wh per km 190 Wh per km 

Level-2 charging output (240V, 40A) 9.6 kW 9.6 kW 

Charging rate 0.19 BCAP/hour 0.10 BCAP/hour 

Charging time to be fully charged 3 hours 6 hours 

Note: BCAP refers to the battery capacity. 

 The predicted out-of-home charging activities are verified in comparison with the 

observed data regarding activity generation dimensions (frequency, start time and duration) by 

activity type. Figure 6.6 shows that the trend of frequency distribution between observed and 

predicted results is not much different. For both, it is shown that more than half of out-of-home 

charging occurs at work. The dynamic decision tree slightly underpredicts out-of-home charging 

during work and service activities, while there is a slight overprediction for other activities. As 

shown in Figure 6.7, the temporal distribution of charging start times shows, in general, similar 

patterns by activity type. However, it is observed there is a distinct difference for grocery 

shopping and other activities. We suppose that this discrepancy come from the scarcity of the 

observations, since only 11 cases of out-of-home charging were seen while grocery shopping. 

Figure 6.8 depicts box-plots of charging duration per activity type. The median values are 

displayed as the band inside the box, the mean values are represented by the triangle points, and 

the dots are the outliers defined as outside 1.5 times the interquartile range. In general, there is a 

similar trend for overall activity types with a few exceptions. 

 

Figure 6.6 Charging frequency distribution 
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Figure 6.7 Charging start time distribution 

 

Figure 6.8 Box plots of charging duration 
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6.5.3 Charging station location-allocation 

6.5.3.1 Model input parameters 

In this section, we introduce the inputs used to provide the parameter values for TSMIP. The 

TSMIP is applied to define the optimal location of public charging stations and the number of 

charging slots across the area of the city of Eindhoven, as shown in Figure 6.9. The study area 

includes 106 existing charging stations (K = 106) with 193 charging slots, and 391 candidate 

places (i.e., public parking lots) (U = 391) with 2,303 available charging slots (∑ 𝑆(𝑢)𝑢∈𝑈  = 2,303, 

max(𝑆(𝑢)) = 30) (Gemeente Eindhoven, 2019). It should be noted that candidate places are 

confined to the public parking space of Eindhoven. Forecasted charging demands are aggregated 

by TAZ level, which results in 308 demand points (V = 308). The total number of charging stations 

to be built, p, is set to be free (p = 391), but the number of charging slots will be constrained by 

budget B. The total available budget B is set to €250,000, and therefore the number of charging 

slots to be built is limited to 100. Sensitivity analysis on the effect of varying constraints is 

discussed in Section 6.5.3.4. 

For unitary access cost, 𝐶𝑎 , we consider the average hourly wage in 2016 in the 

Netherlands, which is 23.8 €/hour, and assume the average walking speed is 5 km/hour. Thus, 

the unit access cost is set to 0.079 €/vehicle-minute*km. Unitary penalty cost for unsatisfied 

demand, 𝐶𝑑, is set to a large enough value, 3 €/vehicle-minute, to prevent an infeasible solution 

caused by the capacitated TSMIP (Correia & da Gama, 2015). Two distance matrices, 𝑙𝑢𝑣 and 𝑙𝑘𝑣 , 

are derived by computing the shortest path distance using GIS. The data for the stochastic demand 

parameter, 𝑑𝑣𝑛(𝜔), is obtained from the combination of scenario 𝜔, demand point v, and leaf 

node n. The unit setup cost, 𝐶𝑓 , is set to €2,500 based on Level-2 charger slot cost (40A, 9.6 kW) 

(Smith & Castellano, 2015). Moreover, it is assumed there are no costs of converting public 

parking lots into charging stations. 

6.5.3.2 Generated scenarios 

As the leaf nodes of the decision tree are identified as shown in Table 6.2, possible scenarios for 

describing charging demand can be drawn. Given the decision tree of two choice alternatives (i.e., 

charging or not charging), according to the number of leaf nodes, 31 scenarios are considered. The 

scenarios with the same charging probability in the decision tree can be reduced into a single 

scenario, resulting in reduced 18 scenarios. For example, scenario 1 consists of multiple leaf nodes 

mostly governed by their first split (SOC=0), except Node 9, which constructs its own scenario 2. 

