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Abstract 

The paper reports progress in the development of an agent-based model of cognitive learning, which simulates spatial perception 
updating in connection with daily travel behavior based on the principle of Bayesian perception updating. This model is 
embedded in a multi agent-based model of activity-travel scheduling and choice behavior. The aim of this paper is to empirically 
estimate the proposed model using data on individuals’ landmark recognition in a field survey. The main findings of the study 
show that the model fits the data satisfactorily and results are reasonable. The comparison between the proposed Bayesian model 
and a more basic binary logit model shows that the model improves when prior probabilities are taken into account, which 
provides evidence for the proposed Bayesian model. 
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1. Introduction 

The implementation of activities in space and time is an important issue in analyzing and modeling activity-travel 
patterns. The urban planning and transportation research communities have been developing and applying choice 
models to predict activity-travel patterns over the last decades. Theoretical developments and applications of 
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activity-based models are the prominent outcomes of this research interest. Current models of activity-travel 
demand, including ALBATROSS (Arentze & Timmermans, 2004), Bowman and Ben-Akiva model (Bowman & 
Ben-Akiva, 2001), MATSim (Balmer, Meister, Rieser, Nagel, & Axhausen, 2008), TASHA (Roorda, Miller, & 
Habib, 2008), CEMDAP (Bhat, Guo, Srinivasan, & Sivakumar, 2004), FAMOS (Pendyala, Kitamura, Kikuchi, 
Yamamoto, & Fujii, 2005), Aurora (Joh, Arentze, & Timmermans, 2006), and the ADAPTS model (Auld & 
Mohammadian, 2011) have been developed to predict activity-travel patterns. 

The shortcomings of existing activity-based models of travel demand have led to the need of developing dynamic 
activity-travel models (Timmermans et al., 2010). Considering that existing models do not pay enough attention to 
spatial cognition and that research on modeling cognitive learning of urban networks is still limited, this situation 
presents an opportunity for exploring the dynamics of spatial relations of an environment with its habitants and 
developing applications of such models. Arentze and Timmermans (2005) developed a model that is derived from 
existing Bayesian theories of belief updating, and following their study, a modeling approach to simulate spatial 
perception updating based on individual observations in the built environment is proposed and illustrated in Cenani, 
Arentze, and Timmermans (2012; 2013). A specific contribution of this study is the inclusion of an important aspect, 
landmarks, in the observation-sensitivity function. 

The aim of this paper is to empirically estimate the model proposed in an earlier work (Cenani et al., 2012; 2013) 
including the parameters of the sensitivity function, using data about individuals’ recognition of landmarks in an in-
field experiment conducted by Wielens, Cenani, Kemperman and Borgers (2011). To estimate the model, the 
recognition data from the experiment is augmented by data about individuals’ judgments of saliency of landmarks 
collected specifically for this study. 

The remainder of this paper is structured as follows: The following section gives information on the experiment, 
and then the next section describes a complementary survey in connection with the experiment. This is followed by a 
section about the estimation method and then the results. Finally, the last section draws conclusions with a 
discussion of the main findings. 

2. Experiment

The experiment is conducted in the context of the study by Wielens et al. (2011). The goal of their study is to 
measure the effect of different navigation aids on spatial knowledge acquisition while walking through an unfamiliar 
environment. To that effect, several cognitive tasks are implemented. Landmark, route and survey knowledge are 
measured via these tasks. The task explained in this paper is one of the landmark recollection tasks. Recollection 
data alone does not suffice for estimation of the proposed Bayesian perception updating model. The Bayesian model 
to be estimated is about perception updating after an observation. This means that, in addition, data about initial 
probabilities (beliefs before an observation) are needed. Thus, two data sources are combined. In order to use the 
data about recognition to estimate a model of perception updating, it is assumed that the extent to which an 
individual recognizes a landmark after walking the route gives a scale about the individual’s belief of the presence 
of that landmark (after an observation). Then in the complementary survey, a new scale is used to measure the 
saliency of a landmark before an observation. 

The experiment took place between November 2010 and January 2011 in Eindhoven, the Netherlands. Two 
circular routes were chosen in Eindhoven, the Netherlands. Both routes consisted of the same number of turns (10 
turns), the same length (1.6 km) and the same land-use type (mostly residential buildings along with commercial 
buildings). Each participant walked one of the two predetermined routes, either with a paper map or an electronic 
navigation device, during daytime. 

