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Abstract 16 

In moving pedestrian crowds, the distribution of individuals over different available routes emerges 17 

from the decisions of individuals that may be influenced by the actions of others. Understanding 18 

this phenomenon is not only important for research into collective behaviour, but also has practical 19 

applications for building safety and event management. Here, we study the mechanisms underlying 20 

pedestrian route choice, focussing on how time-independent information, such as path lengths, and 21 

time-dependent information, such as queue lengths, affect both initial decisions and subsequent 22 

changes in route choices. We address these questions using experiments with nearly 140 volunteers 23 

and an individual-based model for route choice. Crucially, we consider a wide range of route choice 24 

scenarios. We find that initial route choices of pedestrians achieve a balanced usage of available 25 

routes. Our model suggests that pedestrians performing trade-offs between exit widths and 26 

predicted exit crowdedness can explain this emergent distribution in many contexts. Few 27 

pedestrians adjust their route choice in our experiments. Simulations suggest that these decisions 28 

could be explained by pedestrians comparing estimates of the time it would take them to reach their 29 

target using different routes. Route choice is complex, but our findings suggest conceptually simple 30 

behaviours may explain many movement decisions. 31 

 32 
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1. Introduction 39 

Most pedestrians are familiar with the situation of having to choose between different routes in busy 40 

places, such as selecting one of a number of exits from an underground station. Previous work has 41 

established that pedestrian crowds display collective behaviour, as the interactions between 42 

individuals give rise to the observed dynamics of the whole crowd [1]. It is likely that when 43 

choosing routes, pedestrian crowds also display collective behaviour, as individual pedestrians may 44 

respond to the movement or behaviour of others [2]. The distribution of pedestrians over available 45 

routes would then emerge from individual-level route choices that may depend on what others do. 46 

Route usage is of direct relevance for building design, event planning and traffic control [3] and 47 

pedestrian crowds therefore provide one example for the importance of understanding collective 48 

behaviour, a wide-spread phenomenon in nature [4]. 49 

        When moving, pedestrians seek to avoid collisions with others and steer around obstacles. 50 

They are also likely to have one overarching destination or goal they want to reach (e.g. exit an 51 

underground station). These two types of movement decisions take place at different spatiotemporal 52 

scales and have been categorised as occurring at the ‘operational level’ and at the ‘strategic level’, 53 

respectively [5]. Here, we investigate movement decisions that can be found at an intermediate level, 54 

typically referred to as the ‘tactical level’ [5]. Typical decisions at this level include deciding 55 

between different exits from a room or deciding which path to follow at a junction. 56 

         At the operational level, pedestrians frequently update their movement direction in response to 57 

changing circumstances around them (e.g. to overtake slower pedestrians [6]). In contrast, decisions 58 

at the strategic level are unlikely to be updated frequently. For example, during an evacuation only 59 

extreme situations, such as a serious injury or losing sight of a relative [7, 8], might alter the 60 

strategic goal of leaving the building. We propose that movement decisions at the tactical level may 61 

be adjusted systematically in response to changing situations. For example, pedestrians might move 62 

from a first-choice exit to another exit because of a long queue at the former. We seek to establish 63 

mechanisms underlying such dynamic tactical-level route choices in humans using experiments that 64 

simulate low-pressure evacuations. 65 
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        Human route choice has been investigated extensively in previous research. It has been 66 

suggested that pedestrians generally choose the route that coincides with their estimate of the 67 

quickest path [9]. Pedestrians could estimate the quickest path based on time-independent 68 

information such as exit width or path length [10]. For example, pedestrians may prefer nearer exits, 69 

as they could walk shorter distances to reach them which may reduce their walking time [11]. 70 

Wider exits may be preferred over narrow ones, as they allow pedestrians crowds to pass more 71 

efficiently [12]. This implies that the layout of possible exit routes could be important [13] and 72 

could lead to pedestrians trading off the distance from exits against their width, for example. 73 

        When pedestrian densities are low, individuals may only need to consider time-independent 74 

information when making decisions. For example, at low crowd densities, the shortest path is 75 

typically also the quickest [14]. However, as already indicated above, at higher pedestrian densities, 76 

time-dependent information may inform human route choice [12]. Time-dependent information 77 

about exit routes can take different forms and can be communicated in different ways. Pedestrians 78 

might be unfamiliar with the location of exits [15] and try to obtain information from others [16]. 79 

Individuals in dense crowds could get stuck in queues causing them to search alternative routes [17] 80 

or, alternatively, their line of sight to alternative exits may even be occluded [18]. Taking time-81 

dependent information into account could have the effect that pedestrians change their opinion on 82 

which path to use (e.g. based on estimating the quickest path). Experiments conducted with human 83 

participants in virtual environments support this proposition and additionally suggest that time-84 

dependent information plays a more important role in route choices than time-independent 85 

information [12]. 86 

        Previous work has focussed particularly on developing efficient and realistic simulation 87 

models for human route choice [8-23]. In principle, these models are very useful, as they provide 88 

hypotheses for behavioural mechanisms underlying route choice and could in theory be used to 89 

predict crowd behaviour in real-life scenarios [23]. However, many of these models [9, 10] have not 90 

been validated against empirical data which makes it difficult to judge their appropriateness. Some 91 

models have been compared to experimental data, but only one route choice scenario was 92 

investigated (e.g. choice between two identical exits [21]) and it is therefore not clear whether the 93 

models also apply in different scenarios. While experiments in virtual environments have started to 94 

investigate what factors influence route choice in more detail [12, 19, 22], it is not clear to what 95 

extent these findings can be extrapolated to real-life human behaviour. In summary, only very few 96 

experiments with pedestrian crowds have been conducted specifically to study human route choice 97 