The occurrence probability of each scenario 𝜋𝜔 is derived from Equations (6.17) and (6.18), and 

is shown in Table 6.7.  
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Figure 6.9. Map of the city of Eindhoven 

Table 6.7 Scenario and scenario probability 

Scenario 
𝝎 

Leaf node, 𝒏 ∈ 𝑵 Parking 
demand 

Charging 
probability 

Expected 
charging 
demand 

Scenario 
probability, 𝝅𝝎 

𝜔1 
3,4,6,7,10,11, 

13,14,15,19,20 
295,276 1.000 295,276 0.5509 

𝜔2 9 14,958 0.982 14,689 0.0282 

𝜔3 17 944 0.964 910 0.0019 

𝜔4 25 11,328 0.010 113 0.0209 

𝜔5 26,32,37,45 38,522 0.000 0 0.0719 

𝜔6 27 12,278 0.012 147 0.0229 

𝜔7 28 14,608 0.043 628 0.0298 

𝜔8 29 19,504 0.006 117 0.0344 

𝜔9 33 17,238 0.133 2,293 0.0338 

𝜔10 36 334 0.022 7 0.0006 

𝜔11 38 466 0.019 9 0.0009 

𝜔12 40 19,218 0.021 404 0.0341 

𝜔13 41 13,334 0.010 133 0.0244 

𝜔14 42 11,836 0.121 1,432 0.0221 

𝜔15 44 9,086 0.075 681 0.0162 

𝜔16 47 26,520 0.066 1,750 0.0502 

𝜔17 49 13,808 0.105 1,450 0.0261 

𝜔18 50 16,742 0.091 1,524 0.0307 
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6.5.3.3 Location-allocation results 

Based on the inputs specified above, the number of charging slots and locations of charging 

stations are determined. Given that the number of scenarios is moderate, the proposed TSMIP 

with recourse is solved for its deterministic equivalent form using CPLEX MIP solver based on the 

branch-and-bound algorithm. The TSMIP is implemented using the AIMMS mathematical 

modeling-language (Bisschop, 2006), and is solved using CPLEX 12.8. All computational 

experiments were performed on a system with an Intel 3.40 GHz CPU, and 16GB RAM. All 

optimizations were performed with a 10-5 % MIP relative optimality tolerance which means the 

solver stops when the best solution is within 10-5 % of the global optimum. Other options were set 

to default values. The size of TSMIP is shown in Table 6.8. 

As shown in Figure 6.10, the optimal location of charging stations and the corresponding 

number of charging slots are found. In this case study, we consider the budget of €250,000 which 

is equivalent to the cost of installing 100 charging slots. The results show that all charging slots 

were built and distributed among 58 candidate places, minimizing both the access cost and 

unsatisfied charging demand. The number of built charging slots varies from 1 to 8 for each chosen 

location. 

The performance of the SP algorithm is examined using the measures introduced in 

Section 6.4.3. WS, RP, EVPI, EEV and VSS values are calculated based on Equations (6.19) - (6.24). 

Table 6.9 shows the results. Based on the results for RP and WS, the EVPI was calculated to be 

€4,775, which reflects the cost due to the presence of uncertainty. The value of VSS indicates that 

the use of the stochastic approach is beneficial as the cost of ignoring uncertainty is €8,347. These 

results highlight the importance of considering uncertainty in the location-allocation problem 

using the dynamic decision tree. Moreover, the results are valid in that they satisfy all bounds and 

basic inequalities provided in Equation (6.25). 

Table 6.8 Property of the TSMIP 

CPU time (sec) 28,407 

Number of binary variables 2,694 

Number of continuous variables 2,683,130 

Number of constraints 17,224 

Table 6.9 The result of stochastic measures (B=200*€2,500) 

Measure Value 

WS (€) 749,542 

RP (€) 754,317 

EEV (€) 762,664 

EVPI (€) 4,775 

VSS (€) 8,347 
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Figure 6.10 Expected charging demand and optimal charging station locations (B= 

100*€2,500) 

6.5.3.4 Sensitivity analysis 

This section highlights the impact of the budget for the number of charging slots to be built on the 

outcomes of the TSMIP. By tuning the value of parameter B in Equation (6.8) in the first-stage, the 

number of charging slots was varied from 0 up to 300. Figure 6.11 shows the cost component of 

each solution for the varying budgets. The first column represents the status quo deterministic 

solution without installing any charging slots, and in this case the access cost indicates the cost 

incurred between demand points and the existing charging stations. As the budget increases, as 

expected, total access costs increase because more charging stations are built and used, but it 

eventually saturates around €100M and 200 charging slots. This result may help practitioners 

and policy makers in better allocating resources to optimize system performance with a limited 

budget. Table 6.10 shows the results of the stochastic measures. A notable result of the experiment 

is that, in general, VSS decreases as the budget increases, which implies that the stochastic 

approach is more useful when a decision-maker has a limited budget. Similar findings has been 

reported in other studies (Alfieri et al., 2012; Pantuso et al., 2016).  
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Figure 6.11 Cost component by varying budget constraints 