The experiment consisted of two parts: the route finding task (in-field) and cognitive tasks. After the completion 
of the route finding task, participants came to the university, where cognitive tasks (e.g., giving written wayfinding 
directions, drawing a sketch map of the experiment location, recollecting landmarks, etc.) took place. All 
participants did the tasks individually. Prior to scheduling of the experiment, all participants were asked a series of 
screening questions to ensure minimal experience with the experiment locations. Therefore, participants did not 
have prior knowledge about the experiment locations as well as the tasks they performed. 

 Author name / Transportation Research Procedia 00 (2016) 000–000 3 

2.1. Participants 

Sixty undergraduate students (40 men and 20 women) from the Department of the Built Environment, Eindhoven 
University of Technology volunteered for the experiment and received partial course credit for their participation. 
The mean age of participants was 21.1 years (SD = 3.99). Thirty participants (20 men and 10 women) were 
randomly allocated to each experiment location. Then, these 30 participants were divided into two groups. One of 
the groups navigated through the environment with an electronic navigation device and the other group performed 
the same task with a paper map. 

2.2. Materials and method 

NAVIGON 2510 Explorer was given to the electronic navigation device group. The route was uploaded 
beforehand and in order to limit the visibility of the experiment location, map display on the screen was fixed in 
advance. During the experiment, all features of the device except for the street names and the North-arrow were 
turned off. A printed version of an online map was given to the other experiment group. The route, the North-arrow 
and the street names were indicated on this map. However, the rest of the information, such as landmarks, was 
deleted. 

After the route finding task, participants were given an envelope with 24 randomly numbered and placed cards at 
the university. These cards included photographs of landmarks that were taken from the experiment locations. 
Participants were asked if they recollected these landmarks. Furthermore, they were asked to indicate how sure they 
were about their choices on a scale ranging from 1 (very unsure) to 5 (very sure).  

 

 

Figure 1. Route-A (left) and Route-B (right) 

Figure 1 shows the locations of the landmarks on both routes as well as the walking direction. The landmark 
types used in the experiment are en-route landmarks (ERL), off-route landmarks (ORL), decision-point landmarks 
(DPL) and street façades (Cenani & Timmermans, 2011). 

3. Survey 

This section describes a complementary survey with regard to the previously explained experiment. It is 
conducted in October 2012 in Eindhoven, the Netherlands. The goal of this complementary survey is to collect 
additional data needed to calculate the initial probabilities (beliefs before an observation) and the real-world 
measurements concerning the landmarks for the sensitivity function. Then, the data gathered from both studies are 
used in the estimation, which will be explained in Section 4.  

The complementary study consists of two parts: data about the saliency of a landmark, and data about the 
attributes of the landmarks involved. Data about the saliency of a landmark is collected via a survey, and will be 
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explained in this section. Data about the attributes of landmarks are collected through the real-world measurements 
of attributes of vision (e.g., distance, direction or blockage) as the second part of the study. Further details about 
these measurements will be explained later. 

3.1. Participants 

A group of colleagues from Eindhoven University of Technology and acquaintances (in total 30 people) were 
sent an invitation to the survey via email, and 20 of them (10 men and 10 women) accepted the invitation. All 
participants except one were unfamiliar with the experiment locations. Only one participant indicated that she was 
slightly familiar with two landmarks from Route-A. Since she was slightly familiar with only two landmarks from 
one of the experiment locations, her responses were not removed. 

3.2. Materials and method 

The participants were given the maps of the experiment routes (Route-A and Route-B) indicating the locations of 
the landmarks, and the landmark cards used in the experiment. Participants stated their opinions about the saliency 
of the landmark on the card, by specifying how strongly they agreed with the given statement (i.e., this landmark is 
salient) on a scale ranging from 1 (strongly disagree) to 5 (strongly agree). 