[2]. 98 
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        Our work addresses these issues and uses both experiments and simulations of a novel model 99 

to explore the mechanism of dynamic route choice. In our experiments, we present crowds of 100 

almost 140 pedestrians with a choice of different exit routes from a room. In contrast to previous 101 

work, we study a wide range of route choice scenarios that differ in the arrangement of exit 102 

locations and in the initial positioning of participants in our experiments. We use this substantial 103 

data set to address two main research questions. First, we investigate the initial choice of exit of 104 

pedestrians at the start of the experiment. In particular, we test if time-independent information (e.g. 105 

proximity to exits) is sufficient to explain these initial route choices. Second, we investigate 106 

mechanisms underlying dynamic route choices (i.e. how route choices change over time). We 107 

propose a general, perception-based mechanism for human route choice that takes time-independent 108 

and time-dependent information into account. With simulations of a model derived from this 109 

mechanism we test if this mechanism can reproduce the dynamic route choice observed in our 110 

experiments. 111 

        The remainder of this manuscript is structured as follows. First, we describe our experiments 112 

and use the experimental data to characterise exit usage and changes in route choice. These results 113 

provide initial insights into what affects human route choice. Subsequently, we present our route 114 

choice model. We compare simulations of this model to our experimental data and thereby 115 

investigate route choice mechanisms in more detail by suggesting a possible mechanism for route 116 

choice behaviour. 117 

 118 

2. Experiments and data capture 119 

2.1 Experimental setup 120 

We conducted experiments in the Düsseldorf trade fair centre (Germany) in June 2013 with a total 121 

of 138 participants (54 female and 84 male). The average age was 24 years, with the youngest 122 

participant 18 and the oldest 62 years old. The same group of participants completed experiments 123 

for three different route choice scenarios, which we subsequently refer to as experiments A, B and 124 

C. We used 2.5 m high barriers to construct different layouts of rooms with exits for each 125 

experiment. Snapshots and sketches of the experimental setups are shown in figure 1. Before the 126 

start of each run, participants were located in holding areas (indicated in figure 1). After an acoustic 127 

signal, they were asked to pass through the experimental setup as quickly as possible, but without 128 

competing or pushing. In total, we conducted 19 experimental runs: 10 runs for experiment A, 6 129 

runs for experiment B and 3 runs for experiment C. Each run is referred to in the format 130 

“experiment_run” (e.g. “A_1” represents the first run of experiment A). We varied the number of 131 
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participants included in the experiment, the width of exits and the distribution of participants over 132 

the different holding areas between experimental runs. Details are described in figure 1 and in the 133 

electronic supplementary material, table S1. 134 

        We recorded the experiments from above using a camera grid of six by four cameras mounted 135 

7.5 m above the floor. An additional camera to obtain an overview of the entire scene was used. 136 

Pedestrian trajectories of each run were automatically extracted from the video recordings using 137 

custom-made software (detailed information about this procedure can be found in [24]; data is 138 

available as supplementary information). Sample trajectories for experiments A_3, B_3 and C_2 are 139 

presented in figure 1 (d), (e) and (f), respectively. We carried out all subsequent analysis of the 140 

trajectories using the Python programming language [25]. 141 

 142 

2.2 Egress time 143 

We recorded the time at which each participant had exited the experimental setup after the start of 144 

the experiment, 𝑡𝑖 , as the time when individuals crossed the line segment representing the exit. 145 

From this, we computed the overall egress time for an experimental run, 𝑇 = max{𝑡𝑖}, for each run, 146 

which is given in the electronic supplementary material, figure S1 and table S2. 𝑇 was comparable 147 

in size across runs with the same initial conditions which demonstrates that pedestrian groups 148 

showed consistent behaviour under unchanged conditions. As expected, 𝑇  increased when the 149 

number of pedestrians, 𝑁, increased, in agreement with the results in [14] and [26]. These results 150 

suggest that despite the fact that we used the same pool of participants for all our experimental runs, 151 

there is no immediately obvious evidence for an effect on the observed dynamics by participants 152 

habituating to the experimental setup. 153 

 154 

2.3 Exit usage 155 

As explained in the introduction, the observed distribution of pedestrians over different routes 156 

emerges from the route choices of individuals. This distribution can therefore provide an insight 157 

into what affects route choice. We obtained the distribution of participants over exits from our 158 

trajectory data for all experimental runs and show the results in figure 2 (a), (b) and (c).  159 

        Our data provide evidence for some preferences in route choices. In experiment A, the path 160 

length to both exits was the same and we observe a general tendency for the wider (the right) exit to 161 

be used by more pedestrians than the narrower (the left) one (figure 2a). However, only for large 162 

pedestrian numbers (runs A_8, A_9 and A_10), we can be sure that the differences in exit usage we 163 

observe are unlikely to have arisen by chance (see the Binomial test in figure 2a). An exception to 164 
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this trend was run A_2, where the exit usage for the wider exit was lower. A possible explanation 165 

for this exception could be that the influence of exit width on exit usage was less prominent when 166 

the density was below a certain value (i.e. when there was no queue [13]), but we do not have 167 

enough data to formally test this explanation. Exit usage in the other experimental runs that 168 

included exits of different widths (B_5, B_6 in figure 2b and C_3 in figure 2c) also suggested a 169 

preference of participants for wider exits (statistical analysis omitted because of lack of replicates). 170 

