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A B S T R A C T   

Identifying effective strategies describing crowd dynamics is crucial to enhance simulations of 
pedestrians for crowded event planning and management. Various modelling solutions have been 
proposed to describe how people try to exit from a built environment in normal and emergency. 
Several of these solutions rely on the use of distance maps or floor fields to account for the po
sitions of existing goals and the location of obstacles to avoid. To date, distance maps are assumed 
to be static (they do not vary over time) and that pedestrians aim at the actual central coordinate 
of a door. 

In this work, we challenge the static goal assumption by proposing a novel parametric distance 
map which is variable depending on the polar coordinates defining the position of a pedestrian 
having the centre of an exit as the origin (i.e., the distance of the pedestrian and an angle between 
its direction and the perpendicular to the exit). In this work, we investigate what pedestrians head 
for while trying to reach an exit. Different parametric solutions are proposed and calibrated using 
likelihood-based optimisation methods with over 9000 trajectories of individual pedestrians who 
navigated through an indoor university atrium building to reach several exits. The results high
light good performance for this modelling approach: pedestrians head for targets in front of an 
exit when they are away from it, and their targets shift behind the exit as they get closer to it, (i.e., 
distance impact) while their angle does not have impact on this process. The proposed dynamic 
goal-based distance map can be applied for future pedestrian simulations for crowded event 
planning and management.   

1. Introduction 

Given the increment in the demand for mass events, pedestrians are more likely to gather in buildings and transportation terminals 
with limited spatial resources (Johansson et al., 2012), sometimes resulting in accidents due to a lack of planning and preparedness or 
because available technologies are not sufficiently utilised (Haghani & Lovreglio, 2022). In fact, since 2008, over 50% of the world’s 
population has been living in cities, and this percentage is predicted to increase dramatically by the end of this century (Johansson 
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et al., 2012) (UN Population Division, 2007) (Feliciani & Nishinari, 2018). Pedestrian crowds will become a more relevant feature of 
large cities by occurring not only during mass gatherings but also at routine events such as commuting to work. As such, it is critical to 
have a reliable understanding of the behavioural rules that describes how pedestrian move and navigate in the built environment 
expanding the existing state of the art (Hänseler et al., 2017) (Haghani & Sarvi, 2018) (Haghani, 2020) (Haghani, 2020) (Duives et al., 
2013) (Feng et al., 2021). 

Pedestrian motion is the result of several behavioural rules which can be subdivided into three levels, typically divided into the 
strategic, tactical, and operational levels (Hoogendoorn & Bovy, 2004). These levels define how people take decisions (strategic), plan 
their route (tactical) and actually move (operational) inside any given environment. This decision-making subdivision is intended to 
provide a theoretical framework for developing of simulation models and planning pedestrian infrastructure and transportation fa
cilities. Usually, it is employed at large scales (city, neighbourhood, building, etc.) where trip origin–destination plays an important 
role, but the same concept could be used also on a smaller scale to describe the way people move inside a room, for instance. The latter 
approach has generally received less attention from researchers since the shortest path is usually assumed to be enough to explain 
pedestrian behaviour at the microscopic level. 

To date, multiple modelling solutions have been proposed to describe how pedestrians navigate in normal conditions and to 
simulate the evacuations of the built environment during an emergency (Haghani & Sarvi, 2018) (Kuligowski et al., 2010) (Kuligowski, 
2016) (Zanlungo et al., 2023). When focusing on microscopic pedestrian modelling solutions, these can be subdivided into continuous 
models (see the example of the Social Force Model (Moussaïd et al., 2011)) and discrete models (see the example of the Cellular 
Automata Model (Burstedde et al., 2001) (Kirchner & Schadschneider, 2002)) depending on how the space is discretised (Moustaid & 
Flötteröd, 2021) (Guo & Huang, 2012). These solutions have been implemented today in multiple pedestrian and evacuation dynamics 
software packages (Kuligowski, 2016) (Lovreglio et al., 2019). 

Several existing pedestrian and evacuation modelling solutions rely on the use of distance maps as the fundamental modelling 
layer. Fundamental maps are also referred to as floor fields or potential maps, while their normalised gradients are generally named 
desired direction fields1 (Burstedde et al., 2001) (Karmakharm et al., 2010) (Thompson & Marchant, 1995) (Kretz et al., 2011) 
(Lovreglio et al., 2018). Distance maps are used in the pedestrian dynamics domain to provide each simulated pedestrian with desired 
directions to move towards and avoid, accounting for the positions of existing goals and the location of obstacles (Lovreglio et al., 
2018). As such, distance maps are a fundamental modelling layer in many pedestrian dynamic solutions to identify at each simulated 
time step where a pedestrian would be aiming at in case there are no interactions with other pedestrians (Guo & Huang, 2012). It is 
worth highlighting that the distance map layer is conceptually different from the classical routing problem investigated in exit choice 
or route choice studies, which represent another model layer (Chraibi et al., 2013). Distance maps are fundamental when using several 
popular continuous pedestrian evacuation models, such as Simulex (Thompson & Marchant, 1995) and Pathfinder (Thunderhead 
Engineering, 2022). Further, distance maps are helpful when implementing the well-established Social Force Model (Kretz et al., 2011) 
(Korhonen, 2017) (Anvari et al., 2015) to define the desired direction of motion for a pedestrian if there are no other pedestrians to 
interact with (Helbing et al., 2000). Finally, distance maps represent a fundamental modelling layer for a class of discrete pedestrian 
models, namely, floor field Cellular Automata models (Li et al., 2019) (Lu et al., 2017) (Hsu & Chu, 2014) (Fu et al., 2018). 

Several approaches have been used so far to define distance maps for pedestrian and evacuation models, which can be subdivided 
into theoretical and data-driven solutions. The most common theoretical metric used to define distance maps is Euclidean distance 
which is ideal when there are no obstacles in a room (Guo & Huang, 2012). However, other theoretical metrics have been proposed and 
tested, such as the Dijkstra distance (Lu et al., 2017) (Hsu & Chu, 2014) (Fu et al., 2018) (Nishinari et al., 2004) and Manhattan 
distance (Varas et al., 2007) (Alizadeh, 2011) or combinations of them (Huang et al., 2022) for spaces having obstacles in them. In 
some other cases, distance maps are built using a fluid dynamic simulator on a two-dimensional grid (Korhonen, 2017) or by using 
algorithms based on the distribution of space potential (Guo & Huang, 2012). Other theoretical attempts for 90 and 180 bends were 
proposed by (Steffen & Seyfried, 2009), while (Chraibi et al., 2013) tested different assumptions on which goals pedestrian aim at 
while approaching an exit using simulations. 

More recently, novel distance maps have been proposed using data from pedestrian experiments and field observations. For 
instance, data from immersive virtual reality experiments were used in (Lovreglio et al., 2015) to estimate distance maps for pedes
trians evacuating a road tunnel. In (Dias & Lovreglio, 2018), data from a pedestrian experiment were used to predict the distance maps 
of pedestrians walking around 90◦ bends. Finally, data from field observation were used by (Corbetta et al., 2015) and (Lovreglio et al., 
2018) to predict pedestrian navigation maps in a U-shaped landing corridor and an indoor university atrium, respectively. In all these 
previous studies, distance maps are assumed to be static; namely, they do not vary over time as the pedestrian objectives do not vary (i. 
e., the static assumption). For instance, these existing maps rely on the assumption that pedestrians aim at the actual central coordinate 
of an exit during the full navigation process leading them out of that existence, and the pedestrians’ goal is static over time. To the best 
of our knowledge, this assumption has not been questioned and challenged in previous works. 