Table 6.10 EVPI and VSS by budget constraints 

B (*€2,500) WS (€) RP (€) EEV (€) EVPI (€) VSS (€) VSS 
(% of EEV) 

100 749,542 754,317 762,664 4,775 8,347 1.09 

200 718,712 719,623 721,243 911 1,620 0.23 

300 718,712 719,623 721,243 911 1,620 0.23 

6.6 Conclusions 

This chapter proposed a TSMIP to solve the PEV charging station location problem in urban areas 

under uncertain charging demand. A CHAID-based dynamic decision tree is used to predict 

stochastic charging demand represented by a set of probabilistic action states in each leaf node of 

the decision tree. Multiday activity-travel diary data of PEV users are used to impute the decision 

tree. A novel scenario-generation method that combining the dynamic decision tree and a scenario 

tree is developed, which results in statistically well-defined and tractable models with a 

manageable number of scenarios. Given that the dynamic decision tree is capturing the 

unobserved heterogeneity among PEV users, the proposed TSMIP uses a scenario tree 

constructed from the leaf nodes of the estimated dynamic decision tree. Furthermore, the TSMIP 

is a capacitated problem since the facilities that would be built have an upper and a lower bound 

of capacity. Moreover, it also considers the capacity of existing facilities. 
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 The study contributes in a variety of ways to the state of the art in location-allocation 

modeling of PEV charging stations. First, it replaces simple behavioral principles, such as distance 

minimizing behavior, with a full-fledged and state of the art behavioral model of activity-

scheduling behavior. Second, it replaces often used proxy data with a dedicated data set on 

charging behavior. Third, it is the first study of its kind that uses multi-day activity diary data of 

PEV users and it is also the first that uses newly developed dynamic decision trees. Fourth, a novel 

scenario generation method is suggested for the SP approach to account for model uncertainty. 

The proposed approach is demonstrated for the city of Eindhoven, The Netherlands. 

Optimal locations of the charging stations and their sizes (i.e., number of charging slots) are 

determined. Results show that the value of using TSMIP is significant compared to the 

deterministic counterpart. Sensitivity analysis on the effect of different budgets provides 

insightful information on the use of a limited resources to PEV charging station location-allocation 

problem. The result may help practitioners and policy makers in better allocating resources to 

optimize system performance. It is found that the benefits of using a stochastic approach are 

greater for a location-allocation problem with limited resources. For further analysis, it is 

recommended to explore the performance of the TSMIP for a larger urban network. 

The study is not without its limitations. First, it focuses only on the planning of public 

slow (Level-2) charging stations in a city. However, as the technology matures, the availability of 

public fast charging stations will be increasing not only along major highways but also in urban 

areas, which will bring substantial changes to PEV users’ charging behavior. Second, a critical 

assumption of the suggested approach is that charging is considered once the activity-travel 

scheduling decision has been made. We did examine a new decision tree predicting the location 

choice of an activity which included as a condition state whether or not charging infrastructure 

was available at that location, but it turned out not to be significant. The assumption does imply, 

however, that the activity-scheduling behavior, including charging, is invariant of the 

configuration of charging locations. Relaxing this assumption would made the problem 

exponentially more difficult to solve in the sense that it would require much more computing 

times. 
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7.1 Summary 

The electrification of transport has been considered as a promising solution for the transition 

towards a low-carbon and resilient future. Several governments across the world have launched 

marketing campaigns and offered tax cuts to encourage people buying plug-in electric vehicles 

(PEV). Although the absolute market size of electric vehicles is still insignificant and consumer 

purchasing behavior seems to stagnate until further improvement in technology and competitive 

prices have become a reality, the market penetration of PEV raises issues about the availability of 

public charging infrastructure and its performance. At the early stage of adoption, public charging 

infrastructure represents a key success factor in the promotion of PEV. The initial network of 

charging stations should be located based on a deep understanding of how current PEV users use 

the infrastructure. However, due to the data availability, there is only limited literature on 

revealed preferences of charging behavior. 

The aim of the thesis is to reduce the gap in our understanding of charging behavior, and 

to develop an integrated decision support framework for the public charging station location-

allocation problem in urban areas. Its novelty concerns the dynamic charging behavior of PEV 

users observed from multi-day activity-travel diaries. The present thesis argues that charging 

demand is not a direct indicator of PEV’s state-of-charge (SOC), but rather a result of complex 

decision-making processes (the decision of when and where to charge), with a degree of 

uncertainty, constrained by the PEV user’s activity schedule, the vehicle characteristic, and the 

layout of charging network. Such complex charging decisions must be understood in a dynamic 

setting. Understanding the contextual variation in charging behavior can provide an informed 

basis for decision making in the public policy arena and reveal ways to locate public charging 

stations more effectively.  

