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Abstract: 16 

The interactions between individual pedestrians can lead to emergent effects, such as the formation 17 

of lanes in bidirectional flows. Here, we expose properties of an emergent effect at a macroscopic 18 

level, namely interactions between pedestrian streams that arise when pedestrians walk into and 19 

through four-way intersections from different directions. We propose non-spatial models for the 20 

number of pedestrians from different streams inside an intersection. Each model encodes a different 21 

hypothesis for how streams interact and can produce dynamics fundamentally distinct from the 22 

other models. By fitting our models to large experimental data sets and determining which model 23 

explains the data best, we determine when and how entire streams of pedestrians start to interact. 24 

We find that as arrival rates increase, streams start to interact and compete for space. Our results 25 

suggest that these interactions result in an even balance of pedestrian numbers across two 26 

orthogonally intersecting streams. Neither of the streams can dominate. In contrast, for four 27 

intersecting streams, our findings suggest that jams in some streams can coincide with higher flow 28 

rates in other streams and that the relative dominance of streams can switch stochastically. By 29 

adapting existing methodology, we thus present a coherent conceptual approach for investigating 30 

emergent effects in temporal dynamics at aggregated levels in pedestrian flows that could be 31 

applied to other scenarios. Our approach is flexible and uses easily measured quantities, making it 32 

highly suitable for observational data in different scenarios or deployment in applications. 33 

  34 
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1. Introduction 35 

 36 

When we walk in a busy place, our attention is often focussed on weaving our way through the 37 

crowd. It can be hard to imagine that any patterns are present in the dynamics of the crowd. 38 

However, it is now well-established that the interactions between individual pedestrians can lead to 39 

highly structured self-organised behaviour, such as the spontaneous formation of lanes in 40 

bidirectional pedestrian flows [Schadschneider et al. 2009, Helbing & Johansson 2010]. These 41 

emergent effects make pedestrian dynamics a classic example of collective behaviour [Camazine et 42 

al. 2001] and the importance of pedestrian transport in our everyday lives necessitates a detailed 43 

understanding of these systems. 44 

 The self-organised nature of pedestrian dynamics implies that the key challenge is to identify 45 

emergent effects and to establish the underlying behavioural mechanisms that give rise to them. On 46 

the one hand, experimental and observational studies provide a wealth of data that can be used to 47 

confirm hypothesised emergent effects [Helbing 2007, Wong et al. 2010, Garcimartín et al. 2014, Xie 48 

& Wong 2015, Feliciani & Nishinari 2016] or to measure the capacity of pedestrian facilities [Zhang & 49 

Seyfried 2014, Holl 2016], for example. On the other hand, computational and mathematical models 50 

can suggest possible mechanisms for pedestrian behaviour and identify previously unknown 51 

emergent effects (for a recent review, see [Chraibi et al. in press]). Thus, ideally, the insights from 52 

data and models should be combined. Testing which out of several competing models is best 53 

supported by available data, combined with a full understanding of the dynamics models can 54 

produce, should facilitate substantial insights and far-reaching predictions on pedestrian dynamics. 55 

Several authors have started to adopt aspects of this approach (e.g. [Ronchi et al. 2013, Bode & 56 

Codling 2016, Chraibi et al. 2016, Hänseler et al. 2017]). 57 

 The different modelling approaches for pedestrian dynamics have previously been divided 58 

into two broad categories. On the one hand, microscopic models seek to describe the behaviour and 59 

movement of individual pedestrians and on the other hand, macroscopic models describe properties 60 
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of pedestrian traffic at a more aggregated level, such as pedestrian densities (e.g. reviewed in 61 

[Schadschneider et al. 2009]). When it comes to combining insights from models and data, as 62 

described above, there are three main challenges that can arise, depending on the specific model 63 

and the adopted level of description. First, measures that could be used to validate models can 64 

require detailed measurements of individuals’ movements and location. Such data are expensive to 65 

collect. They are thus not available for many real-world scenarios and it is challenging to collect such 66 

data in real-time, as required for data-driven crowd management (e.g. [Daamen et al., 2018]). 67 