In this work, we challenge the static goal assumption by proposing a novel parametric distance map which assumes that pedestrian 
goals change over time while approaching an exit and going through such an exit. To achieve this aim, we investigate what pedestrians 
aim at while trying to reach an exit and if/how their goals vary over time. In this work, we use over 9000 trajectories of individual 

1 From a mathematical perspective, a distance map is a function defined as M: R2 → R. As such it assigns to each pair (x,y) in the physical walking 
space a scalar value which represents the “distance” of that point to the final objective. On the other hand, the gradient of M is a vector field (∇M: R2 

→ R3) that can be used to identify the desired direction field (F) by taking the projection of the gradient on the x-y plane and normalizing it. This 
vector field associates to each pair (x,y) in the physical walking space a unit vector representing the desired direction for a pedestrian (F: R2 → R2). 
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pedestrians (who navigated through an indoor university atrium building to reach several exits) to test different parametric distance 
maps.2 These novel dynamic goal-based distance maps are estimated using likelihood-based optimisation methods, which allow 
identifying which map provides the best description of the data. Finally, the proposed new distance map is compared with traditional 
maps through a couple of modelling assessment procedures. 

2. Material and methods 

In this work, we propose a new parametric distance map to describe the movement of a pedestrian to reach an exit. The conceptual 
idea underpinning this new distance map is described in Section 2.1. The model specification, the calibration algorithms, and model 
comparison tests adopted in this work are reported in Section 2.2. Finally, the dataset used to calibrate and test the proposed solution is 
described in Section 2.3. 

2.1. Conceptual model 

When modelling pedestrian movement, the behavioural algorithms describing the movement of individuals are subdivided into 
three levels, which include the strategic level, tactical level, and operational level (Hoogendoorn & Bovy, 2004). At the operational 
level, the main modelling objective is to describe how a pedestrian tries to reach a goal (e.g., an exit) while interacting with others. 
Distance maps are traditionally used to define how a simulated pedestrian will reach its goal. One of the most common assumptions 
adopted in the literature is to assume that the pedestrian goal is the central location of an exit (Burstedde et al., 2001) (Kirchner & 
Schadschneider, 2002) (Chraibi et al., 2013) (Helbing et al., 2000). This assumption has been previously tested in previous calibration 
studies (Lovreglio et al., 2018) (Lovreglio et al., 2015). However, different solutions have been proposed to deform the traditional 
Euclidian distance maps to generate solutions closer to the observed pedestrian data in the proximities of the exit. Deforming the 
Euclidean matrix allowed the generation of curved trajectories, but such a solution does not explain the real behavioural rule 
describing how pedestrians behave while reaching an exit. 

In this work, we tested a new behavioural rule based on the assumption that pedestrians change their goal over time while 
approaching an exit and going through such an exit. The proposed conceptual model assumes that pedestrians aim at goals in front of 
the exit while relatively distant from an exit and that the desired goals get closer to the central location of the exit. When pedestrians 
are relatively close to the exit, their goals go behind the exit in the new space they are about to access. 

The proposed modelling approach is mostly inspired by everyday experience when transiting through doors or gates,3 but it is 
possible to identify a few cognitive factors explaining this peculiar behaviour. Humans are typically known to have functional 
asymmetry, which is manifested in preferential writing and turning directions (Lenoir et al., 2006). However, humans have been also 
shown to navigate using specific references, for example the sun in an outdoor environment (Souman et al., 2009) and the walls when 
navigating indoor (Sussman & Hollander, 2021). (Sussman & Hollander, 2021) describes how people tend to avoid “empty spaces” and 
seek the protection of walls, leading to the “wall-hugging” trait. However, while walls have a reassuring function, edges are a source of 
uncertainty as it cannot be predicted what would lie behind. To summarise, it is therefore possible that the tendency of passing straight 
through gates is a combination of the following factors: 1) enable to visually inspect behind the edge as one approaches toward an exit 
and 2) use structural elements as a reference to orientate one’s moving direction. 

Fig. 1 provides a visualisation of the conceptual modelling solution proposed in this work showing the moving goal hypothesis 
driving the pedestrian movement. This figure shows a pedestrian moving towards an exit at different four-time steps (i.e., t0 - t4). While 
the pedestrian gets close to the exit, the position of the desired goal moves from a location in front of the exit to a location behind the 
exit. Further, we make the following assumptions.  

(a) The desired goals are located on the perpendicular axis passing from the central location of an exit (see the dashed line in Fig. 1).  
(b) The location of the desired goals is a function of both the distance of a pedestrian from the central location of an exit (d) and the 

θ angle shown in Fig. 1. In other words, the location of the desired goals is a function of the polar coordinate defining the 
location of a pedestrian using the exit location and orientation as a reference point. 

Different modelling formulations are tested in this work to specify this function, as shown in Section 2.2. 

2.2. Model specification 

Based on the conceptual model described in Section 2.1, we have specified different model equations for the distance maps (D), 
which can integrate the assumptions that pedestrians’ goals change as they approach an exit. To achieve this goal, we define the 
following generalised Equation (1), expanding on the modified Euclidean metric proposed by (Lovreglio et al., 2018). 

2 As such, we aim to reproduce a non-emergency situation where people leave a room without an overwhelming time pressure in doing so. In this 
regard, we want to stress that crowd simulation in the case of emergency has already reached a considerable degree of accuracy. Nowadays, crowd 
simulation software is also often used to model pedestrian behaviour in daily situations, thus highlighting the need to accurately estimate space 
utilization and improve attractiveness and efficiency of pedestrian facilities.  

3 This observation is further backed by the experimental data collected which will be presented later. 
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√

(1)  

where α is the global distortion parameter; x and y are the coordinates defining the position of the pedestrian, as specified by the 
reference system in Fig. 1; X and Y are the coordinates defining the position of the location of the centre of an exit. Finally, dyG is a 
parameter (measured in meters) representing the variation of the pedestrian goal while approaching the exit, and it is the core part of 
the investigation in this study. A visualisation of dyG and its variation is illustrated in the conceptual model proposed in Fig. 1: negative 
values imply that the goal aimed is closer to the pedestrian (and inside the room), while positive ones imply the opposite. 

In this work, we tested and compared different model specifications for the dyG term. A summary of the model specifications tested 
in this work is provided in Table 1. The equations in Table 1 show that we tested several linear and non-linear models defining the 
relationship between dyG term, the distance d of the pedestrian from the exit and the θ angle as defined in Fig. 1. We started inves
tigating separately the linear dependency of dyG on d (models M1-U and M1-C) and θ (models M2-U and M2-C) to preliminary detect 
eventual prevalent informative content among them. Due to the informative prevalence of d over θ (this trend is shown in the results 
section in Table 4), we progressively added complexity to models M1-U and M1-C and used them as baselines, further specifying: 

i) non-linear dependency on d (models M4-U and M4-C); 
ii) linear dependency on θ (models M3-U and M3-C), and 
iii) their combination (models M5-U, M5-C, M6-U, M6-C). 
Fig. 2 shows the structure of the models specified in this work by classifying them into models without global distortion parameters 

(i.a., the α parameter is constrained to one) and models with global distortion parameters (i.a., the α parameter is unconstrained). 