         In addition to preferring wider exits, pedestrians may prefer nearby exits [11]. Our results 171 

provide support for this suggestion but also indicate that such a preference is not always evident. In 172 

experimental runs B_1 ~ B_4, the bottom and right-hand exits were closer to the participants who 173 

were positioned in holding area I. These two nearby exits were used by more participants in B_1 174 

and B_2, while the tendency does not exist in B_3 and B_4 (figure 2b). Similarly, in experimental 175 

runs C_1 and C_2, pedestrians reached the left-hand exit first when leaving their holding position 176 

and this exit was used by slightly more participants (figure 2c). 177 

         These observations provide some limited support for the notion that pedestrians use time-178 

independent information in their route choice. We now investigate the evidence for dynamic route 179 

choice (i.e. the use of time-dependent information by pedestrians).  180 

 181 

2.4 Path re-planning behaviour 182 

We manually examined the video recordings of our experiments for evidence of changes in route 183 

choice. Previous work has used algorithms based on changes in movement direction to detect 184 

changes in route choice (e.g. [27]). However, such an approach was not feasible for the range of 185 

route choice scenarios we investigate here. For example, in experiment C, pedestrians did not have 186 

to change their movement direction substantially when deciding to use the right exit instead of the 187 

left one. To ensure that we identified route choice changes in a consistent and reproducible way, we 188 

devised a robust approach to distinguish three categories of pedestrian behaviour based on their 189 

movement direction, body orientation and head turns: 190 

 The first category of pedestrian moved towards one exit and kept their head turned towards 191 

this exit throughout the experiment. 192 

 The second category of pedestrian also moved towards one exit throughout the experiment. 193 

However, pedestrians in this category turned their head (but not their body) towards other 194 

exits and thus appeared to direct their attention towards alternative routes. 195 

 The third category of pedestrian showed an extension of the behaviour displayed by 196 

pedestrians in the second category. Pedestrians in this category initially turned their head 197 
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and body towards one exit and started to move towards this exit. At some point they turned 198 

their head from one exit to an alternative one in a clearly distinguishable way. Subsequently, 199 

they reverted to a behaviour similar to the pedestrians in the first category with aligned 200 

head direction, body orientation and movement indicating that they were moving towards 201 

one exit, different to their original choice. Figure 1 shows that pedestrians in this category 202 

typically followed trajectories that were clearly distinguishable from those of other 203 

pedestrians. 204 

        In our analysis, we labelled pedestrians in the third category as having changed their choice of 205 

exit route. We additionally estimated the time point at which pedestrians changed their mind on 206 

which route to use, 𝑡𝑖𝑐 . This time point was defined as the time when pedestrians first showed 207 

aligned head direction, body orientation and movement towards the alternative exit (different from 208 

the original one). 209 

        We plot the number of pedestrians who showed a change in route choice, 𝑛, for each run in the 210 

experiments in figure 2 (d), (e) and (f). Although path re-planning behaviour did occur in all our 211 

experiments (but not in all runs), the number of pedestrians who showed this behaviour was 212 

generally only a small proportion of all pedestrians involved in the experimental run (0% ~ 7.5%). 213 

This suggests that pedestrians’ initial choice of exit route was largely responsible for the observed 214 

exit usage. In addition, seeing that not all pedestrians opted for the same exit when one exit was 215 

much closer than others, it could be suggested that pedestrians took into account what others were 216 

or might have been doing and balanced this information or intuition against their own preferences. 217 

This proposition is supported in particular by experimental runs B_2 ~ B_6, where the exit usage 218 

was relatively balanced (figure 2b) with participants arranged in different holding areas (figure 1e 219 

and table S1). We re-visit these considerations when developing our model in the next section. 220 

        From the egress time of individuals, 𝑡𝑖 , and the estimated time at which they displayed a 221 

change of mind in their route choice, 𝑡𝑖𝑐 (both reported in figure S2 and table S3), we compute the 222 

ratio 𝑟 = 𝑡𝑖𝑐 𝑡𝑖⁄ . The mean value of the ratio 𝑟 for each run is shown in figure 2 (g) to (i). The 223 

average value of 𝑟 for the runs with the same initial conditions falls within the range of 30% to 60%. 224 

This illustrates that pedestrians tended to change their mind on which exit to use roughly half way 225 

through the time they spent inside the experiment. We confirm this result by investigating the 226 

distribution of 𝑟 for all pedestrians across all experimental runs (figure S3). We use a Kolmogorov-227 

Smirnov test to verify that this distribution can be approximated by a normal distribution with mean 228 

and standard deviation of 55.56% and 16.51%, respectively (𝑛 = 43, 𝐷 = 0.08, 𝑃 = 0.95). 229 
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        This finding on the distribution of timings for changes in exit route choice could be interpreted 230 

as follows. At the start of experiments, changes in route choice occurred infrequently because the 231 

situation around pedestrians did not change much. Over time, the distribution of the crowd could 232 

change substantially (e.g. queues formed and some queues moved faster) and pedestrians 233 

consequently were more likely to consider alternative routes. As experiments progressed, queues 234 

got shorter and shorter, making the situation for pedestrians more stable again. 235 

 236 

3. Modelling and simulation 237 

3.1 Modelling 238 

We propose a general mechanism for route choice in pedestrians by extending a previous model [9]. 239 