Second, some (but not all) pedestrian models are sufficiently intricate to require similarly detailed 68 

data as described above for calibration and validation. Thus, fitting these models may be 69 

cumbersome. Third, the complexity of many models can make it difficult to develop a complete 70 

understanding of the dynamics they can produce. For example, some microscopic models contain 71 

many parameters, ranging from individuals’ preferred speeds to the strength of interactions 72 

between pedestrians and walls (reviewed in [Chraibi et al. in press]). A complete sensitivity analysis 73 

that establishes the effects of varying all parameters and combinations of parameters can be 74 

challenging in such multi-dimensional parameter spaces. Here, to manage these challenges, we 75 

adopt a macroscopic modelling approach that keeps the number of parameters for calibration 76 

limited, that uses data which can be collected using a range of methods and that can be investigated 77 

mathematically to gain a thorough understanding of the dynamics produced. 78 

The macroscopic modelling approaches relevant to this paper arise from the notion that 79 

pedestrian dynamics bear resemblance to the flow of fluids. Building on hydrodynamic or gas-kinetic 80 

theory, such continuum models formulate partial differential equations (PDEs) that describe the rate 81 

of change of local pedestrian density. This approach typically employs fundamental diagrams that 82 

relate walking speeds to pedestrian densities under the assumption, inspired by kinematic wave 83 

theory, that pedestrians adjust their speed instantaneously. Early models, some of which are two-84 

dimensional extensions of models for vehicular traffic on roads, allow for pedestrians with different 85 

walking directions and destinations (e.g. [Helbing 1992, Hughes 2002]). Subsequent study and 86 
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extension of this concept has shown that typical phenomena of self-organisation, such as lanes and 87 

other patters can be generated (e.g. [Treuille et al. 2006, Jiang et al. 2009]) and that such 88 

macroscopic continuum models can be derived from microscopic models (e.g. [Degond et al. 2013, 89 

Hoogendoorn et al. 2014]). An alternative but related approach to these continuum models 90 

encompasses ‘phenomenological models’. Rather than solving continuous PDE models numerically 91 

by discretisation, phenomenological models discretise space a priori into cells and describe how 92 

pedestrian density evolves within and across cells. The basis for this body of work is the cell 93 

transmission model that was originally developed for vehicular traffic and can be interpreted as a 94 

numerical method for solving the kinematic wave equation [Daganzo 1994]. Fundamental diagrams 95 

are again crucial for describing transmissions between cells. Original developments of this model for 96 

pedestrian dynamics [Asano et al. 2007] were refined with particular regard to preferred movement 97 

directions of subsets of pedestrian crowds (i.e. preferred paths described by sequences of cells) and 98 

to incorporating separate fundamental diagrams that account for interactions between multi-99 

directional pedestrian traffic [Guo et al. 2011, Hänseler et al. 2017]. 100 

 Our modelling approach can be interpreted as a deliberate reduction of the 101 

phenomenological models discussed above. Instead of partitioning space into several cells, we only 102 

consider non-spatial temporal system dynamics within a region of interest (one cell). This 103 

perspective has some similarities to the concept of macroscopic fundamental diagrams (MFDs) in 104 

vehicular traffic theory that investigate speed-density relationships for large urban areas 105 

[Geroliminis & Daganzo 2008]. While MFDs are postulated to be independent of the demand, we 106 

explicitly test for changes. Specifically, we consider temporal changes in the number of pedestrians 107 

inside a measurement area, but we do not consider the spatial distribution of pedestrians within this 108 

area, similar to commonly used population dynamics models (e.g. in ecology [Murray 2002]). We 109 

adopt this perspective for two reasons. First, focussing our analysis on comparatively simple 110 

measures from one region of interest means that in principle, data to calibrate our models can be 111 

obtained using a range of different methodologies and technologies (further discussed below). We 112 
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suggest that this makes the use of our approach flexible and thus suited to deployment. Second, the 113 

simplicity of our models means that we can characterise their dynamics comprehensively using well-114 

established mathematical techniques. We fit three models that capture competing and mutually 115 

exclusive hypotheses about mechanisms underlying pedestrian dynamics to our data and identify 116 

the most likely mechanism. Our mathematical characterisation of the models means that we can 117 

interpret the implications of this model selection for pedestrian dynamics unambiguously. 118 