Aiming at broadening our understanding of charging behavior of PEV users, using four-

year longitudinal charging transactions data, a hazard-based duration model of inter-charging 

times was developed to examine temporal patterns of charging activity at public charging 

stations. The empirical results enable segmenting PEV users into two groups with different 

charging regularity (i.e., ad-hoc charging group vs routinized charging group). Moreover, it is 

found that significant differences exist between the two groups in terms of charging 

characteristics, such as charging interval, charging duration, loyalty to charging station and total 

number of charging episodes. Given the estimated parameters of the model, weather conditions 

appear to have a direct impact on charging decisions at public charging stations. The study results 

provide valuable insights into understanding the personal characteristics of frequent users, the 
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frequency and amount of charging at public charging stations, and which strategies could be 

successful to improve the performance of public charging infrastructure. 

Previous studies highlight the contextual variation in terms of temporal regularity in 

refueling/charging behavior. As such, the conceptual framework presented in this chapter 

postulates that charging decision process is implicated in the formation of multi-day activity-

travel patterns. An integrated framework for optimal planning of public charging stations for 

PEVs is presented, which consists of two main components: i) an out-of-home charging demand 

model based on an activity-based travel demand model, and ii) a public charging station location-

allocation model under a scenario-based stochastic programming (SP) approach. For the second 

component, the joint analysis of PEV charging demand estimation and SP approach enables more 

robust decisions for charging station location-allocation. 

To this end, the smartphone-based survey to collect multi-day (multi-week) activity-

travel diary data of PEV users is described. The data collected by the survey are required to 

estimate charging demand. This survey adopts useful features to reduce respondent’s burden, 

such as an automated trip detection and transportation mode/travel purpose imputation 

algorithms. Wrong detections and imputations are meant to be corrected by respondents. 

Context-aware notifications are designed to remind respondents to review and modify the 

generated activity-travel diary, and to examine the data on respondents’ charging behavior.  

Given that the data on multi-day activity-travel diary data have repeated charging 

choices for the same individual, an estimation algorithm of the dynamic decision tree that 

simultaneously accounts for population-level effects (fixed effects), between-individual variances 

(random effects), and within-individual variances (autocorrelations) is developed. The approach 

uses an iterative estimation procedure between CHAID-based probabilistic tree induction and 

Bayesian generalized linear mixed model (GLMM). Empirical results from the estimation of the 

dynamic decision tree provide valuable information describing charging station choice behavior 

of PEV user. Moreover, a markedly improved model fit over standard CHAID and the predictive 

accuracy suggests improved model parsimony and interpretability. 

 Finally, a two-stage stochastic mixed-integer programming (TSMIP) model is employed, 

which determines the optimal number and location of public charging stations in urban networks. 

Out-of-home charging demand is estimated with a fully operational activity-based travel demand 

model system, named Albatross. The original approach based on cross-sectional data is replaced 

with a CHAID-based decision tree that accounts for the longitudinal structure of multi-day activity 

diary data to account for dynamic aspects of charging behavior. However, the use of the dynamic 



Chapter 7 

134 

decision tree in a micro-simulation context may cause an immediate problem because of the 

probabilistic decision rules. The optimal solution for a deterministic model may be suboptimal in 

the presence of the uncertainty stemming from stochastic error. The stochastic nature of the 

model is accommodated with the introduction of the SP approach. To describe the model 

uncertainty underlying the probabilistic decision rules, scenarios are constructed based on leaf 

nodes of the dynamic decision tree. A novel scenario-generation method combining the dynamic 

decision tree and a scenario tree is developed, which results in statistically well-defined and 

tractable models with a manageable number of scenarios. The proposed approach is 

demonstrated for the city of Eindhoven, the Netherlands. Results show that the value of using 

TSMIP is significant compared to the deterministic counterpart. It is found that the benefits of 

using a stochastic approach are greater for a location-allocation problem with limited resources. 

Moreover, sensitivity analysis on the effect of different levels of available budget provides 

insightful information on the use of a limited resources to PEV charging station location-

allocation problem. The results help practitioners and policy makers in better allocating 

resources to optimize system performance.  