Our model describes tactical level route choice by suggesting how individuals select one route from 240 

a number of discrete routes, such as exit doors. We do not model strategic level route choices, as 241 

these were fixed to leaving the experimental setup and identical for all participants in our 242 

experiments. While we model operational level movement decisions (e.g. avoiding collisions) using 243 

a recently released pedestrian simulation framework [28], our model is flexible and could be used 244 

with alternative models for operational level movement (e.g. the Reciprocal Velocity Obstacle [34] 245 

or the Social Force Model [31]). At the start of our experiments, all participants were stationary and 246 

thus had to select a route. We separately model these initial route choices and subsequent route 247 

choices.  248 

        We first describe how simulated pedestrians adjust their route choice once they have made an 249 

initial decision. The key underlying assumption of our model is that individual pedestrians estimate 250 

how long it takes them to complete different exit routes and that they use these estimates as a basis 251 

for selecting a route. The algorithm of the model is described in figure 3 (a). We assume that 252 

individuals revise their initial decision if they have to wait in a queue (get caught in a pedestrian 253 

jam, defined below) or if they reach an intermediate target (e.g. once they have passed one exit on a 254 

route that includes multiple exits – this second scenario does not arise in the experiments we 255 

consider). When considering alternative routes, individuals use a ‘gain metric’ to compare their 256 

current choice with alternatives (defined below). A change in route choice only occurs if the gain 257 

for an alternative path is above a pre-defined threshold, 𝜃. For each alternative, they estimate the 258 

time it would take them to reach their final goal if they followed the associated exit route. This time 259 

is computed as the sum of three components. The first component, 𝑡actual, is the time it takes the 260 

pedestrian to reach the exit or the queue at the exit (estimated using the walking speed of the agent 261 
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and the direct path to the exit or queue location). The second component, 𝑡jam, is the time the 262 

pedestrian has to wait in the queue in front of the exit (calculated using the length of the queue and 263 

the speed of a reference pedestrian selected from the queue in front of the exit; details in [9] and in 264 

the supplementary information). The third component, 𝑡after, is the time it takes the pedestrian to 265 

reach their final target after passing through the exit (calculated using the walking speed of the 266 

pedestrian). In our experiments, pedestrians had reached their final target when they exited through 267 

any of the exits, and 𝑡after = 0 in this case. For each route alternative, the sum (𝑡actual + 𝑡jam +268 

𝑡after) is then compared to 𝑡ref (the sum of the three components for the currently selected exit), 269 

according to the following gain function: 270 

𝑔𝑎𝑖𝑛 =
𝑡ref−(𝑡actual+𝑡jam+𝑡after)

𝑡ref+(𝑡actual+𝑡jam+𝑡after)
.                                                              (1) 271 

        The gain function takes values between -1 and 1 and converges to 1 when 𝑡ref is much higher 272 

than the sum of the three components for an alternative exit (see figure 3b). Figure 3 (c) shows an 273 

example with two alternative routes. When deciding which alternative routes an individual 274 

considers, we take into account which exits the individual is likely to be able to see. We determine 275 

exits an individual can see as the ones where the direct line of sight from the individual to the exit 276 

location is uninterrupted by walls or other pedestrians (disregarding pedestrians who are queueing 277 

in front of the exit for which visibility is assessed, see supplementary information). As pedestrians 278 

in our model walk in a straight line towards their next immediate target, picking a non-visible exit 279 

would lead to unrealistic behaviour, such as pedestrians attempting to walk through walls. 280 

        An individual is defined as having to wait in a queue or being in a jam when their current 281 

speed is lower than half of their desired speed (each individual is assigned a desired speed in 282 

simulations, see supplementary information). In addition to considering the route preferences of 283 

individuals based on equation 1 and visibility criteria, we also take psychological and physical 284 

constraints imposed by a pedestrian crowd into account. For example, it might be difficult to leave 285 

from the centre of a dense queue, while people on the periphery of the queue can walk away easily. 286 

In addition, pedestrians at the front of the queue have invested some time into waiting already and 287 

may therefore be less likely to change their exit choice. To take account of these considerations, we 288 

assume in our model that an individual can only leave from a queue if 80% of the queue is in front 289 

of them. This constraint implies that if pedestrians leave a queue, they do so from the back which 290 

results in queues starting to dissolve from the back. An alternative for determining individuals’ 291 

ability to leave a queue would be to compute the local density of pedestrians around them. However, 292 

this is time consuming to compute and likely to result in a similar effect compared to the approach 293 
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we adopt. In general, we found that such a constraint on where pedestrians left queues in front of 294 

exits was needed to ensure that the shape of pedestrian queues in front of exits was qualitatively 295 

similar to the queue shapes visible in the experimental data. Without such a constraint, many 296 

pedestrians would leave from the side of queues, something we rarely observe in our data. However, 297 

it should be noted that while we included these constraints into our model for the above reasons, 298 

they do not change the fundamental principle of dynamic route choice based on estimated time to 299 

exit comparisons implemented in our model. For the low numbers of pedestrians who changed their 300 

exit route choice in our experiments, this implementation detail is unlikely to be important. It is 301 

only in simulations with much larger numbers of pedestrians that these constraints become 302 

important. Without empirical data on route choice in such large crowds, we leave checking the 303 

appropriateness of the above constraints for future work. 304 

        The initial exit route choice of individuals is treated separately in our model. We assume a 305 

sequential decision making process in which the distance to exits, the number of the agents sharing 306 

the same choice and the exit widths are considered. In our model, we calculate the distances from 307 

each pedestrian to all available exits, and then compute the exit choices of pedestrians sequentially 308 

in order of increasing values of pedestrians’ distance to their nearest exit. For simplicity, we assume 309 

that individuals know the decisions of others. In practice these decisions could be communicated 310 

via head turns, body turns or other visual or acoustic cues. For a given pedestrian, the probability of 311 

choosing a route 𝑖, 𝑃𝑖 , then depends on the distance to the investigated exit, 𝑑𝑖, the number of 312 

pedestrians who have already chosen that exit, 𝑛𝑖, and the width of exit, 𝑤𝑖, as follows: 313 