Fig. 1. Visualisation of the moving desired goal over the four-time steps t0-t4.  
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2.3. Model calibration 

To calibrate different distance maps and compare them, we use the calibration procedure based on floor field cellular automata 
models (Burstedde et al., 2001) (Kirchner & Schadschneider, 2002), which use a traditional multinomial logit formulation to predict 
how pedestrians move in a simulated walkable space proposed in (Lovreglio et al., 2015). As such, this method relay on the opti
misation of a log-likelihood function to identify the parameters which provide a better fitting with the data. Likelihood-based opti
misation methods for multinomial logit models are already established in the transportation field, and many tools are available for 
model estimation in R (Hess & Palma, 2019) (Molloy et al., 2021), Python (Bierlaire, 2020) or other different languages or executable 
software (such as MATLAB being used here) (Hensher et al., 2005), which often allow for modelling specifications based on linear 
formulations. We coded the log-likelihood functions for the specified model in MATLAB, and we adopted a Quasi-Newton method 
based on gradients to identify the optimal point of the proposed log-likelihood functions. We used the MATLAB function fminunc to 
perform a non-linear unconstrained optimisation employing the Hessian approximation updating inspired by the Broyden–
Fletcher–Goldfarb–Shanno (BFGS) method (Feliciani et al., 2020) (Ioannidis, 2019) (Gwynne & Rosenbaum, 2016) (Purser, 2010). 

The log-likelihood equation used in this work is a modification of the one originally proposed in (Lovreglio et al., 2015) based on 
the assumptions of well-established floor field cellular automata models (Burstedde et al., 2001) (Kirchner & Schadschneider, 2002). This 
pedestrian modelling framework relies on the following assumptions.  

(a) The space walkable by pedestrians is subdivided into cells which can either be empty or occupied by one pedestrian. Different 
shapes of cells could be used, such as triangular, square, and hexagonal (Dias & Lovreglio, 2018) (Torrens, 2009). The main aim 

Table 1 
Variation of the pedestrian’s goal position in the different Distance Maps investigated.  

Model ID Formulation description dyG α 

M0-U Euclidean metric with global distortion parameter 0 unconstrained 
M0-C Euclidean metric without global distortion parameter 0 constrained to 1 
M1-U  Linear in d, with global distortion parameter k1 + k2 ⋅ d unconstrained 

M1-C Linear in d, without global distortion parameter k1 + k2 ⋅ d constrained to 1 
M2-U Linear in θ, without d dependency, with global distortion parameter k1 + k5 ⋅ |θ| unconstrained 
M2-C Linear in θ, without d dependency, without global distortion parameter k1 + k5 ⋅ |θ| constrained to 1 
M3-U Linear in d, with θ dependency, with global distortion parameter k1 + k2 ⋅ d + k5 ⋅ |θ| unconstrained 
M3-C Linear in d, with θ dependency, without global distortion parameter k1 + k2 ⋅ d + k5 ⋅ |θ| constrained to 1 
M4-U Non-linear polynomial in d, with global distortion parameter k1 + k2 ⋅ d + k3 ⋅ dk4 unconstrained 
M4-C Non-linear polynomial in d, without global distortion parameter k1 + k2 ⋅ d + k3 ⋅ dk4 constrained to 1 
M5-U Non-linear polynomial in d, with θ dependency, with global distortion parameter k1 + k2 ⋅ d + k3 ⋅ dk4 + k5 ⋅ |θ| unconstrained 
M5-C Non-linear polynomial in d, with θ dependency, without global distortion parameter k1 + k2 ⋅ d + k3 ⋅ dk4 + k5 ⋅ |θ| constrained to 1 
M6-U Non-linear polynomial both d and θ, with global distortion parameter k1 + k2 ⋅ d + k3 ⋅ dk4 + k5 ⋅ |θ| + k6 ⋅ |θ|k7 unconstrained 
M6-C Non-linear polynomial both d and θ, without global distortion parameter k1 + k2 ⋅ d + k3 ⋅ dk4 + k5 ⋅ |θ| + k6 ⋅ |θ|k7 constrained to 1  

Fig. 2. Structure of the proposed specifications in Table 1 subdivided in (a) models without global distortion parameter, α = 1; and (b) models with 
global distortion parameter,.α ∈ R 
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of this work is to compare different models, and thus cell geometry plays a marginal role (as long as the same is used for all 
models). Thus we decided to focus on square meshes, which are the most popular when using this type of modelling, given its 
simple implementation (Li et al., 2019).  

(b) The Moore neighbourhood assumption allows pedestrians to move locally to any of the eight cells surrounding the cells they are 
occupying (Lij) where (I,j) is the location of the cell, as illustrated in Fig. 3.  

(c) Pedestrians can change their location after a fixed time step interval.  
(d) A q pedestrian assign to each possible location a utility which is a function of the distance map (Dq

ij) (also known as a static 
distance map) and a dynamic distance map. The dynamic distance map considers the location of other pedestrians and is not 
included in the following part of the formulation, given the nature of this study.4 As such, the utility function of the q pedestrian 
can be specified, as shown in Equation (2). 

Uq
r,s = ksMq

r,s + ε (2)  

where r ∈ {i − 1, i, i+1}, s ∈ {j − 1, j, j + 1} and ε is the error term associated with those utilities and Mq
r,s have the formulation 

shown in Equation (1) and Table 1. Finally, ks is the parameter defining the weight of the distance map on the local moving 
process.  

(e) The ε error term follows generalised extreme value distribution Type-I. As such, a multinomial logit formulation can be used to 
predict the probability that the q pedestrian will move to the Lrs cell (see Equation (3). 

pq
r,s =

e(ksMq
r,s)

∑
(r,s)e(ksMq

r,s)
(3) 

Under these assumptions, it is possible to define a likelihood function to estimate the unknown parameters using observed choices 
made by pedestrians by sampling them from their trajectories. This process was originally introduced in (Lovreglio et al., 2015), and it 
is summarised in the following paragraphs. 

Assuming that Tq = {Lq
1,⋯,Lq

t ,⋯,Lq
n} is the n-vector, including all the observed cells occupied by the q pedestrian for each 

consecutive time step (t = 1,…,n). The probability of the q pedestrian passing from Lq
t to Lq

t+1 can be defined by Equation (4): 

P
(
Lq

t →Lq
t+1

)
= pq( Lq

t ,L
q
t+1

⃒
⃒ks, β) (4)  

where ks and β (i.e., the vector of parameters defining the distance map shown in Table 1) are the unknown parameters to estimate. The 
probability of pedestrian q having the Tq trajectory can be shown in Equation (5). 

P(Tq) =
∏n− 1

t=1
P
(
Lq

t →Lq
t+1

)
(5)  

The likelihood function of the sample of Q observed pedestrians can be written as shown in Equation (6). 

L(β, ks) =
∏Q

q=1
P(Tq) (6)  

The variables of this function are the parameters that need to be calibrated (i.e.,β, ks). Thus, these parameters can be estimated by 
maximising L(β, ks). For convergence reasons, it is more common to use the log-likelihood function rather than the likelihood function 
itself as shown in Equation (7) (Hensher et al., 2005) (Greene, 2011). 

LogL(β, ks) =
∑Q

q=1
log(P(Tq)) (7)  

2.4. Model comparisons 

Different model specifications are proposed in this work, as shown in Table 1. Thus, it is fundamental to use criteria to compare the 
proposed model estimation. Different criteria have been proposed in the literature and adopted to compare nested and non-nested 
models in the transportation domain (Shen, 2009) (Cerwick et al., 2014). In line with the existing literature, the comparison is car
ried out in this work by using the following criteria and tests listed in Table 2, which includes the adjusted McFadden R-Squared 
(AMFR2), the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC). 