3.2.1. Visibility 
We assumed that the sensitivity of an observation is a function of a series of factors (Cenani et al., 2013): 
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where jk is some attribute k of link j, Ajk is the amount of attention the observer pays to attribute k, and Vjk is the 
visibility of the object (e.g., activity location, landmark) from the current position of the observer on link j. Djk is the 
shortest (straight-line) distance between the position of the observer and the observed object on link j, Ej is a binary 
variable indicates if it is a decision point on link j, cjk is the measure of saliency of a landmark on link j, Rjk is the 
direction of the object on link j, Bjk is blockage (i.e., obstacles) between the observer and the observed object on link 
j, γ0 and σ0 are constants. As Equation (1) indicates, sensitivity of an observation depends on visibility and attention. 
Visibility of a landmark has three attributes; distance (D), direction (R) and blockage (B). Following sections will 
further explain these attributes. 

3.2.1.1. Distance 
In order to calculate the sensitivity of an observation, the shortest (straight-line) distance between the observer and 
the observed object (landmark) on each link is measured. Table 1 shows the real-world measurements of the 
landmarks on Route-A and Route-B.  

 Author name / Transportation Research Procedia 00 (2016) 000–000 5 

 

Table 1. Measurements about the landmarks on Route-A and Route-B 

Route-A Route-B 

Landmark 
ID 

Distance  

(m.) 
Direction 

Blockage  
(1 = open view 
0 = closed view) 

Landmark 
type 

Distance  

(m.) 
Direction 

Blockage  
(1 = open view 
0 = closed view) 

Landmark 
type 

L1 2 NW 1 DPL * 2 West 1 DPL 

L2 15 East 0.2 ERL * 16 East 1 ERL 

L3 2 NW 1 DPL 2 North  1 street façade 

L4 2 East 1 ERL 2 North  1 street façade 

L5 2 East 1 ERL 4 East  0.4 ERL 

L6 2 North 1 street façade 6 East  1 ERL 

L7 2 North 1 street façade 2 NW 1 DPL 

L8 5 NW 1 DPL 4 West 1 ERL 

L9 2 East 1 ERL 230 South  0.8 ORL 

L10 6 West 1 ERL 4 West 0.9 ERL 

L11 8 East 1 ERL 2 North 1 street façade 

L12 8 North 1 street façade 5 East 1 ERL 

L13 4 East 0.2 ERL 2 North 1 street façade 

L14 2 North 1 street façade 2 NE 1 DPL 

L15 2 NE 1 DPL 6 West 0.6 ERL 

L16 2 West 1 ERL 6 West  1 ERL 

L17 30 SW 0.2 ORL * 8 East 1 ERL 

L18 10 West 1 ERL 15 NE  1 DPL 

L19 2 East 1 ERL 2 East  0.2 ERL 

L20 2 NW 1 DPL 2 North 1 street façade 

L21 10 East 0.9 ERL 60 NW 0.5 ORL 

L22 95 North 0.5 ORL 4 West  1 ERL 

L23 6 West  1 ERL 2 East 1 ERL 

L24 2 North  1 street façade 2 North 1 street façade 
* DPL: decision-point landmark; ERL: en-route landmark; ORL: off-route (distant) landmark. 

3.2.1.2. Direction 
Direction of each landmark is measured and shown in Table 1. It is assumed that forward-facing direction of the 

observer is north (e.g., the landmark is in front of the observer), thus observers facing north will have south behind 
them (e.g., the landmark is located behind the observer), east on their right (e.g., the landmark is on the right-hand 
side of the observer), and west on their left. For example, Landmark 1 on Route-A is located on north-west of the 
observer while the observer is facing the destination. 

Field-of-vision is the entire area that a person is able to see with a fixed eye position. Humans have an almost 
180° forward-facing horizontal field-of-vision. In the data set, direction (R) is either 1 or 0. If a landmark is situated 
on west, north-west (NW), north, north-east (NE) or east, then it is considered as in the field-of-vision of the 
observer (R = 1). On the other hand, if a landmark is situated on south-west (SW), south or south-east (SE), then it is 
assumed that it is outside the field-of-vision of the observer (R = 0). 
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them (e.g., the landmark is located behind the observer), east on their right (e.g., the landmark is on the right-hand 
side of the observer), and west on their left. For example, Landmark 1 on Route-A is located on north-west of the 
observer while the observer is facing the destination. 