𝑃𝑖 = 𝑀 ∙ 𝐸𝑥𝑝 (−𝛼
𝑑𝑖

𝑑max
− 𝛽

𝑛𝑖

𝑛max
− 𝛿

𝑤𝑖

𝑤max
).                                          (2) 314 

Here, 𝑑max is defined as the sum of all distances to exits, 𝑛max is the total number of the agents 315 

included in the initial route choice process, and 𝑤max  is the sum of exit widths taken into 316 

consideration in the decision making process. 𝑀 is a normalisation factor for the probabilities across 317 

all exits. 𝛼, 𝛽 and 𝛿 are weighting factors for 𝑑𝑖, 𝑛𝑖 and 𝑤𝑖 respectively. 318 

        As mentioned above, we implemented our model algorithms in the open-source pedestrian 319 

simulation framework ‘JuPedSim’ [28]. This allowed us to focus on the tactical level route choices 320 

we consider here, while using a JuPedSim implementation for operational level movement (e.g. 321 

locomotion, collision avoidance [5]). At the operational level, we used a previously developed 322 

model that implements continuous space in two dimensions and is able to reproduce several 323 

important self-organized phenomena of pedestrian crowds, such as counter flows, lane formation, or 324 

bottleneck flow, at a low computation cost [33]. The movement of pedestrians is simulated within a 325 
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given topology (e.g. a room with exits) and an initial configuration. The initial configuration 326 

includes the desired destinations, preferred speeds and route choices for all agents. We used the 327 

default values for all individual-specific quantities (e.g. preferred speed). Simulations were 328 

performed using the release 0.7 of JuPedSim. We provide more details about the framework in the 329 

supplementary information.  330 

 331 

3.2 Simulation and validation 332 

We carried out simulations of our model in the same experimental setups and initial conditions as 333 

used in the experiments (see figure 1 and table S1). To investigate how well our model reproduced 334 

the experimental data, we considered different values of four model parameters: the threshold 𝜃 for 335 

selecting an alternative route, as well as 𝛼 , 𝛽  and 𝛿  that control the relative weighting of the 336 

distance to exits, the crowd density around exits and the widths of exits in initial route choices, 337 

respectively. We assessed the sensitivity of our simulations to different values of these parameters 338 

by conducting a broad scan of the four-dimensional (𝜃, 𝛿, 𝛼, 𝛽) parameter space. Specifically, for 339 

each distinct experimental scenario, we ran 10 replicate simulations with different initial conditions 340 

for all possible combinations of the following parameter values: 𝜃 = (0, 0.05, 0.1, 0.15, 0.2, 0.3, 0.5, 341 

0.7, 0.9, 1.0), 𝛿 = (-2, -1, -0.5, -0.2, -0.1, 0, 0.1, 0.2, 0.5, 1, 2), 𝛼 = (0, 2, 4, 6, 8, 10), 𝛽 = (0, 2, 4, 6, 342 

8, 10). This approach resulted in a total of 39,600 simulations for each simulation scenario (e.g. for 343 

experiment A with 18 pedestrians). Recall that high positive values of 𝜃 imply that pedestrians are 344 

unlikely to change their route choice. High negative values of 𝛿 imply that pedestrians prefer wider 345 

exits, while 𝛿 = 0  implies that individuals do not take exits widths into consideration. High 𝛼 346 

values imply that individuals are likely to choose the nearest exit and 𝛼 = 0 implies that individuals 347 

do not take into account how far away they are from an exit in their initial route choice. Similarly, 𝛽 348 

= 0 implies that individuals ignore the density around exits, and high values of  𝛽 imply they choose 349 

less crowded exits. 350 

        To compare simulations and experimental data in a quantitative and efficient way, we defined 351 

a distance measure, 𝑑𝑖𝑠𝑡, as follows: 352 

𝑑𝑖𝑠𝑡 = √𝑑𝑖𝑠𝑡ExitUsage
2 + 𝑑𝑖𝑠𝑡n

2
.                                                  (3) 353 

Here, 𝑑𝑖𝑠𝑡ExitUsage and 𝑑𝑖𝑠𝑡n are the averaged differences between experiments and simulations in 354 

the number of pedestrians who used each exit and who changed their route choice, respectively. The 355 

lower 𝑑𝑖𝑠𝑡, the closer simulations were to the experimental data. We thus used 𝑑𝑖𝑠𝑡 to demonstrate 356 

the sensitivity of our simulations to different parameter values and we selected the set of parameter 357 
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values producing the minimal value of 𝑑𝑖𝑠𝑡 for a more detailed comparison between simulations 358 

and data. To avoid over-fitting our model, we conducted this parameter calibration using the 359 

combined experimental data from all scenarios in experiments A, B and C. In this way, we obtained 360 

one set of parameter values that minimised the sum of 𝑑𝑖𝑠𝑡 across all 19 experimental runs. 361 

        Our simulations produced substantial variation in 𝑑𝑖𝑠𝑡 and therefore in exit usage and changes 362 

in decisions for different parameter values (figure 4a-c and figure S4). Examples for simulated 363 

trajectories are shown in figure 4 (d) to (f). The parameter values achieving the closest match to the 364 

experimental data were 𝜃 = 0.5, 𝛿 = -2, 𝛼 = 0 and 𝛽 = 2. This suggests that a trade-off between 365 

choosing wide exits (𝛿 < 0) and avoiding crowded exits (𝛽 > 0), explained the observed route 366 

choices of pedestrians relatively well (with some exceptions, see below). As expected from our 367 

experimental results, we found high values of 𝜃, suggesting that pedestrians in simulations did not 368 

change their exit route choice frequently. Our parameter calibration suggested that proximity to 369 

exits did not play a role in exit choice (𝛼 = 0). However, this result has to be interpreted with care, 370 