7.2 Thesis contributions 

The added value of the undertaken research can be summarized in the following: 

• The development of a latent segmentation scheme for hazard-based duration modeling 

to allow for the effect of time-varying covariates; 

• The periodicity analysis in charging transactions data, which enables segmenting PEV 

users into two broad groups according to charging regularity (i.e., random and regular); 

• The development of a dynamic decision tree for longitudinal data that have a hierarchical 

structure with repeated measurements nested within individuals; 

• The first estimate for out-of-home charging behavior (revealed preference) based on the 

observations from real PEV users’ activity-travel patterns; 

• The development of an integrated framework for optimal planning of public charging 

stations for PEVs in urban areas, which replaces simple behavioral principles in facility 

location problem, such as distance minimizing behavior, with a full-fledged and state of 

the art behavioral activity based travel demand model; 

• The development of a novel scenario-generation method to address the model 

uncertainty stemming from stochastic error in the microsimulation of activity travel 

scheduling generation. 
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This thesis contributes to the formulation and the application of dynamic decision tree 

for multi-day/multi-week activity diary data. In particular, one of the remaining issues for the 

next generation of activity-based model of travel demand is to extend its ability of multi-day 

forecasting taking into account behavioral dynamics in activity generation and scheduling rather 

than using a predefined priority list to prioritize each activity type. As a driving force, the 

suggested approach to derive decision rules from longitudinal multi-day activity-travel diary data 

will be highly relevant for developing next-generation activity-based travel demand models. 

7.3 Limitations and future work 

This thesis is not without its limitations. Most relate to the data and the assumptions made for 

the charging station location-allocation problem. Regarding the data, the small target population 

at the time of the survey could be of concern. Although the recruitment of the survey participants 

was accomplished for a large number of PEV users, from a population of ElaadNL members 

(1,351) and VER (3,000+), the survey was administered among 100 PEV users which resulted in 

76 after data cleaning. Second, the duration of charging activities that were concurrent with other 

activities is assumed to be equal to car parking duration. That is to say, it is assumed that the 

respondents do not plug-off their PEV while it is parked. This may yield inconsistent results when 

it comes to simulating electricity demand for PEV charging. However, from the perspective of 

facility location problem, it is rationalized that demand is represented by occupation of the facility 

(i.e., parking at the charging station). Third, it may be more appropriate to collect activity-travel 

diaries of not only PEV users’ but also other members of his/ her household. This would enable 

us to consider the effect of interaction among household members on individual activity behavior. 

Fourth, although the respondents were asked to confirm the generated activity-travel diary on a 

daily basis, only 44.3% of trips were approved. However, this is not discouraging due to the fact 

that the respondents tend to edit or approve only for the incorrectly identified trips. Moreover, 

the remaining 47.3% of trips showed good quality in terms of the detection and imputation. 

With respect to the charging station location problem, the first limitation is that only the 

planning of public slow (Level-2) charging stations is considered in the proposed framework. As 

the technology progresses, the availability of public fast charging stations would be increased not 

only by major highways but also in urban areas, which will bring substantial changes to PEV 

users’ charging behavior. The second limitation is the representation of the temporal dimension 

in the model. Despite the estimated charging demand has a fine temporal resolution (in minutes), 

the time interval for the location-allocation model is set to a day. By slicing the day in several time 

intervals, the model can consider the charging demand peak throughout the day. Third, the 

proposed framework neglects the effect of future vehicle-to-grid (V2G) operation which allows 
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PEVs to interact and share electric power resources with the city power grid. Fourth, any queuing 

delays at charging stations are neglected in the developed model. With limited charging 

infrastructure, the model can be further expanded by explicitly incorporating queuing-delay 

behavior. Finally, a critical assumption of the suggested approach is that charging is considered 

once the activity-travel scheduling decision has been made. We did examine a new decision tree 

predicting the location choice of an activity which included as a condition state whether or not 

charging infrastructure was available at that location, but it turned out not to be significant. The 

assumption does imply, however, that activity-scheduling behavior, including charging, is 

invariant of the configuration of charging locations. Relaxing this assumption would make the 

problem exponentially more difficult to solve in the sense that it would require much more 

computing time. Recently, in designing a charging station network, researchers start to 

investigate both household/individual preferences from the demand side and network dynamics 

from the supply side. Accommodating PEV users’ response behavior (i.e., location/activity/travel 

choices) toward different charging station network design in a simultaneous modeling 

framework would result in more robust decision-making tools. 
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Appendix A: Survey recruitment letter 

 

 

EV Gebruikersmobiliteit Enque te 

 
Het steeds verder toenemende bezit van auto’s heeft desastreuze gevolgen voor het milieu. Voorbeelden 
hiervan zijn uitstoot van broeikasgassen en een opwarmende aarde. Voertuigen die op verbrandingsmotoren 

draaien zijn voor een groot deel verantwoordelijk voor deze effecten. Door conventionele auto’s te vervangen 
met meer milieuvriendelijkere vervoersmiddelen, zoals elektrische voertuigen, kunnen deze destructieve 

gevolgen op het milieu verminderd worden. 