Field-of-vision is the entire area that a person is able to see with a fixed eye position. Humans have an almost 
180° forward-facing horizontal field-of-vision. In the data set, direction (R) is either 1 or 0. If a landmark is situated 
on west, north-west (NW), north, north-east (NE) or east, then it is considered as in the field-of-vision of the 
observer (R = 1). On the other hand, if a landmark is situated on south-west (SW), south or south-east (SE), then it is 
assumed that it is outside the field-of-vision of the observer (R = 0). 
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3.2.1.3. Blockage 
Many things can be perceived as obstacles. Various objects may block other objects, such as trees or other 

buildings. These obstacles may affect an observer’s spatial perception and thus, the sensitivity of an observation. As 
part of the real-world measurements, for each landmark, how much of a landmark is blocked by other objects is 
observed (Table 1). In this table, one means no blockage between the landmark and the observer, and a value close 
to zero represents existence of one or more obstacles between the landmark and the observer. Additionally, if the 
landmark is undetectable from the location of the observer, then B equals zero. 

3.2.2. Attention  
Attention is a selective behavior. Lang (1987) states that individuals attend to what they know and what they are 

motivated to recognize, and recognition depends on their previous experiences. As previously stated, sensitivity of 
an observation depends on visibility and attention. Previous section gives details on data for parameters about 
visibility, and here data for parameters related to attention will be explained. 

3.2.2.1. Saliency 
Salient objects have prominent features in the environment that are unique or contrast with their neighborhood. 

Salient objects are very useful for wayfinding, as they can be used as landmarks. Table 2 presents the averages 
across 20 participants. These values are used as proxies of initial beliefs in the estimation method. 

Table 2. Saliency of a landmark on Route-A and Route-B 

Landmark ID 
Route-A 

Saliency (initial) 

Route-B 

Saliency  

(initial) 

Landmark ID 
Route-A 

Saliency 
(initial) 

Route-B 

Saliency  

(initial) 

L1 3.1 2.6 L13 2.9 1.65 

L2 4 4.5 L14 1.85 2.35 

L3 2.35 2.05 L15 2.2 3.3 

L4 3.1 1.95 L16 2.95 2.6 

L5 3.7 3.05 L17 3.85 2.95 

L6 1.55 2.65 L18 4.25 2 

L7 1.55 2.8 L19 3.65 3.4 

L8 2.3 2.7 L20 3.75 1.9 

L9 2.2 4.6 L21 4.55 2.6 

L10 2.35 4.2 L22 4.6 4.05 

L11 4.45 2.85 L23 2.8 2.8 

L12 3.1 2.7 L24 1.95 1.65 

3.2.2.2. Decision point 
As indicated before, four types of landmarks (DPL, ERL, ORL and street façade) are used in the study. Ej is a 

binary variable in the sensitivity function (Equation 1), and indicates if it is a decision point. 

4. Estimation method 

In this section, two models are estimated. The first model is the Bayesian model of perception updating 
(cognitive learning model) (Cenani et al., 2013), and is used to estimate the parameters of the sensitivity function 
(Equation 1). Furthermore, a straight-forward simple Binary logit model is estimated for comparison purposes. The 
proposed Bayesian model of perception updating to be estimated can be written as: 
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where X = 1 indicates the object is present, Y indicates the outcome of the observation (Y = 1 the object has been 
observed, and Y = 0 the object has not been observed), and P is the probability of an observation (belief). The model 
to be estimated is about perception updating after an observation; however, current data includes measurements 
about recognition of an object. The conditional probabilities on the right-hand side of the equation define the 
probability of observing an object given that it is present. Thus the probabilities are a function of observation 
sensitivity of the individual (Equation 1). The following logit model is used for predicting the probabilities: 
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where Z is defined as: 
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where a and b are parameters to be estimated and S is the reported saliency on a 5-point scale (S = 1..5). Thus, it 
is expected that b < 0, meaning the larger the saliency, the smaller the initial probability of observing the object. The 
log transformation of S is based on trying several functional forms: the log form resulted in the largest fit and was 
therefore adopted. 

As an operationalization of Equation (1), the sensitivity of an observation (theta) is modeled as a function of 
attributes of the object: 
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where Xi are attributes (e.g., distance, decision point, saliency, direction, blockage), and δ, ωi are parameters. In 
Equation (1), function f (A, V) was not specified; here it is namely f (A, V) = f (A) + f (V) and Equation (7) is used to 
estimate the sensitivity function. In addition to the first model, a straight-forward simple Binary logit model is used 
as a benchmark (for comparison purposes): 
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where theta (sensitivity of an observation) is defined as before. 
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buildings. These obstacles may affect an observer’s spatial perception and thus, the sensitivity of an observation. As 
part of the real-world measurements, for each landmark, how much of a landmark is blocked by other objects is 
observed (Table 1). In this table, one means no blockage between the landmark and the observer, and a value close 
to zero represents existence of one or more obstacles between the landmark and the observer. Additionally, if the 
landmark is undetectable from the location of the observer, then B equals zero. 