 In this contribution, we focus on an important example of pedestrian dynamics that 119 

frequently arises due to infrastructure constraints: intersecting pedestrian streams. These situations 120 

occur when due to the layout of street crossings, pedestrianised streets or corridors, multiple 121 

streams of pedestrians that move in different directions cross in one location [Navin & Wheeler 122 

1969, Lam et al. 2002, Wong et al. 2010, Zhang & Seyfried 2014, Lian et al. 2015, Holl 2016]. Studying 123 

intersecting pedestrian streams is of interest, as their dynamics can typically not be easily organised 124 

by adopting traffic rules, such as avoiding others on the right, or one-way systems [Zhang & Seyfried 125 

2014]. Owing to their importance in pedestrian traffic, intersecting streams have been studied from 126 

different perspectives. Theoretical models have been used to investigate the formation of regular 127 

structures, such as parallel lines formed by individuals from one stream that move diagonally 128 

through a square crossing [Cividini et al. 2013]. Experiments with large groups of volunteers have 129 

been conducted to establish the flow-density dependence (fundamental diagram) and therefore the 130 

capacity of facilities in which multiple pedestrian streams intersect [Wong et al. 2010, Zhang & 131 

Seyfried 2014, Lian et al. 2015, Holl 2016]. Particularly relevant here is previous work on reciprocally 132 

inhibitive interactions between entire streams that emerge from the interactions between 133 

individuals in multi-directional pedestrian traffic. Fitting separate fundamental diagrams for each 134 

stream in data suggests that streams inhibit each other and that this depends on the angle at which 135 

they intersect and on the relative size of the flow in the different streams [Wong et al. 2010, Xie & 136 

Wong 2015]. A model selection study has additionally shown that a model that includes interactions 137 

between streams outperforms other models [Hänseler et al. 2017]. 138 
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While most studies show examples for how key measures, such as the density, vary over 139 

time inside crossings, a formal analysis of these temporal dynamics in empirical pedestrian data is 140 

missing to date. However, an experiment with ants provides a tantalising observation [Dias et al. 141 

2013]. In this study, two streams of ants intersected at the crossing of two orthogonal corridors. In 142 

some experiments, one stream was clogged, while the other moved, and this arrangement switched 143 

after some time. Similar dynamics have also been observed in experiments on two ant flows that 144 

merge at angles other than ninety degrees [Shahhoseini et al. 2016]. Such dynamics are 145 

fundamentally different to the case when the speeds of both streams randomly fluctuate around the 146 

same stable level. Importantly, while inhibitive interactions between streams have been suggested 147 

based on fitting models for multi-directional pedestrian traffic to data [Wong et al. 2010, Xie & 148 

Wong 2015, Hänseler et al. 2017], the implications of such interactions for the temporal system 149 

dynamics have not been studied. A formal analysis of similar temporal dynamics has only been 150 

performed on simulated data from computational models [Marschler et al. 2014]. However, we 151 

suggest that an understanding of emergent temporal dynamics at an aggregated level is important. 152 

For example, the knowledge that stochastic fluctuations in stream speeds or even clogging may arise 153 

spontaneously could help prevent misguided interventions or a costly search for non-existent 154 

causes. As emergent effects at an aggregated level do not follow directly from self-organisation at a 155 

microscopic level, such as lanes or stripes, we propose they need to be studied in their own right. 156 

Here, we analyse the temporal dynamics of intersecting pedestrian streams in experimental 157 

data, establish what the likely stable conditions are and whether fluctuations arise through 158 

competition between streams, or by chance. By comparing models, as described above, we thus 159 

explicitly test for the presence and nature of emergent interactions between pedestrian streams. To 160 

explore the robustness of our findings and possible flow-management approaches, we investigate 161 

the effect of different experimental manipulations, such as instructions, obstacles and flow rates, on 162 

the temporal dynamics. With currently available data alone it is not possible to unambiguously 163 

characterise the expected system dynamics and we suggest that our work therefore provides an 164 
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important proof of principle for evaluating the types of dynamics we may expect in pedestrian 165 

infrastructure under different conditions. We will discuss the potential of extending our deliberately 166 

simple models to other contexts below. 167 

 168 

 169 

2. Methods 170 

 171 

2.1. Experimental data 172 

The data used in this study were first published by Holl [Holl, 2016]. Data were collected on the 19th 173 

and 20th of June 2013 as part of a large experimental study on pedestrian dynamics conducted at the 174 