 
Ee n van de meest genoemde nadelen door potentie le gebruikers van elektrische voertuigen is de slechte 

bereikbaarheid van elektrische laadpunten. Het doel van het huidige onderzoek is dan ook om een holistisch 
raamwerk op te zetten om de optimale locatie voor laadpunten te bepalen met de beste bereikbaarheid. 

Hierbij worden zowel de dagelijkse activiteiten van gebruikers, als het optimaal benutten van het 
elektriciteitsnetwerk in acht genomen. 

 
Middels dit document willen wij u vragen om deel te nemen aan onze mobiliteitsenque te. Hiermee willen we 

gedurende 4 weken uw reisdagboek verzamelen. De enque te wordt volledig afgenomen via onze smartphone 
app Sesamo (zie details op de onderstaande link). 
 
Uiteraard zullen de antwoorden door de onderzoekers met niemand worden gedeeld. Bij presentaties en in 
wetenschappelijke publicaties zullen alleen gegevens worden gepresenteerd die niet op individuele personen 

zijn terug te voeren. 
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Met Sesamo verschijnt uw reisdagboek automatisch na iedere trip op uw smartphone. Dit gebeurt via GPS. Op 

die manier bent u er zelf zo weinig mogelijk tijd aan kwijt. 
Het enige wat u hoeft te doen, kan als volgt worden samengevat: 

1. Download de Sesamo app en open deze. 
2. Registreer uw voertuig(en) 
3. Check en bevestig het opgenomen reisdagboek. 
4. Beantwoord dagelijks 3-5 meerkeuzevragen over uw oplaadactiviteiten. 

Wij zijn ervan overtuigd dat uw bijdrage de wereld meer EV-vriendelijk kan maken en ons kan helpen beter 

inzicht te krijgen in het plaatsen van laadinfrastructuur in de toekomst. Daarnaast hebben wij, als dank voor 
uw waardevolle steun, een prijs ingesteld ter waarde van 2000 Euro (voor wie de app ten minste 3 weken 

gebruikt). De kans dat u wint neemt toe naarmate u meer dagen aan de enque te meedoet. 
 
Indien gewenst zullen wij u met alle plezier een e-mail sturen met login geloofsbrieven en instructies voor 

deelname. Om u te abonneren kunt u hier klikken . (100% veilig en geen spam) 

 
Contact met ons opnemen? 

 
Seheon Kim 
PhD candidate, 

Urban Planning Group, 
Department of the Built Environment 

TU/e Eindhoven University of Technology 
Vertigo V8.B08, PO Box 513, 5600 MB  Eindhoven, 
The Netherlands 
E-mail: s.kim@tue.nl 
Telefoon (Engelstalig): 06-1882-6953 

 

http://tue.us13.list-manage.com/subscribe?u=7eba3024c68dc883d1135ca4e&id=4e7dd3180c
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Abonneer u en download Sesamo 
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Appendix B: Trip data description 

Table B.1 Trip data description 

Item Description 

id  Unique trip ID 

readingId  Reading ID, please ignore 

userId  Unique user ID 

groupId  Trips with the same group ID constitute a multimodal trip 

startTime  Trip start in seconds since epoch 

startTime_formatted  Trip start 

startTime_hour  Start hour 

startTime_day  Start day 

startTime_weekday  Start week day 

startTime_week  Start week 

startTime_month  Start month 

startTime_year  Start year 

endTime_hour  End hour 

duration  Trip duration in seconds 

timezone  Trip timezone in seconds 

quality  Trip quality, Missing indicates an inserted trip 

lastAnalyzed  Last analyzed timestamp 

tripType  Trips are EnRoute, stays are Static and have no locations apart 
from the origin place 

averageSpeed  Average speed 

totalDistance  Total trip distance 

totalInfraSegmentDistance  Total map matched distance 

tripModality  Trip modality, in local language, possibly corrected by the 
traveller tripModalityInt  Trip modality as integer 

tripModalityAutomatic  Trip modality, in local language, as recognized by the system 

tripModalityAutomaticInt  Automatic trip modality as integer 

tripModalityLevel  Source of the modality, manual or override indicate changes by 
user userRole  User role during trip, in local language 