4 The dynamic distance map plays an important role in the case of emergent structures, for example lanes in a corridor. In the absence of group 
dynamics and if people mostly behave at an individual level simply avoiding physical interactions with others, ignoring the dynamic distance map 
will not affect the outcome. 
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2.5. Trajectory dataset 

In this work, we use the open pedestrian trajectory dataset collected in the Informatics Forum building of the University of 
Edinburgh (UK) to compare the different model specifications proposed in Section 2.2. The original dataset published by (Majecka, 
2009) contains 299,082 pedestrian trajectories of people walking Informatics Forum building in normal situations. The trajectories 
were collected by the authors using a 640 × 480 resolution camera located about 23  m above the floor with a frame rate of 9 fps for a 
period of 117 days (see Fig. 4). The original data is available in 117 text files, including the coordinates of all the individuals walking in 
the atrium. This data was lately imported in a single MATLAB dataset by Lovreglio et al. (Lovreglio et al., 2018) (Lovreglio et al., 2017), 
which is the dataset used in this work. This dataset converted the measure in pixels provided by Majecka et al. (Majecka, 2009) in a 
new reference system in meters using the real distance information displayed in Fig. 4. 

The nature of this study lies in the investigation of how pedestrians move to reach an exit without interacting with other pedes
trians. As such, to calibrate the distance maps specified in Section 2.2 we used only the trajectories of pedestrians walking individually 
in the atrium while trying to reach an exit. Since the top view of the camera does not allow a clear identification of the location of the 
exits, we only use the trajectories of the pedestrian exiting using the doors on the bottom in Fig. 4, being clearly visible targets in the 
recorded scenes. Further, we filtered through all the trajectories of pedestrians who were only aiming at exiting doors instead of taking 
multiple actions and reaching different goals in the atrium, which were not doors. This filtering was carried out to verify that pe
destrians were reducing his/her distance from the goal door at each time step. The final dataset used in this study consists of 9,239 
trajectories. These trajectories are illustrated in Fig. 5 for each exit. 

To generate data suitable with the discrete choice calibration solution described in Section 2.2, the decisions made by the 
pedestrian are detected using each trajectory by subdividing the atrium into square cells of 0.1 × 0.1 m2. In fact, as shown in the 
analysis carried out in (Lovreglio et al., 2018), the probability of a pedestrian moving to a new adjacent cell at each time step is above 
95%. This space discretisation is fundamental to creating the dataset, including all the choices made by each pedestrian at each time 
interval and associating them to the location of the pedestrian when the choices were made. Using this approach, it was possible to 
sample 488,655 choices out of the 9,239 trajectories used in this work and link to them the pedestrians’ locations. 

3. Results 

The results of the estimated parameters for the model specification in Table 3, as well as the fitting performance of the models, are 
proposed in Section 3.1. A sensitivity analysis of the best-performing models is described in Section 3.2. Finally, the property of the 
selected distance map is visualised and described in Section 3.3. 

Fig. 3. The Moore neighbourhood assumption for local pedestrian movement.  

Table 2 
Comparison criteria.  

Name Equation 

Adjusted McFadden R-Squared 
(AMFR2) AMFR2 = 1 −

LogL(M) − K
LogL(M0)

where K is the number of parameters, M is the model the metric applies to and M0 is model with a 

constant only 
Akaike Information Criterion 

(AIC) 
AIC = 2K + 2LogL(M)where K is the number of parameters and M is the model the metric applies to 

Bayesian information criterion 
(BIC) 

BIC = − 2LogL(M) + log(N)*Kwhere K is the number of parameters and M is the model the metric applies to and N is the 
number of observations  
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Fig. 4. Top view of the empty atrium layout from the camera. The green arrows represent the locations of the exits. Figure modified from Majecka 
et al. (Majecka, 2009). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 5. Visualisation of (a) the unfiltered trajectories in the original pixel coordinates; (b) the filtered trajectories of the pedestrian using the left exit; 
(c) the filtered trajectories of the pedestrian using the central exit; (d) the filtered trajectories. 
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3.1. Estimated models 

We report here the parameters estimated for all the models with the optimisation procedure in Table 3 and their fitting performance 
in Table 4. 

The results in Tables 3-4 highlight that adding complexity results in a better fitting. In fact, M6-U has the highest log-likelihood 
value and the best overall fitting in terms of higher AMFR2 and lower AIC and BIC. The models implementing only the dependency 
on θ perform the worst, and this evidence leads us to not consider them as a baseline to develop more complex models based on their 
formulation (as shown in Fig. 2, where there is no model derived from M2-C and M2-U). Among the models of intermediate 
complexity, M4-U is not dependent on θ and shows good fitting performances. 

Despite their fitting performance, the models also need to be evaluated based on their physical interpretation to assess how the 
different parameters affect the results of the distance map. This is done in the following section. In fact, although the fitting perfor
mance of the proposed model specification indicates that both d and θ have an impact on pedestrian navigation, this was an expectable 
result given the dataset size. As such, the sensitivity analysis carried out in Section 3.2 represents a valuable tool for selecting the final 
model specification for this work. 

3.2. Sensitivity analysis 

The estimated results proposed in Section 3.1 allowed us to investigate the influence of the variables d and θ on the different 
distance map formulations. In this analysis, we consider the two models, M4-U and M6-U. The M6-U model was selected for its fitting 
performance and for accounting for both the impact of d and θ. On the other hand, M4-U, for its fitting performance when θ is not 
included in the model specification. 

First, the analysis focuses on the dyG functions of the two selected model specifications (M4-U and M6-U). The relationship between 
dyG and d is displayed in Fig. 6, where negative dyG values represent the moving goal inside the walkable space. The two formulations 
show a similar trend, and both visualise the hypothesis of the moving goal: starting from the actual goal, the pedestrians aim at a goal 
that is moving beyond the real exit. Before this distance, they aim instead at a goal that is closer to their position, and this evidence is 

Table 3 
Estimated parameters.  

Model Ks a k1 k2 k3 k4 k5 k6 k7 

M0 0 0 0 0 0 0 0 0 0 
M0-U − 36.002 0.768 0 0 0 0 0 0 0 
M0-C –33.046 1 0 0 0 0 0 0 0 
M1-U − 42.549 1.22 0.146 − 0.306 0 0 0 0 0 
M1-C − 42.545 1 0.240 − 0.263 0 0 0 0 0 
M2-U − 37.744 6.584 2.057 0 0 0 0.612 0 0 
M2-C –33.643 1 0.597 0 0 0 − 0.328 0 0 
M3-U − 42.582 1.191 0.143 − 0.298 0 0 − 1.44e-02 0 0 
M3-C − 42.333 1 0.176 − 0.253 0 0 − 2.68e-02 0 0 
M4-U − 41.509 1.246 –23.806 − 0.256 23.784 − 2.6e-03 0 0 0 
M4-C − 41.039 1 –23.795 − 0.193 2.380 − 2.7e-03 0 0 0 
M5-U − 40.620 1.257 0.224 − 1.84e-02 − 0.526 − 0.672 − 5.2e-05 0 0 
M5-C − 40.316 1 0.260 4.48e-02 − 0.550 0.662 − 3.8e-04 0 0 
M6-U − 40.983 1.262 0.234 − 2.45e-02 − 0.528 0.669 0.119 − 0.1203 0.997 
M6-C − 40.567 1 0.272 4.05e-02 − 0.552 0.659 0.118 − 0.1195 0.997  

Table 4 
Performance and statistical test of the estimated models.  