as our calibration does not consider how many pedestrians used the exit nearest to them (see 371 

equation 3). It should therefore be clear that the calibration of our model is a starting point only. In 372 

the following we discuss the scenarios for which our globally calibrated model does not perform 373 

well, but we also show that our global calibration does broadly capture exit decisions in many of the 374 

scenarios we tested experimentally.  375 

        The variation in 𝑑𝑖𝑠𝑡 for changing parameter values in the different experimental scenarios 376 

provides more information on the success of our calibration (figure 4a-c and figure S4). For low 377 

pedestrian numbers, in experiment A (𝑁 = 18) and B (𝑁 = 11), values of 𝑑𝑖𝑠𝑡 remained relatively 378 

flat, suggesting that the symmetry of the experiments led to a fairly even distribution of pedestrians 379 

over exits in simulations, regardless of specific parameter values (figure S4a, c). Across other 380 

scenarios, the value of 𝑑𝑖𝑠𝑡 showed similar trends and its minimum value occurred around  𝛼 = 0 381 

and 𝛽 = 2 (figure 4a, c and figure S4b, d, e). One exception is experiment B for 𝑁 = 138, in which 382 

no clear trend was observed but the minimum value of 𝑑𝑖𝑠𝑡 still occurred when 𝛼 = 0 and 𝛽 = 2 383 

(figure 4b). 384 

        A closer look at exit usage further shows that the globally calibrated values of parameters did 385 

not produce a perfect match between simulations and experiments (figure S5 and S6). This was the 386 

case in experiments A for 𝑁 = 18, B for 𝑁 = 11 and C for 𝑁 = 69 (figure S5a, d, g and S6a, d, g). 387 

Despite the broad range of scenarios tested, our global parameter calibration produced a good match 388 

in exit usage between simulations and experiments in all other experimental scenarios (figure S5 389 
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and S6). Furthermore, our model captured the frequency and timing of changes in route choice well 390 

for all experimental scenarios (figure 4g, h). Based on these findings, we suggest that while our 391 

globally calibrated model fails to accurately capture route choice in all scenarios we studied, it 392 

nevertheless performs well across a broad range of scenarios. 393 

        Pedestrians might adjust the relative importance they assign to different aspects of available 394 

routes, depending on the context. For example, proximity to exits may be more important in larger 395 

rooms, such as in experiment B. If this was the case, our model should be calibrated separately for 396 

different experimental scenarios. Unfortunately, we do not have a sufficient number of replicate 397 

experimental runs to perform a robust parameter calibration separately for experiments A, B and C. 398 

Nevertheless, it is instructive to perform such an analysis in an exploratory way (figure 5, S7 and 399 

S8). This analysis yielded eight separate parameters sets that minimised 𝑑𝑖𝑠𝑡 for experiment A (𝑁 = 400 

18, 40 and 138), B (𝑁 = 11, 40 and 138) and C (𝑁 = 69 and 138), respectively, which are shown in 401 

table S4. The variation in 𝑑𝑖𝑠𝑡 for changing parameter values showed that for some scenarios, there 402 

were distinctive trends in the value of 𝑑𝑖𝑠𝑡, suggesting that optimal parameters can be found (figure 403 

S7b-e and g, h). For other scenarios trends in 𝑑𝑖𝑠𝑡 were difficult to identify, which suggested that 404 

for these cases the experimental data provides inconclusive results in our calibration approach 405 

(figure S7a, f). The large variation in optimal parameter values found in this calibration (table S4), 406 

as well as the close match in exit usage between simulations and experiments (figure 5 and S8) have 407 

to be interpreted in consideration of the exploratory nature of this analysis. 408 

 409 

4. Discussion 410 

We report findings on pedestrian route choice based on extensive experiments and we use a 411 

simulation model, building on previous work [9], to illustrate that simple behavioural mechanisms 412 

are sufficient to describe many, but not all of the observed dynamics. Importantly, we conduct 413 

experiments with a large number of participants (nearly 140) and we consider a variety of route 414 

choice scenarios by altering the topology of the experimental setup and the initial positioning of 415 

pedestrians inside this setup. We found evidence for pedestrians adjusting their route choice in all 416 

the scenarios we considered, but this dynamic route choice behaviour was comparatively rare. 417 

Overall, participants in our experiments achieved an efficient emergent distribution over the 418 

available exit routes based on their initial route choice at the start of the experiment. 419 

        While the precise details of our model for pedestrian route choice should certainly be 420 

scrutinised, it nevertheless suggests that simple behavioural rules could explain both the initial route 421 

choices, as well as subsequent dynamic route choice. Our model suggests that in their initial route 422 
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choice, individuals trade off their preferences for routes (based on exit widths, in agreement with 423 

[10]) against how crowded they perceive routes to be. To keep our implementation simple, we 424 

assumed that pedestrian make their initial decision sequentially. In reality, this is unlikely to be the 425 

case ([27], see also discussion below), but it allows for an interesting comparison to previously 426 

established models for group decision-making in animals. These models suggest similar 427 

mechanisms for how individuals decide between a number of options with the crucial difference 428 

that individuals seek to maintain group cohesion and thus aim to achieve crowding rather than avoid 429 

it [29, 30]. It has previously been suggested that under certain circumstances pedestrians may 430 

switch to a behaviour similar to the one suggested by work on animals (e.g. in ‘herding’ stressful 431 

evacuations [31, 32]). However, this is certainly not what we found in our experiments. 432 

        In the calibration of model parameters presented above, we did not require simulations to 433 

capture the number of pedestrians who used the exit closest to them (see equation 3). Therefore, it is 434 

not unexpected that proximity to exits did not affect route choice in our calibrated model (𝛼 = 0). 435 