userRoleInt  User role as integer 

tripMainObjective  Objective of this trip, in local language 

tripMainObjectiveInt  Objective as integer 

totalCost  Total travelling cost, estimate 

totalCalories  Total calories spend during trip, estimate 

emissionType  Emitted particle 

amount  Emitted amount in grams 

weather.temperature  Weather temperature in degrees Celsius 

weather.rain  Amount of rain in mm 

weather.condition  Weather condition 

weather.windDirection  Wind direction 

weather.windSpeed  Wind speed 

origin.id  Unique ID of origin place 

origin.latitude  Latitude in WGS84 

origin.longitude  Longitude in WGS84 

origin.accuracy  Accuracy in meters 
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Item Description 

origin.name  Place name of origin 

origin.type  Place type 

origin.postalcode  Postal code 

origin.postalcode4  PC4 

origin.postalcode2  PC2 

origin.city  City 

origin.stayDuration  Total stay duration in origin 

origin.stayPercentage  Total stay percentage in origin 

origin.numberOfVisits  Number of visits to this place 

origin.region  Province or region 

origin.country  Country 

origin.containedBy  OSM contour containing this place 

origin.level  How this place was created 

destination.id  Unique ID of destination place 

destination.latitude  Latitude in WGS84 

destination.longitude  Longitude in WGS84 

destination.accuracy  Accuracy in meters 

destination.name  Place name of destination 

destination.type  Place type 

destination.postalcode  Postal code 

destination.postalcode4  PC4 

destination.postalcode2  PC2 

destination.city  City 

destination.stayDuration  Total stay duration in destination 

destination.stayPercentage  Total stay percentage in destination 

destination.numberOfVisit
s 

 Number of visits to this place 

destination.region  Province or region 

destination.country  Country 

destination.containedBy  OSM contour containing this place 

destination.level  How this place was created 

homeDistance  Distance to home 

lastHomeTime  How long ago the user was home, in seconds 

lastHomeSince  Last home time 

regular  Routine trip or exceptional 

regularTripId  If routine, the regular trip ID 

chain  Is trip part of a closed home-home chain 

chainId  If chain, the ID of the last trip in the chain 

#passengers  Number of passengers 

#tags  Number of tags 

#osmWays  Number of OSM ways 

#mappedLocations  Number of OSM nodes 

#routes  Number of associated routes 

busRoute  Name of associated bus route, if any 

favoriteRoute  Best route matching trip modality 

favoriteRouteOperator  Operator of the favorite route 

favoriteRouteReference  Line number of the favorite route 

modalityCorrect  Is modality recognized correctly 

appVersion  Version of the sensing app 
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Item Description 

deviceName  Device name 

domainGroup  Domain group 

domainName  Domain name 

libVersion  Sensing library version 

os  Operating system 

osVersion  Operating system version 

platformVersion  Analysis platform version 

daysSinceFirstTrip  Number of days since the last trip in the export 

vehicleBrandName  Vehicle brand 

vehicleName  Vehicle name, possible corrected by the user 

vehicleType  Vehicle type, might be truck or ski 

vehicleIdentificationCode  License plate, if any 

fuelType  Fuel type 

hausdorffDistance  Topological distance between sensing and map matching 

mapmatcherCost  Areal distance between sensing and map matching 

mapmatcherSource  Component used for map matching 

mapmatcherQuality  Areal distance related to accuracy of and gaps in sensing 

routeSource  Is map matching accepted 

modalityConfidence  Confidence of the automatic modality detection 

favoriteConfidence  Confidence of the favorite domain modality 

averageAccuracy  Average sensing accuracy 

averageMapMatcherCost  Orthogonal distance between sessing and map matching 

durationAsRegular  Duration of the regular trip 

durationByCar  Duration of the car alternative 

durationByPublicTranspor
t 

 Duration of the public transport alternative 

durationByBike  Duration of the bike alternative 

durationAsRealized  Duration of the realized trip 

motorwayPercentage  Percentage of distance assigned to motorway 

cyclewayPercentage  Percentage of distance assigned to cycleway 

railwayPercentage  Percentage of distance assigned to railway 

waterwayPercentage  Percentage of distance assigned to waterway 

aerialwayPercentage  Percentage of distance assigned to aerialway 

bridge  Number of OSM nodes assigned to a bridge 

tunnel  Number of OSM nodes assigned to a tunnel 

trafficSignals  Number of OSM nodes assigned to a traffic signal 

crossing  Number of OSM nodes assigned to a crossing 

roundabout  Number of OSM nodes assigned to a roundabout 

parking  Number of OSM nodes assigned to a parking 

stop  Number of OSM nodes assigned to a station or public transport 
stop hub  Number of OSM nodes used as hub 
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Table B.2 Locations 