Model LL AMFR2 AIC BIC 

M0 –  – – – 
M0-U − 482810  0.553 9.606e + 05 9.607e + 05 
M0-C − 480320  0.550 9.656e + 05 9.656e + 05 
M1-U − 466800  0.565 9.336e + 05 9.337e + 05 
M1-C − 467900  0.564 9.359e + 05 9.360e + 05 
M2-U − 474882  0.558 9.498e + 05 9.498e + 05 
M2-C − 481724  0.551 9.635e + 05 9.635e + 05 
M3-U − 466600  0.565 9.333e + 05 9.333e + 05 
M3-C − 467500  0.565 9.351e + 05 9.351e + 05 
M4-U − 463300  0.569 9.266e + 05 9.267e + 05 
M4-C − 464900  0.567 9.299e + 05 9.300e + 05 
M5-U − 461100  0.570 9.222e + 05 9.222e + 05 
M5-C − 462500  0.569 9.251e + 05 9.251e + 05 
M6-U − 460900  0.571 9.217e + 05 9.218e + 05 
M6-C − 462300  0.569 9.247e + 05 9.248e + 05  
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highlighted by the negative value of dyG. 
Second, we focus on the impact of θ on the distance map running a sensitivity analysis of M6-U. Fig. 7 and Fig. 8 report noticeable 

features of the model M6-U specifically, highlighting the influence of the parameter θ on its formulation. Fig. 7 represents the dyG 
curves of the model M6-U with different values of θ, showing its dependency on this variable: it is quite evident that the actual in
fluence of θ is negligible since the curves are overlapped. Fig. 8 depicts the dyG curves of the same model as a function of θ for different 
values of d. The curves are similarly shaped (since there is no dependency between θ and d), and they appear mainly flat for all the 
values of θ, implying no dependency of dyG on this variable. 

The negligible influence of the variable θ is further highlighted by Fig. 9 and Fig. 10, which represent the dependency of dyG for both 
the model on both θ and d. Despite being dyG of M6-U dependent on θ, the global shape of the dyG function is quite similar to M4-U, 
assessing clearly that d is the only variable that has a clear influence on dyG and, thus, the distance map. Based on this evidence, we 
selected the M4-U model specification in section in Section 3.3 to highlight the properties of the selected distance maps. 

3.3. Distance map properties 

This section focuses on the distance map when selecting M4-U specification for dyG. To highlight the properties of this distance map, 
Fig. 11 compares it with the baseline Euclidean distance map. This figure shows the projection of the distance maps on the plane x-y, 

Fig. 6. Comparison of dyG from the models M4-U (in blue) and M6-U (in red). (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 

Fig. 7. dyG curves of the model M6-U with values of θ varying in [-90,90]deg.  
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also highlighting the trajectories followed by the pedestrian in the two different cases. M4-U in Fig. 11 features a shape that varies 
while the distance from the exit increases so that the change in its convexity is evident. This particular characteristic can better 
represent those trajectories of pedestrians walking between goals and starting points located on the same side of the walkable envi
ronment: pedestrians walk away from the exit, step inside the walkable environment and proceed far from the walls with a curved 
trajectory and then aim at the exit. Differently, the Euclidean map cannot interpret this phenomenon, as highlighted by the trajectories 
in Fig. 11.b. In this case, a simulated pedestrian using this distance map and starting close to a wall will walk to the exit touching the 
wall during the full path. 

4. Model performance assessment 

In this section, we provide some validation results by comparing the distance obtained by the proposed model and the distances 
observed in the calibration dataset in Section 4.1, while the result of simulations implementing the proposed distance map is illustrated 
in Section 4.2. 

Fig. 8. dyG curves of the model M6-U with values of d varying in [0,10]m.  

Fig. 9. dyG representation function of d and θ in the model M4-U.  
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4.1. Distance comparison 

First, is this initial part, we consider the effective walked distance by pedestrians as a metric to assess the performance of the model 
M4-U estimated. This performance is compared with the baseline model in Fig. 11.b, i.e., the traditional Euclidean distance map model 
used in the literature (Burstedde et al., 2001) (Kirchner & Schadschneider, 2002). 

Fig. 12 shows a comparison between the real trajectories and the ones generated from the two distance maps compared in the case 
of the central exit: starting from the points in blue, the real data trajectories are in grey, while the ones generated by the distance maps 
in the same starting points are in orange. In this analysis, we only use real trajectories in which the tangents between the real tra
jectories and the distance map-based ones differ in the starting points less than ϕ = 30◦ : this allows us to filter out real trajectories in 
which the initial conditions (such as the entrance directly in the walkable space) strongly influence the full path of pedestrians. The 
plots in Fig. 12 clearly show how the trajectories by the proposed model (M4-U) are closer in terms of shapes to the real ones than the 
trajectories by the Euclidean model. This result is more evident for the real trajectories with y starting point coordinates greater than y 
= 6 m. 

We quantitively assess this evidence by considering the walked distance difference between the real trajectories and the simulated 
ones as a metric of similarity between the models and data (i.e., the difference between the grey and the orange trajectories in Fig. 12 
expressed in meters). We consider two cases that include in the metrics computation: i) all the trajectories, ii) only trajectories with y 
starting point coordinate greater than y = 6 m. This was done to assess how the different distance maps can predict the trajectories of 
people starting their walk close to the wall where the door is located. 

Fig. 10. dyG representation function of d and θ in the model M6-U.  

Fig. 11. Distance map and pedestrian trajectories for (a) the proposed distance map (b) the Euclidean distance map.  
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Fig. 13 shows how much close the values of the walked distance obtained by the models are in comparison to the ground truth 
values of the real data. The red line represents the ideal condition in which the distances from the models perfectly match the real data; 
the more the blue points distribute close to the red line, the more the model can interpret the real data. The blue line represents instead 
the linear regression model fitting the real data to the predicted data, with the γ value representing its slope. By stating that the 
overlapping of these two lines is a measure of goodness for the models, we can affirm that the closer γ is to 45 deg, the better is the 
model fitting. By comparing (a) to (c) and (b) to (d) in Fig. 13 (and thus, in general, M4-U to the Euclidean model) by the γ values 
shown, it is evident that M4-U provide better performance in both the cases considered. 

In line with the literature, we quantitatively measure the behaviour highlighted in Fig. 13. by reporting in Table 5 the computation 
of multiple metrics such as R2 score, Mean Squared Error (MSE), Mean Absolute Error (MAE), Sum of Squares Due to Error (SSE), Sum 
of the Absolute Errors (SAE) and Round Mean Squared Error (RMSE) between the ground truth walked distances from the real tra
jectories and the ones obtained from the two models compared. The metrics in. 

Table 5 clearly assess a better performance of M4-U on the baseline Euclidean model for both the cases considered. 

4.2. Validation in a collective context 

In all previous part, we only considered the case of (isolated) individuals walking toward a door. However, models using distance 
maps are typically employed in situations where a (large) number of people are moving toward an exit in a group. Since our distance 
map is calibrated using trajectories of individuals, it is possible that the model is over-calibrated for the scenario in which data were 
collected. Here, we wish, therefore, to check the potentials and limitations of the proposed model in a collective context where people 
need to exit from a room in a group and interactions between individuals also play an important role. First, we compare the proposed 
model with classical metrics used in traditional floor field cellular automaton models by benchmarking simulation results against 
experimental data collected in a laboratory experiment. Later, we study the property of our model in a collective condition by 
considering an imaginary scenario with a bigger number of people where it is easier to measure specific properties and grasp dif
ferences between our model and classical approaches. 

To benchmark the proposed model, empirical data from an egress experiment are used here. The experiment has a very simple 
design. A mock-up room is created with cardboard delimiting the walls, and people are asked to leave the room after a start signal is 
given. The room was 4 m in width and 7 m in length, with the exit door being 80 cm wide and positioned in the middle of the longest 
side. Two different conditions were tested. In one condition, 25 people took part in the experiment and 3 repetitions were carried out. 
The second condition employed a higher initial density with 43 people; 5 repetitions were performed. Instructions were kept as simple 
as possible. Participants were simply asked to enter the room and leave from the exit at the “start” signal. For safety reasons, they were 
not allowed to run or push, and we simply asked them to avoid waiting too long in the same position.5 A camera was set over the room 
to collect videos and extract participants’ locations and trajectories (for details, see (Feliciani & Nishinari, 2018) (Feliciani & Nishinari, 
2018)). An overview of the experiment is presented through some snapshots provided in Fig. 14. As seen, people typically occupied the 
room uniformly before egress started, although a sort of radial alignment can be observed. 