Düsseldorf trade fair centre (for details on all experiments and participant recruitment, see [Holl, 175 

2016]). Experiments on the first and second day involved 319 and 603 participants, respectively. We 176 

obtained informed consent from all participants prior to recording data. Using white, opaque, 2.5 m 177 

high barriers, we marked an experimental arena that consisted of two 4.0 m wide and 14.0 m long 178 

corridors that intersected half-way along their length at right angles, creating a symmetric setup 179 

with a central crossing of 16 m2 surface area (see figure 1A). Before the start of experiments, 180 

participants were evenly distributed over holding areas. There were four of these areas. They 181 

formed an extension of the corridors, leaving a 3.0 m long gap between the end of corridors and the 182 

start of holding areas. In experiments, participants were instructed to leave their holding area 183 

through an opening of adjustable width (to control inflow rates), to enter the adjacent corridor, to 184 

walk through the crossing and to exit the setup through the opposite corridor turning left or right at 185 

the end of this corridor before they reassembled on the opposite holding area. Experiments 186 

continued until all participants had passed through the crossing once. Throughout, we asked 187 

participants to walk at a normal speed and to avoid competitive behaviour.  188 

We filmed a 10mx10m section of the central area of the experimental setup from a height of 189 

7.5 m above the floor using a grid of 28 cameras and an additional high definition camera. We 190 
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automatically extract the trajectories of all pedestrians inside this measurement area using either 191 

the camera grid footage at 16 frames per second [Mehner et al. 2015] or the high definition camera 192 

at 25 frames per second [Boltes & Seyfried 2013]. Trajectory data and videos of experiments are 193 

available on the Pedestrian Dynamics Data Archive by the Forschungszentrum Jülich (http://ped.fz-194 

juelich.de/da/2013crossing90). Figure 1B shows sample trajectories for one experiment. We used 195 

additional cameras to record an overview of the entire experiment. 196 

We analyse five different experimental conditions. All experiments were conducted in the 197 

same experimental arena. In two experimental conditions, participants were distributed over two of 198 

the four holding areas and in the remaining three experimental conditions, participants were evenly 199 

distributed over all four holding areas. In this way, our experiments captured the dynamics at a four-200 

way crossing of two and four intersecting pedestrian streams, respectively. We measured the 201 

pedestrian dynamics without any further instructions for two and four intersecting pedestrian 202 

streams (“free” treatment). To investigate the possibility of controlling the dynamics inside the 203 

crossing, we tested three additional experimental conditions. First, we displayed a standard blue 204 

roundabout traffic sign on monitors above corridors that were visible from all corridors and 205 

instructed participants to follow the instruction on the screens (“roundabout” treatment). We 206 

hypothesised that a more organised and therefore potentially a more efficient pedestrian flow could 207 

be achieved in this way. We tested this condition for both two and four intersecting pedestrian 208 

streams. Second, in addition to activating the monitor displaying, we placed a column of 0.6 m 209 

diameter into the centre of the crossing (“column” treatment). We only tested this condition for four 210 

intersecting pedestrian streams. For each of these five experimental conditions, we varied the width 211 

of the opening that limited the rate at which pedestrians entered the corridors between 0.6 m and 212 

4.0 m. Table 1 provides a summary of all experimental conditions and runs included in our analysis. 213 

A total of five runs across experimental conditions were excluded from our analysis. In these runs 214 

the inflow rate was controlled via hand signs introducing 1 s or 2 s intervals between pedestrians. 215 

This resulted in highly artificial dynamics that were not the interest of the study presented here. 216 
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 217 