Item Description 

userId   User ID 

tripId  Trip ID 

wayId  OSM way ID 

nodeId  OSM node ID 

latitude  Latitude 

longitude  Longitude 

nodeType  Node type 

highway  Road classification 

railway  Rail road classification 

waterway  Water way classification 

aerialway  Aerial way classification 

time  Location time 

hour  Location hour 

weekday  Location week day 

duration  Location duration 

speed  Location speed 

distance  Location distance 

deviation  Location accuracy 

quality  Location quality 

modality  Location modality from accelerometer 

relation  OSM relation ID 

altitude  Altitude in m 

estimatedTime  Time estimate in decimal seconds 

 

Table B.3 Triggers 

Item Description 

userid  The user ID 

date  The day of the trigger 

time  The time of the trigger 

type  Trigger type 

id  The trigger ID 

status  The trigger status, e.g. Triggered, Answered, Read 

response  The awarded points or the provided answer 

response type  The award type or the notification type 

name, subject or text  The incentive name, or the message subject, or the question or 

answer text tripid  The associated trip ID, if any 

regulartripid  The associated regular trip ID, if any 
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Appendix C: Trip data summary 

Table C.1 Trip modal split 

Modality Count Distance (km) Distance/Count (km) Percentage 

Bike 2188 7665 3.5 2.0% 

Boat 19 82 4.3 0.0% 

Bus 199 1212 6.1 0.3% 

Car 13579 327260 24.1 86.1% 

Ferry 6 12 2.0 0.0% 

Foot 3288 8195 2.5 2.2% 

Lightrail 2 5.5 2.8 0.0% 

Metro 26 105 4.0 0.0% 

Other 185 2229 12.0 0.6% 

Plane 4 6118 1529.5 1.6% 

Taxi 26 2873 110.5 0.8% 

Train 200 8074 40.4 2.1% 

Tram 49 283 5.8 0.1% 

Unknown 121 16545.1 136.7 4.2% 

Table C.2 Way types with counts and distances 

Way type Classification Count Distance (km) 

aerialway cable_car 7 5.5 

aerialway chair_lift 738 184 

aerialway construction 5 5.5 

aerialway drag_lift 4 0 

aerialway gondola 813 157 

aerialway hub 14 0 

aerialway j-bar 4 0.2 

aerialway magic_carpet 2 0.2 

aerialway platter 2 0.1 

aerialway preserved 22 4.1 

aerialway runway 6 4.5 

aerialway station 42 5.3 

aerialway taxiway 288 19 

aerialway t-bar 16 1.3 

aerialway yes 1 0 

highway area 106 5.2 

highway bicycle 17 0.4 

highway bridge 12 0.6 

highway bridleway 674 37 

highway building 43 0.4 

highway bus_stop 3 0.1 

highway construction 2098 183 

highway crossing 14 0.4 

highway cycleway 124953 4371 

highway elevator 2 0 
highway footway 30456 743 

highway hiking 51 0.9 
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Way type Classification Count Distance (km) 

highway junction 8 0.1 

highway land 31 0.7 

highway living_street 4712 157 

highway motorway 1052891 170442 

highway motorway_link 306223 15971 

highway mtb 192 17 

highway nature 171 6.3 

highway path 19452 584 

highway pedestrian 15720 392 

highway piste 1800 82 

highway platform 33 1.1 

highway primary 565915 35961 

highway primary_link 14754 496 
highway priority 1 0.1 

highway proposed 496 17 

highway razed 11 0.7 

highway residential 157032 6216 

highway rest_area 37 4.4 

highway road 203 21 

highway secondary 598952 28414 

highway secondary_link 4343 87 

highway service 50656 1732 

highway services 546 38 

highway sport 17 0.6 

highway steps 961 16 

highway tertiary 460565 21640 

highway tertiary_link 907 16 

highway track 25133 1010 

highway traffic_signals 71 4.5 

highway trunk 125912 14015 

highway trunk_link 26074 962 

highway turning_circle 7 0 

highway unclassified 263531 12194 

highway unknown 13 1.2 

highway virtual 1 0.1 

highway walking 11 0.4 

railway abandoned 602 55 

railway construction 13 0.1 

railway crossing 970 11 

railway disused 10 0.6 

railway hub 2 0.1 

railway level_crossing 4158 121 

railway light_rail 738 35 

railway platform 38 1.4 

railway proposed 1 0.1 

railway rail 64814 5243 

railway razed 223 20 

railway station 65 0.4 
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Way type Classification Count Distance (km) 

railway subway 1900 106 

railway subway_entrance 16 0.1 

railway tram 7143 216 

railway tram_stop 20 0.4 

unknown  - 264693 58573 

waterway canal 12 1.9 

waterway dam 33 0.6 

waterway ferry 221 32 

waterway stream 433 12 
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