Fig. 12. Comparison between real trajectories and trajectories from distance maps in the case of the central exit. (a) M4-U; (b) Euclidean distance. 
The trajectories generated by the models are in orange, the real ones from data are in grey while the starting point of each trajectory is in blue. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

5 Sometimes participants in supervised experiments may wait in the corner and leave from the exit only when most people had already left. The 
instruction was intended to avoid this condition from happening and ensure a stable flow of people through the exit. 
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It is important to remark that experiments such as the ones reported here were performed by a number of researchers with a larger 
number of people and conditions close to emergency evacuation (see, for example, (Sieben et al., 2017) (Feliciani et al., 2020)). There 
are two main reasons why those specific experiments with 25 and 43 people are considered here. First, the authors are familiar with the 
experiments and this aspect plays a rather important role in laboratory experiments where instructions, the way they are given and 
what happened before, during, after the experiments can potentially influence the outcome. From this perspective the physical 
presence or a detailed documentation are necessary to understand the experiments and the context in which they are carried out. 
Second, they reproduce an egress situation which is in line with the data used to calibrate the model. In conditions close to emergency 

Fig. 13. Representation of the walked distances obtained with the models M4-U and Euclidean in comparison with the real walked distances from 
data. Two cases are considered: i) the whole dataset, where all the trajectories are used; ii) the filtered dataset, where only trajectories with the y 
coordinates of the starting point is greater than 6 m: (a) M4-U whole dataset, (b) M4-U filtered dataset, (c) Euclidean whole dataset, (d) Euclidean 
filtered dataset. 

Table 5 
Models’ comparison based on multiple metrics.  

Model Trajectories considered R2 MSE MAE RMSE SSE SAE 

Euclidean All  0.87  1.01  0.85  1.00  9288.20  7442.94 
y > 6  0.89  1.76  1.12  1.33  2461.94  1531.97 

M4-U All  0.91  0.71  0.70  0.85  6624.35  5737.61 
y > 6  0.95  0.98  0.79  0.99  1376.39  1022.91  
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evacuation, people are pushed toward the wall, and their behaviour is very different from the one being studied here, where we 
intended to reproduce people leaving space under normal conditions (leaving a school class, a concert, etc.). 

To compare the modelling proposed here with classical approaches used in cellular automaton crowd simulation, we created a 
simple model with a Moore neighbourhood (the same used in calibrating the model as shown in Fig. 3) and where only the static Floor 
Field (distance map) is used. That means people move toward the exit only based on the static Floor Field and considering the oc
cupancy of nearby cells. More specifically, the model is based on the following features, which are classical elements of cellular au
tomaton models used for pedestrian dynamics.  

• A cell size of 40 cm is used, which corresponds to the typical size of humans without external pressure. Different sizes were also used 
in previous studies, although 40 cm is arguably the most common selection.  

• During each computational time step, pedestrians (which can occupy one cell at most) try to move to the cell having the highest 
probability associated to the Floor Field by using only empty cells in their neighbourhood. Since a single Floor Field is used, the 
distance map alone would be sufficient to determine a cell where people aim to move. However, for formalism Equation (3) is used 
to convert values of the Floor Field into probabilities.6  

• If multiple neighbouring cells have the same probability (the distance map takes integer values to follow the discrete nature of CA), 
a cell is selected randomly among the multiple candidates.  

• Positions are updated in parallel. This means that each pedestrian will select a position to move into the following time step, and if 
conflicts occur due to multiple people attempting to move into the same cell, only one is randomly selected.  

• Free moving speed is the only parameter to be tuned, and it is used to compute the time step (by dividing cell size by walking 
speed). In this work, a speed of 0.90 m/s is used, which is in line to what found experimentally (when people walk through and 
slightly past the door). This value generally resulted in the best agreement with empirical egress time (details will follow). To 
account for the fact that diagonal cell-to-cell motion is 

̅̅̅
2

√
− 1 faster than a straight motion, the time step is artificially increased by 

̅̅
2

√
− 1

2 (assuming that half of the transitions occur diagonally). This is obviously a simplified assumption, but we deem it sufficient for 
the scope of model comparison and benchmarking.  

• Exit is simulated using a single cell for accounting the fact that only one person can pass through the exit in each time step. This is 
clearly an approximation, since, as also shown in Fig. 14, two people may be able to align their bodies to use space more efficiently 
in reality (although this condition is rather rare, and usually, people would transit individually). But it is necessary to remember 
that the cellular automaton is a computational approach taking approximations in space and time, and assumptions are generally 
needed to translate reality into the simulation. 

Using the floor field cellular automaton model with the rules presented above, three different distance maps were tested: the 
Manhattan and Euclidean distance metrics and the approach proposed here. More specifically, we will use model M4-U, which rep
resents a good balance between simplicity and accuracy. The same geometry studied experimentally has been recreated in simulation, 
and the initial position of participants was employed in cellular automaton simulation used to minimise the differences between 
conditions studied in reality and numerical simulation. 10 repetitions were performed for each initial configuration tested experi
mentally, thus resulting in 30 repetitions for the low-density condition and 50 for the high-density condition. 

The first indicator we study to evaluate the performance of the three distance map approaches is the egress time (defined as the time 

Fig. 14. Snapshot for the experiment with 43 participants. The scenario with 25 people is qualitatively similar, although, obviously, the initial 
density is lower. Time 0 s is set when the first person passes through the exit. Cap colour is used to codify different sensors attached to participants 
not used in this work (for details, see (Feliciani and Nishinari, 2018a). 

6 In calibrating the model kS in the exponent of Equation (3) is used as a general parameter and the negative value is obtained through calibration. 
In short, the calibration process automatically infers that a negative value of kS is needed to reproduce experimental data. In addition, in calibration 
kS is dependent on several parameters and must be determined along with those parameters. In simulation, given that only the distance map de
termines the transition probabilities, a value of − 1 is used. 
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taken to empty the room after the first participant passes through the exit) presented in Table 6. In general, all models perform well in 
both low and high-density conditions. Moreover, we can notice that all models tend to underestimate egress time in the low-density 
condition and overestimate it in the high-density condition (with the model proposed here performing slightly better). However, a 
good result regarding egress time was to be expected since free speed was calibrated to match experimental results. Also, egress time 
does not say much on the accuracy of a model since it represents only a simple value providing no indication of space utilisation within 
the room. 

In that sense, the average occupancy of each cell can be used to compute the density distribution, which can be easily compared 
with experimental data, with results presented in Fig. 15. From the density heatmaps presented in Fig. 15 the differences between the 
three models become clearer. In particular, because of the settings used in defining the distance to the exit, the Manhattan approach 
results in a triangular shape, which is very different to what was observed experimentally. The Euclidean approach and the model 
proposed here show similar profiles, although our model generally depicts better the tendency of avoiding the walls (see also Fig. 14). 

To quantify the accuracy of each approach as presented by the density profiles, we computed the correlation coefficients between 
experimental and simulation by comparing values in each cell with the outcome reported in Table 6. Results show that regardless of the 
initial density, our distance map outperforms the classical approaches used in the model implementation. However, this could be due 
to numerical artefacts associated with using the correlation coefficient (designed for 1D series) in a 2D context. 