2.2. Data analysis 218 

We compute the instantaneous pedestrian density in and specific flow through the square central 219 

area defined by the crossing in our experiment following the method by Holl [Holl, 2016]. This 220 

method is an extension of Edie’s approach [Edie, 1965] and was designed specifically for 221 

measurements in multi-directional pedestrian flows and almost arbitrary measurement areas. 222 

Briefly, we compute density and flow from weighted contributions of individual pedestrians over a 223 

measurement time interval. Weights are based on the proportion of the path through the 224 

measurement area individuals have covered (specific flow) and the time they spend inside the 225 

measurement area over the measurement interval (density). Throughout, we record specific flow 226 

and density in time intervals of Δt=2 s. Plotting instantaneous specific flow against density results in 227 

the fundamental diagram. We provide a more detailed description of this approach in the 228 

Supplementary Methods. 229 

 We use the same data as in [Holl, 2016] to compute the fundamental diagram, but we only 230 

use data from the first 44-94 s of experiments in all further analysis. Table 1 shows the amount of 231 

data used for each experimental run. Towards the end of experiments, participant numbers inside 232 

the corridors drop sharply. This could lead to qualitative changes in the behaviour of individuals (e.g. 233 

slowing down or waiting before entering the crossing) that could bias our analysis and model fitting 234 

(see below). We thus select by visual inspection time intervals in which pedestrian numbers inside 235 

the corridors show no tendency of an end-of-run decrease. 236 

 We focus our analysis on the number of pedestrians from each separate stream that are 237 

inside the crossing. Specifically, we count the number of pedestrians from the two or four streams 238 

that are inside a circle centred on the centre of the crossing with diameter equal to the distance 239 

between two diagonally opposite corners of the walls marking the crossing (see Figure 1B). As 240 

pedestrians are tracked in every frame of videos, we can determine to which stream each pedestrian 241 

inside this measurement area belongs. 242 
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 To test the adoption of instructions in our experimental conditions directly, we compute an 243 

order parameter that captures the rotation of pedestrians inside the crossing around the centre of 244 

the crossing. Our measure is based on a widely used order parameter for collective motion (e.g. 245 

[Tunstrøm et al. 2013]). Similar measures have been used previously to assess the rotation inside 246 

pedestrian flow fields (e.g. [Feliciani & Nishinari, 2016] and references therein). We define ui as the 247 

normalised instantaneous movement direction of pedestrian i (obtained from locations in two 248 

consecutive video frames) and ri as the unit vector pointing from the centre of the crossing to the 249 

location of pedestrian i. Then the rotation for N pedestrians inside the crossing is given by 250 

| ∑ (𝒖𝒊 ×  𝒓𝒊)|/𝑁𝑁
𝑖=1 , where ‘|w|’ denotes the length of a vector w and we set the vertical 251 

component of vectors to zero when computing the cross-product, as we only measure pedestrian 252 

positions in two dimensions. This rotation measure takes values between zero (no rotation, e.g. 253 

pedestrians move in random directions) and one (perfect rotation, e.g. all pedestrians move in a 254 

circular way around a common midpoint). It should be noted that this rotation measure is also zero 255 

in the case of two equally sized groups of pedestrians moving around a midpoint in opposite 256 

directions. For our experiments this is appropriate, as the instructions aim to induce a common 257 

rotational direction. In this analysis we assume that fluctuations in the movement direction of 258 

individual pedestrians, caused by shifting their weight from one foot onto the other, are averaged 259 

out over time and pedestrians. 260 

 261 

2.3. Models for pedestrian streams 262 

We suggest models for the number of pedestrians, or population, from each stream inside the 263 

crossing. Details for how we measure the size of these stream populations in the data are given 264 

below. In the following, we present models for two streams, but our models can be extended to 265 

more streams (see Supplementary Methods). The main assumptions common to all our models are 266 

that the streams are symmetric and that the dynamics are largely driven by the number of 267 
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pedestrians inside the crossing. We thus model the rate of change of the populations for stream 1 268 

and 2, denoted X1 and X2 as: 269 

   dX1/dt = fin(X1, X2) – fout(X1,X2) 270 

   dX2/dt = fin(X2, X1) – fout(X2,X1)    (1) 271 

where fin and fout are functions that take positive values and capture the rate of in- and outflow for 272 