3.2.2. Attention  
Attention is a selective behavior. Lang (1987) states that individuals attend to what they know and what they are 

motivated to recognize, and recognition depends on their previous experiences. As previously stated, sensitivity of 
an observation depends on visibility and attention. Previous section gives details on data for parameters about 
visibility, and here data for parameters related to attention will be explained. 

3.2.2.1. Saliency 
Salient objects have prominent features in the environment that are unique or contrast with their neighborhood. 

Salient objects are very useful for wayfinding, as they can be used as landmarks. Table 2 presents the averages 
across 20 participants. These values are used as proxies of initial beliefs in the estimation method. 

Table 2. Saliency of a landmark on Route-A and Route-B 

Landmark ID 
Route-A 

Saliency (initial) 

Route-B 

Saliency  

(initial) 

Landmark ID 
Route-A 

Saliency 
(initial) 

Route-B 

Saliency  

(initial) 

L1 3.1 2.6 L13 2.9 1.65 

L2 4 4.5 L14 1.85 2.35 

L3 2.35 2.05 L15 2.2 3.3 

L4 3.1 1.95 L16 2.95 2.6 

L5 3.7 3.05 L17 3.85 2.95 

L6 1.55 2.65 L18 4.25 2 

L7 1.55 2.8 L19 3.65 3.4 

L8 2.3 2.7 L20 3.75 1.9 

L9 2.2 4.6 L21 4.55 2.6 

L10 2.35 4.2 L22 4.6 4.05 

L11 4.45 2.85 L23 2.8 2.8 

L12 3.1 2.7 L24 1.95 1.65 

3.2.2.2. Decision point 
As indicated before, four types of landmarks (DPL, ERL, ORL and street façade) are used in the study. Ej is a 

binary variable in the sensitivity function (Equation 1), and indicates if it is a decision point. 

4. Estimation method 

In this section, two models are estimated. The first model is the Bayesian model of perception updating 
(cognitive learning model) (Cenani et al., 2013), and is used to estimate the parameters of the sensitivity function 
(Equation 1). Furthermore, a straight-forward simple Binary logit model is estimated for comparison purposes. The 
proposed Bayesian model of perception updating to be estimated can be written as: 
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5. Results 

The models are estimated on a total of N = 1440 observations (60 participants x 24 landmarks). The NLM (Non-
Linear Minimization) model in R (statistical computing environment) is used to find the parameters that maximize a 
log likelihood function. The dependent variable is given by two response variables in the data set: Yes/no 
recognition of the object (I), and the degree of certainty of the recognition on a 5-point scale (C): 

 0.5 0.09 1 (9)q C if I  
 

 0.5 0.09 0 (10)q C if I  
 

where q is the calculated reported probability of remembering corresponding to the posterior belief P(X | Y), C is 
the degree of certainty and I is yes/no recognition. This is a simple linear model where q runs from 0.05 (C = 5 and I  
= 0), to 0.5 (C = 1 and I = 0, or C = 1 and I = 1) to 0.95 (C = 5 and I = 1). The continuous measure, q, uses more 
information than the binary measure, I. However, the binary measure may be more robust for the same reason. 
Therefore, both measures are tested in estimations. 

Table 3. Estimation results: binary recognition assumption 

Attributes Binary logit value t-value Bayesian value t-value 

Constant (delta) -4.17 -7.25 -4.15 -0.02 

Distance 0.26 3.02 0.18 1.97 

Decision point 0.99 5.83 1.20 6.93 

Saliency 0.27 3.48 2.83 6.15 

Direction 1.05 2.78 1.34 3.34 

Blockage (1: open view) 2.48 8.93 2.19 7.66 

a   0.02 0.00 

b   -7.23 -5.66 

LL0 -979.5  -1274.2  

Llfinal -877.9  -861.3  

rho-squared 0.12  0.48  

 
Table 3 shows the estimation results for the binary recognition assumption. In Table 3, the Bayesian model 