To better measure some features of the density maps in the context considered here, we therefore additionally introduce the “crowd 
angle” defined by Equation (8): 

β =

∑
areaatan

(
dy(i,j)
dx(i,j)

)
• ρ(i, j)

∑
areaρ(i, j)

(8)  

where dx(i, j) and dy(i, j) are the distances from cell (i, j) to the exit and ρ(i, j) the local density in that position.7 The calculation is 
performed on the left and right half of the room with respect to the exit, with the average between both sides taken. The crowd angle 
allows providing a first-hand approximation of the shape collectively formed by the group leaving the room. Values close to 0◦ indicate 
a tendency to stay close to the wall, while values close to 90◦ are obtained when people line up in an ordinate manner. The crowd angle 
for the three distance map configurations is presented in Table 6, showing that, also under this perspective, the model presented here 
achieves results closer to the experimental case, especially in the condition with 43 participants. The better performance for the more 
crowded condition can be also explained by the more organized orientation of the participants. In fact, whereas the condition with 25 
participants shows large differences between the left and right side, the high-density condition is more symmetric and less dependent 
on the initial position of the participants. 

The experiments considered above are useful to benchmark the proposed model and confirm that its features are in line with human 
behaviour observed empirically. However, the low number of participants makes it difficult to grasp the differences between the 
proposed model here and classical geometries. We will, therefore, also consider a room 50 × 50 cells in size (20 m if a cell of 0.4 m is 
considered) with an initial occupancy of 500 people. Such a setting would be difficult to reproduce in controlled experiments but can 
be easily set up in simulation. In this case, given the larger room, a two cells exit is assumed. 

Results obtained using this larger room are presented in Fig. 16. Representative frames were taken from the simulation to quali
tatively show the features of the proposed model. As Fig. 16 shows, although the crowd takes a generally round shape, the largest width 
is observed slightly away from the wall (especially in time step 120). In contrast, in the Euclidean approach, the largest number of 
people is amassed at the walls, which is typically not observed in normal egress conditions. 

To further analyse the results, the temporal evolution of crowd angle was computed using people positions instead of the density 
indicated in Equation (8) (0 for empty cells and 1 for occupied cells). Results are presented in Fig. 17. The initial increase is created by 

Table 6 
Numerical indicators are used to compare experimental results with numerical simulation using different distance map configurations. Egress time 
statistics are computed among trails for experiments and among repetitions for simulation. The density correlation coefficient (details formalised later 
in the text) is calculated on aggregate results andonly a single value is available for each condition. Crowd angle is provided for the whole crowd and 
for the left and right side in brackets, respectively (left first, right second). Note that since a weighted average is taken the total average may not be 
necessarily the mean between left and right side.  

Measure (25 people) Experiment Manhattan Euclidean This work 

Egress time (s) 18.52 ± 0.49 17.67 ± 1.46 17.44 ± 1.31 17.92 ± 1.26 
Density correlation coefficient 1.000 0.655 0.577 0.724 
Crowd angle (deg) 55.5 (51.3, 62.5) 41.1 (39.8, 42.6) 38.7 (38.1, 39.4) 45.9 (45.7, 46.0) 

Measure (43 people) Experiment Manhattan Euclidean This work 

Egress time (s) 29.90 ± 0.89 30.82 ± 1.71 30.79 ± 1.48 30.63 ± 1.81 
Density correlation coefficient 1.000 0.829 0.816 0.888 
Crowd angle (deg) 48.1 (45.7, 51.8) 40.1 (40.5, 39.8) 38.5 (38.6, 38.4) 45.1 (45.4, 44.8)  

7 Equation (8) is no less than a weighted average of the angle taken by the crowd in each half of the room with local density representing the 
weights. The name “crowd angle” is simply used as it represents a more intuitive and shorter expression and “weighted average angle.”. 
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the people being randomly distributed inside the room and moving toward the exit. But after 10 s, the differences among the distance 
maps emerge clearly. The Euclidean geometry converges toward a 45◦ configuration as people dispose radially. On the other hand, the 
elongated “queue” created by the Manhattan approach results in high angles. The approach presented here can be seen as a trade-off 
showing that people do tend to “queue”, but, at the same time, they also attempt to leave the room in directions parallel to the walls. 

To conclude this section, we wish to briefly comment on the validity of our model for highly competitive scenarios. As already 
stated, the model has been tested, calibrated and was purposedly validated using non-competitive conditions. Further, experimental 
data available for very competitive conditions (see for example (Feliciani et al., 2020) or (Sieben et al., 2017)) usually do not cover the 
whole crowd (especially in the early stages of evacuation), thus making it difficult to obtain accurate density maps or compute the 
crowd angle. It is nonetheless interesting that, even in very competitive conditions, the shape taken by the crowd appear to be a circle 
with the centre slightly shifted from the exit toward the room. This can be observed from the videos provided in (Garcimartín et al., 
2013) and (Garcimartín et al., 2017), and partially through the density maps shown in (Feliciani et al., 2020). This aspect clearly 
deserves a deeper and ad-hoc investigation, but it is possible that even in competitive conditions people avoid the area close to the wall, 
possibly for reasons not necessarily similar to the ones used to explain the behaviour upon which this work was based. 

5. Discussion and conclusions 

In this work, we investigate how pedestrians navigate in spaces without obstacles and how this can be formalised in terms of a 
distance map model. This was achieved by challenging the static goal assumption adopted by the traditional pedestrian models, in 
which pedestrians aim at the central location of an exit or its other geometrical features (Chraibi et al., 2013) during the full movement 
toward it. To the best of our knowledge, this work represents the first attempt to challenge this assumption. Thus, we proposed a 
conceptual model in Section 2.1, assuming a changing pedestrians’ goal depending on their location with respect to the exit they are 
aiming at. In this investigation, we started by hypothesizing the moving goal for the pedestrians during their exit from a room. Then, 
we verified on real data that this assumption provided better results than traditional CA models. We then noticed another interesting 
feature of the model: without adding any further wall-repulsion component, the proposed distance map guided people through curved 
trajectories toward the goal. 

To test the proposed conceptual model, we use 9000 trajectories filtered to form the pedestrian dataset by Majecka et al. (Majecka, 
2009) and different nested model specifications (12 models in Table 1 and Fig. 2) assuming the change of pedestrian goal as a function 
of d and θ, which are defined in Fig. 1. The results in Section 3.1 show that the distance of a pedestrian from an exit is the main variable 
affecting the distance map. Fig. 6 clearly indicates that pedestrians head for goals in front of the exit when their distance from it is 

Fig. 15. Average density recorded in each position (or cell) in the time period relative to the first participant passing through the exit until the last 
one leaving the door. The upper row is relative to the low-density condition with 25 participants, the lower row to the condition with 43 people. Cell 
size is 0.4 m in width. Exit is located at (0,0). 
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Fig. 16. Frames taken during simulation using different distance maps (left) and final density map (right). A room having a size of 50 × 50 is taken 
as an example and 500 people are randomly placed inside it as the initial configuration. 100 repetitions were used to generate the average density 
map presented on the right. 

Fig. 17. Crowd angle computed using the geometry of Fig. 17 and averaged from 100 repetitions.  
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greater than 0.5 m while their actual goal is beyond the center of the exit for shorter distances. Although the results in Section 3.1 
indicate that θ also has an impact on the distance map, the results in Section 3.2 provide evidence that the impact of θ is minimal and 
can be ignored. This led us to select the MU-4 (Table 1) as the best model specification describing the phenomenon under investigation 
by following the parsimony modelling principle. This feature makes the model easier to be implemented in existing and new pedestrian 
and evacuation software tools (Lovreglio et al., 2019). In fact, the distance map could be used in its original form for discrete models 
such as the floor field cellular automata model, or it is gradient can be used to define the desired direction field (Burstedde et al., 2001) 
(Kirchner & Schadschneider, 2002) for the continuous model as the social force model (Moussaïd et al., 2011). 