However, as proximity to exits could be an important factor in route choice (see e.g. [11]), we 436 

performed an additional calibration study that considered the number of pedestrians who used the 437 

exit closest to their initial position (figure S9 in the supplementary information). This analysis 438 

suggested that proximity to exits does play a role in route choice, but it also confirmed that it plays 439 

a less prominent role than the crowdedness of exits (𝛼  = 15 and 𝛽  = 30 in figure S9). Such 440 

calibration approaches that consider additional aspects of the route choice dynamics lead to 441 

simulations that capture our data more completely. However, the more criteria are included in the 442 

calibration, the more important it becomes to consider an appropriate weighting of their relative 443 

importance. For example, from a crowd safety perspective, it could be suggested that the 444 

distribution of pedestrians over exits is more important than the number of pedestrians who choose 445 

to use the exit closest to them. These considerations are important, but beyond the scope of this 446 

work. Our data is available as supplementary information and it is therefore possible to perform 447 

such an extended analysis in the future. 448 

        Previous work has suggested that pedestrians prefer wider exits [10]. Our experiments showed 449 

a slightly higher usage of wider exits and we thus included such a preference into our model for 450 

initial route choice. We performed additional simulations to illustrate that our model is robust and 451 

can be extended to larger crowds (figure S10). These simulations also showed that in principle 452 

higher usage of wider exits can occur in our model as a result of changes in route choice towards 453 

exits with fast-moving queues. 454 
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        The analysis presented above demonstrates both the potential and the limitations of our model. 455 

We suggest that with additional data (more replicates for experimental runs), a better calibration of 456 

model parameters could be achieved, taking context-dependent behaviours into account. We would 457 

also like to note that quantitative calibration of models for emergent phenomena, as attempted here, 458 

is inherently difficult and rarely attempted. As such, we suggest our approach provides a useful 459 

starting point for further study. In our opinion, there are two main issues that require additional 460 

attention. First, the calibration of models to data needs to be improved to ensure calibrated models 461 

capture all the key features in data. It may be possible to adapt established statistical techniques for 462 

this purpose (e.g. [12]). Second, to fully capture mechanisms underlying route choice, it may be 463 

necessary to consider additional aspects, such as relative positions of pedestrians, decision timings 464 

and prior knowledge of available exit routes. Previous work on more limited scenarios could 465 

provide useful starting points [35]. 466 

        Our model assumes that once pedestrians have made their initial decision on which route to 467 

use, they then use their own assessment of how quickly they could reach their target by following 468 

different routes to decide if they should change the route they are using (building on previous work 469 

[9]). In our model, individuals’ estimates are based on path lengths and the waiting time in a queue 470 

in front of exits. Experiments with human participants in virtual environments have also shown the 471 

importance of queue dynamics for route choice [12]. We found this mechanism to be sufficient for 472 

reproducing our experimental findings qualitatively. However, it is likely that additional behaviours 473 

affect the route choice decisions of pedestrians. Based on our findings and previous work, we 474 

suggest the following behaviours could all play a role, potentially at the same time, in determining 475 

pedestrian route choice (anecdotal observations for some of these behaviours in our experiments are 476 

discussed in the supplementary information, figure S11 and S12): 477 

 ‘Jam-avoidance behaviour’. Queues or ‘jams’ are observed in front of exits when the 478 

number of the participants is large. Pedestrians have to wait in or near the jams for some 479 

time and their desire to avoid this delay may influence their route choices (as implemented 480 

in our model). 481 

 ‘Time-estimating behaviour’. One version of this behaviour is implemented in our model: 482 

pedestrians try to estimate how long it would take them to reach their target if they followed 483 

alternative routes and change their route choice if they identified a superior route. We have 484 

focussed on path lengths and queue dynamics in our model, but additional factors, such as 485 

route characteristics (e.g. exit widths or the presence of obstacles [26]) could be relevant.  486 
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 ‘Following behaviour’ (‘herding’). Individuals might change their route choice because of a 487 

desire to follow other pedestrians (e.g. to stay with friends or family members or because 488 

they do not know the environment [31, 32]). We do not implement following behaviour, but 489 

only consider the opposite, jam avoidance. 490 

 ‘Route-comparing behaviour’. Individuals could differ in the degree to which they compare 491 

route alternative using the behaviours described above. For example, some individuals may 492 

compare routes more frequently or may be willing to change their route choice even if the 493 

potential gain is relatively small (in our model, this would result in individual-specific 494 

values for the parameter 𝜃). 495 

 Alternative motivation. It is likely that in our experiments participants wanted to minimise 496 

the amount of time it took them to exit the experimental setup. While this is a relevant 497 

scenario, it has been shown that in other situations alternative considerations affect the 498 

route choice of pedestrians (e.g. familiarity with routes, weather protection or pleasantness 499 

of routes [20]). 500 

 Emotional state. Our experiments simulated low-pressure pedestrian egress. However, 501 

increased pressure on individuals to reach their target quickly could affect their route choice. 502 

For example, based on experiments in virtual environments, it has been suggested that 503 

increased pressure could lead to individuals being less willing or able to adjust their route 504 

choice [19]. 505 

        This non-exhaustive list shows that many factors could affect the route choice of pedestrians 506 

and that additional work is needed to establish their relative importance in different contexts. As 507 

discussed in the introduction, an understanding of pedestrian route choice has many practical 508 

applications. From this perspective, we suggest that despite the multitude of additional factors that 509 

could affect pedestrian route choice and the limitations of our model, it is encouraging to see the 510 

extent to which our comparatively simple route choice model reproduces our experimental findings. 511 