estimates indicate that all attributes have a positive effect on recognition: distance (unexpected), decision point 
(expected), saliency (expected), direction (expected) and blockage (expected). Distance is a continuous attribute and 
estimation results unexpectedly indicate that if the distance between the landmark and the observer increases, the 
recognition increases as well. This may be caused by the specific distribution of very well-known distant (off-route) 
landmarks in the experiment environment (e.g., blob-shaped building, a high-rise building with a big company sign 
on the roof, etc.). According to the results, a landmark located on a decision point is recognized more. As expected, 
objects located on decision points tend to be remembered more easily than others. Also it is easier to recall a 
landmark, if it has salient features. Direction is a binary variable (forward-facing field-of-vision of the observer = 1). 
The outcome with regard to direction is as expected: if the landmark is ahead of the observer, it is recognized more. 
Blockage is a continuous attribute, which has a value between 1 and 0 (1 represents open view and 0 represents 
blocked view). Estimates show that the less the blockage between the landmark and the observer, the more the 
recognition. As indicated in the previous section, b (Equation 6) was expected to be smaller than zero, and the 
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results support this expectation. Saliency has a negative effect on the initial probability (expected). The comparison 
of the models suggests that including the initial probability increases the fit of the model substantially (rho squares 
increase from 0.12 to 0.48). 

Table 4. Estimation results: continuous recognition assumption 

Attributes Binary logit value t-value Bayesian value t-value 

Constant (delta) -5.33 -6.32 -5.18 -0.25 

Distance 0.38 2.80 0.24 1.62 

Decision point 2.28 3.72 2.60 4.07 

Saliency 0.32 2.55 4.63 5.14 

Direction 1.59 2.86 2.08 3.14 

Blockage (1: open view) 3.14 7.70 2.79 5.65 

a   -0.10 0.00 

b   -12.24 -4.81 

LL0 -975.8  -1213.9  

Llfinal -852.5  -834.9  

rho-squared 0.14  0.45  

 
Table 4 shows the estimation results for the continuous recognition assumption (Equations 9 and 10). As seen in 

Table 4, similar results are achieved; however, distance is no longer significant (<1.96). The rest of the attributes 
have a positive effect on recognition. The b is also smaller than zero, as expected. Here again, rho squares increase 
from 0.14 to 0.45, which means that the fit of the model increased considerably, with the inclusion of the initial 
probability. 

6. Conclusion and discussion 

In this paper, we briefly described an experiment and a complementary survey. Then, we empirically estimated 
the proposed model using data on individuals’ landmark recognition in a field survey. Two estimates were 
conducted according to binary recognition assumption and continuous recognition assumption. Also, a simple binary 
logit model was estimated (for comparison purposes). Results with regard to the first assumption (Table 3) indicated 
that distance, decision point, saliency, direction and blockage had a positive effect on recognition. Similar results 
were achieved for the continuous recognition assumption (Table 4); all attributes except distance was significant. 
These findings showed that the proposed model fit the data satisfactorily and the results were reasonable. The 
comparison between the proposed Bayesian model and a more basic binary logit model showed that the model 
improved when prior probabilities were taken into account, which provided evidence for the Bayesian model.  

Future research will focus on the extent to which transport modes and route choices influence spatial learning. 
For example, the number and the type of the landmarks can be different for a car driver and a pedestrian. This may 
be the result of speed (while driving, there is not enough time to pay attention to landmarks as much as while 
walking) or may be caused by differences due to the routes (neighborhoods surrounding a bicycle path and a 
highway may be different). 

Our cognitive learning model offers a way to incorporate behavioral mechanisms in an enhanced model for 
simulating learning of dynamic urban and transportation networks in daily activity-travel behavior. Better 
understanding of the development of spatial cognition of urban networks and the inclusion of the suggested 
modeling approach to the activity-based models of travel demand may provide new insights into the planning 
practice in the future. 
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estimates indicate that all attributes have a positive effect on recognition: distance (unexpected), decision point 
(expected), saliency (expected), direction (expected) and blockage (expected). Distance is a continuous attribute and 
estimation results unexpectedly indicate that if the distance between the landmark and the observer increases, the 
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blocked view). Estimates show that the less the blockage between the landmark and the observer, the more the 
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