The open dataset (Majecka, 2009) used in this work was selected due to its high ecological validity. In fact, the movement of 
thousands of pedestrians was recorded in an open space environment during the building’s operative conditions. As such, unlike in 
many laboratory experiments, the pedestrian was not affected by any other conditions, and they displayed their true behaviour. 
Although laboratory experiments can reach thousands of trajectories, these are generally coming from a very limited sample size of 
participants who are asked to perform different walking and evacuating tasks multiple times. Differently, in the selected dataset, the 
trajectories are from more building occupants showing a more heterogeneous behaviour in their walking patterns. These filtered 
trajectories used in this investigation were collected in a built environment scenarios having multiple exits on the same wall. This 
feature might have some impact on the results proposed in this work. However, this is a common feature in many large empty indoor 
spaces, such as atrium, and this dataset was selected given its unique combination of sample size and ecological validity. Finally, we 
believe that if there is any impact, its effect is marginal as dataset shows similar curvatures of pedestrian which do not use the one of 
the other doors on the same wall of the exit as starting point as shown in Fig. 5. Further, the use of big data has implications for how the 
parameters of the calibrated model can be interpreted. In fact, all the p-values of the parameters are below the 0.01 threshold, but this 
does not imply that all the factors investigated in the model can have a meaningful impact on the description of the phenomenon 
(Ioannidis, 2019). As such, we use a sensitivity analysis to highlight the impact of the two factors under investigation in this work. 

The main contribution is the proposal of an innovative modelling solution in which we assume a moving goal which pedestrians 
head for while moving. Based on this assumption, we specify and calibrate a new distance map using real data. The proposed distance 
map performs better if compared to traditional distance maps (such as Eulerian one) and features an important characteristic, i.e., the 
capability to originate curved trajectories for pedestrians’ movement toward their goals. Moreover, we tested our distance maps in 
scenarios and applications different from the set-up on which it was calibrated (i.e. evacuation context in section 4.2). The metrics 
measured in these scenarios confirmed that the proposed map perform better than traditional maps. 

A key feature of the proposed model is its capability to have pedestrian walking away from walls, as shown in Fig. 12.a. This feature 
is in line with what is observed in many previous pedestrian studies, and it is considered by fire engineers when calculating the 
effective design width of an enclosed environment with walls and obstacles (Gwynne & Rosenbaum, 2016) (Purser, 2010) (Graat et al., 
1999) (Ronchi et al., 2014). According to the latest SFPE handbook, the boundary layer width accounting for the unused space by 
pedestrians can vary from 9 cm to 46 cm, which is the same order of magnitude we can observe in the trajectory drawn in Fig. 12.a (See 
Table 5 9.1 in (Gwynne & Rosenbaum, 2016)). This feature is not available in traditional models using Euclidean distance metrics as 
distance maps (Burstedde et al., 2001) (Kirchner & Schadschneider, 2002) or the latest more advanced data-driven metrics proposed 
by Lovreglio et al. (Lovreglio et al., 2018). In fact, the proposed deforming the Euclidean matrix in (Lovreglio et al., 2018) generate 
trajectories almost parallel to the wall when a pedestrian is away from an exit and close to the same wall; these trajectories start 
curving when the pedestrian is a few meters away from the door (please refer to Fig. 8 of the referenced paper: link). In other words, 
deformed Euclidean matrix can partially mimic the behaviour of pedestrian while not investigating the true reason behind these 
curved trajectories. On the other hand, having the possibility to change the pedestrian goal as a function of the distance allows the 
distance maps to achieve modelling solution closer to the observed trajectories in Fig. 5, as well as provide evidence on the reason 
behind these curvatures. 

The proposed distance map has been tested in this work using two different approaches (see Section 4). In the first approach, we 
compared the actual distances walked by the building occupants in the calibration dataset with the distances generated by the pro
posed distance map and the traditional Euclidean distance map. The results clearly show how the features in Fig. 11 have strong 
implications in terms of distances. In fact, the results in Table 5 show that the simulated distances from the proposed distance map 
clearly outperforms the results of the Euclidean map, especially for agents starting their path close to the wall where the door is 
located. Finally, we tested the proposed distance map against a pedestrian dataset published in (Feliciani & Nishinari, 2018) (Feliciani 
& Nishinari, 2018) by implementing the distance map in a floor field cellular automaton model. This validation exercise also shows 
that the proposed distance map provides better results than traditional maps in terms of densities and the crowd angle matrix proposed 
in Equation (8). 

In this work, we tested the proposed distance map using CA models. In the related simulations, the evacuation interactions were 
modelled using simple rules proposed in (Burstedde et al., 2001). However, future implementation can integrate the proposed map 
with more advanced evacuees’ interaction rules. Further, as explained in the Introduction, a distance map can be converted into a 
vector field by normalising the gradient of the distance map, as illustrated in Footnote 1 of this paper. The derived vector field can be 
used in continuous social force models as the desired direction for evacuees. 

One limitation is that this paper only uses trajectory data without considering the actual biomechanics of pedestrians focusing on 
features like their steps length, body rotation etc. This represents a new trend in the pedestrian and evacuation dynamic field 
(Agyemang & Kinateder, 2022) (Ronchi et al., 2019) (Zanlungo et al., 2023). However, existing open datasets providing the full body 
posture of a pedestrian while evacuating or existing doors are still not available, and they will require a completely new approach to 
model and analyse pedestrian navigation. As such, this work relies on the use of traditional trajectories tracking the full body of a 
pedestrian as a point in a two-dimensional space using the assumption described in (Majecka, 2009). 
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The paper does not investigate the potential contribution of further modelling components such as translational inertia, rotational 
inertia, and repulsion from walls. Even if the model proposed shows good performance, there is still space for improvement which can 
be driven by considering these components’ contribution. This further investigation requires dealing not only with trajectories (thus, 
with spatial features of the pedestrians) but also with time-related quantities (such as speeds): there is a clear need for quantifying the 
trade-off between model complexity and efficacy. This evaluation can be conducted in future works by investigating the comparison 
between the model proposed and the class of CA models integrating the repulsion from walls component (Nishinari et al., 2004). 
Despite sharing the peculiarity of interpreting curved trajectories, the hypothesis driving this feature is quite different: the model 
presented exploits the moving-goal hypothesis, while the other models some mechanistic rules derived from the Social Force Model. 
This further investigation can potentially expand the behavioural comprehension of the pedestrian dynamics. We state that this work is 
interpretable as a further behavioural layer implementable on static distance map-based models. 

Another limitation of this work is that we assumed uniform behaviour among all the observed pedestrians. As such, the model 
proposed in this work provides an average trend for the full sample available for calibration. The lack of heterogeneities can be 
overcome in future studies by assessing how different demographics might affect the goals of pedestrians as they approach an exit as 
well as using random-parameter models or Bayesian-based models following the trend observed for exit choice investigations (Lov
reglio et al., 2016) (Song & Lovreglio, 2021). However, the used dataset does not provide this information, and it was not possible to 
test different demographics-related assumptions. Another possible path to account for heterogeneity could be the use of the Random 
Parameter Model (also known as mixed models) or the use of the Hierarchical Bayes Estimator (Song & Lovreglio, 2021) to identify 
differences among the observed pedestrians. 
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