 512 
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 624 

Figure captions 625 

 626 

 627 

Figure 1: Experimental setup. (a), (b) and (c) show still images for experiments A_3, B_3 and C_2, 628 

respectively. These images provide an overview of the experiment and we did not use them to 629 

obtain the trajectories of pedestrians (see text). (d), (e) and (f) show the layout for the three 630 

experiments A, B and C and pedestrian trajectories for experiments A_3, B_3 and C_2, respectively. 631 

All units are in meters. The number of participants in the holding area I and II for each run is listed 632 

in the electronic supplementary material, table S1. Trajectories shown in red indicate pedestrians 633 

who walked directly to one exit. Trajectories of pedestrians who changed their route choice are 634 

shown as green dashed lines. The blue cross represents the coordinates of the origin (0,0) in our 635 

trajectory data. 636 

 637 
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 638 

Figure 2: Experimental results. (a), (b) and (c) show the exit usage for each run of experiments A, B 639 

and C, respectively. We show the percentage of the total number, 𝑁, of pedestrians for each exit in 640 

the experiments. Recall that in experiment A (panel a), the right exit was wider, in experiments B_5 641 

and B_6, the top and bottom exits were wider and in experiment C_3, the right exit was wider. In all 642 

other experiments all exits had the same width. The numbers in panel (a) represent the p-value for 643 

each run from a Binomial test with the hypothesis that pedestrians choose either exit with equal 644 

probability. For large pedestrian numbers (A_8, A_9 and A_10) the p-values are below 0.05, which 645 

means it is unlikely that the preference for the wider (the right) exit has arisen by chance. (d), (e) 646 

and (f) show the occurrence frequency of path re-planning behaviour, 𝑛 𝑁⁄ , in each run of 647 

experiments A, B and C, respectively. Here, 𝑛  represents the number of the pedestrians who 648 

changed their route choice. (g), (h) and (i) show the mean value of the ratio, 𝑟 = 𝑡𝑖𝑐 𝑡𝑖⁄ , for each run 649 

of experiments A, B and C, respectively. 𝑡𝑖  is the egress time of the individuals with path re-650 

planning behaviour, and 𝑡𝑖𝑐 is the estimated time at which a change of route choice was displayed. 651 

The ratio 𝑟 captures the time point during experiments at which changes in route choice occurred (0% 652 

implies at the start and 100% at the end of experiments). The horizontal lines denote the average 653 

value for runs with the same initial conditions. 654 
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 655 

 656 

Figure 3: Route choice algorithm for individual pedestrians. (a) Outline of the route choice 657 

algorithm. An initial decision on a route can be revised later if individuals are in a queue or reach an 658 

intermediate target. Individuals assess their relative preference for different routes using a gain 659 

function (see equation 1), which is zero for similar routes and tends to -1 or 1 when the difference 660 

between routes is large. Panel (b) shows this gain function plotted against estimated times to 661 

complete a reference and an alternative route (see text and equation 1 in the main text for details). (c) 662 

Example to illustrate travel time estimation of individuals. A pedestrian (shown as a dashed red oval 663 

at the bottom of the panel) has to choose between two routes. One exit is clear (dashed green lines), 664 

the other is blocked by a short queue (solid blue lines). The estimated travel time is the sum of the 665 

time needed to reach a queue or exit location (𝑡actual), the expected time of waiting in a queue (𝑡jam) 666 

and the time needed to reach the final target after passing through an exit (𝑡after). Simulated 667 

pedestrians compare the relative merit of the alternative routes using the gain function shown in 668 

equation 1. 669 

 670 
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 671 

Figure 4: Simulation results. Panels (a), (b) and (c) show part of our sensitivity analysis based on 672 

the quantity 𝑑𝑖𝑠𝑡 (see equation 3) for experiments with a pedestrian number of 138 in scenarios A, 673 

B and C, respectively. The calibration of parameters was performed across all experimental runs in 674 

scenarios A, B and C. In (a), (b) and (c) the simulations use 𝜃 = 0.5 and  𝛿 = -2 (see text and 675 

supplementary material for additional information on sensitivity analysis). (d), (e) and (f) show 676 

examples for simulated pedestrian trajectories for the same scenarios as in (a), (b) and (c). 677 

Trajectories in red indicate pedestrians who walked directly towards one exit and dashed 678 

trajectories in green indicate simulated pedestrians who changed their mind on which route to use. 679 

Panels (g) and (h) show the occurrence frequency of path re-planning behaviour, 𝑛/𝑁, and the 680 

mean value of the ratio 𝑟 for all scenarios in experiments and simulations. 𝑛, 𝑁 and 𝑟 are defined as 681 

in figure 2. In (g) and (h) the simulations use the values of parameters listed in the electronic 682 

supplementary material, table S4. We report mean values and standard deviations (panels g and h 683 

only) obtained from 10 replicate simulations with simulated pedestrians initially randomly 684 

distributed in the corresponding holding areas in figure 1 (d), (e) and (f). 685 
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 686 

Figure 5: Sensitivity analysis for the model parameter 𝛼 which controls the relative weighting of a 687 

preference for nearer exits in the initial route choice of pedestrians. Parameter calibration was 688 

performed separately in experiments A, B and C, respectively. The parameters sets that minimised 689 

𝑑𝑖𝑠𝑡  for each scenario are listed in the electronic supplementary material, table S4. For each 690 

scenario, the simulation was conducted 10 times with pedestrians randomly distributed within their 691 

allocated starting positions (holding areas, see figure 1d-f). We report mean values across replicates 692 

alongside one standard deviation. The experimental data are the average value for the runs with the 693 

same initial conditions. 694 