the crossing, respectively. 273 

 We propose three different models, that all take the form as shown in equation 1, but with 274 

different functional forms for fin and fout. These models represent hypotheses for different 275 

interactions between the intersecting pedestrian streams. Common to all models is that fin is based 276 

on a logistic function, f(x) = 1/(1 + ex), for which the inflow starts at a high level and transitions to 277 

zero around a threshold value that depends on (X1, X2). We thus assume that pedestrians effectively 278 

stop trying to enter the crossing when the number of pedestrians inside the crossing exceeds a 279 

threshold value. We do not model physical forces inside the pedestrian crowd and our models are 280 

therefore not designed to capture extreme-density phenomena, such as pressure or shock waves 281 

[Helbing et al. 2007]. The outflow functions, fout, in our model are designed to capture the shape of 282 

the fundamental diagram (flow-density relationship), where with increasing pedestrian densities, the 283 

flow initially takes low values, then reaches a maximum, before decreasing again (approximated by 284 

the function f(x)=x ex). Alternative functional forms for in- and out-flow are possible and previous 285 

work could provide valuable starting points (e.g. [Wong et al. 2010, Xie & Wong 2015, Hänseler et al. 286 

2017]). We do not investigate alternatives here but focus on three different models that produce 287 

fundamentally distinct temporal dynamics (see below). 288 

 The first model (‘model 1’) is a baseline model and assumes that there are no interactions 289 

between the stream populations X1 and X2 in the crossing. The in- and outflow functions for X1 are as 290 

follows: 291 

   f1
in(X1, X2) = α / [1 + exp(X1 - γ)] 292 

   f1
out(X1, X2) = μ X1 exp(-εX1)    (2) 293 
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We do not show the functions for X2, as they are the same as in equation 2 with the values of the 294 

two populations interchanged (from our assumption of symmetrical streams). The parameter α 295 

captures the maximum inflow rate and γ captures the threshold in X1 around which the transition to 296 

zero inflow occurs. The parameters μ and ε determine the location and value of the maximum in the 297 

outflow function. 298 

 In our second model (‘model 2’), we introduce interactions between the stream populations 299 

by assuming that the in- and outflow rates depend on the overall number of pedestrians inside the 300 

intersection, X1 + X2: 301 

   f2
in(X1, X2) = α / [1 + exp(X1 + X2 - γ)] 302 

   f2
out(X1, X2) = μ X1 exp(-ε[X1 + X2])    (3) 303 

The third model (‘model 3’) implements a different type of interaction between the stream 304 

populations that does not simply consider the total number of pedestrians inside the crossing, as 305 

model 2 does: 306 

   f3
in(X1, X2) = α / [1 + exp(X1 + [X1X2]1/2 - γ)] 307 

   f3
out(X1, X2) = μ X1 exp(-εX1 - δ[X1X2]1/2)   (4) 308 

The nonlinear terms X1X2 in equation 4 are motivated by the possibility of additional friction in the 309 

crowd that depends on the encounter rate between individuals from different pedestrian streams. 310 

 Certain parameters of our models, such as the ones relating to the maximum in- and 311 

outflow, are likely to change if the width of the corridors was altered. To make our model 312 

formulation more general, these parameters could be expressed as functions of the corridor width. 313 

However, as we do not have experimental data on intersections composed of corridors with varying 314 

widths, we do not attempt to generalise our model parameters in this way here. 315 

 To take stochastic effects into account and to ensure stream populations are integers, we do 316 

not simulate the deterministic systems described by equations 1-4. Instead, we generate simulations 317 

of the corresponding stochastic systems using the Gillespie algorithm by converting in- and outflow 318 

rates into probabilities for individuals to leave or enter the crossing, respectively [Gillespie, 1977]. In 319 
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these simulations, we assume that the time gaps between events (pedestrians entering or leaving 320 

the crossing) follow exponential distributions with parameter dependent on the rates given by our 321 

models. We further discuss this assumption and assess its validity below and in the supplementary 322 

information. 323 

 To show that our three models produce qualitatively different dynamics, we conduct a 324 

stability analysis for the systems of coupled first-order differential equations shown in equations 2-4. 325 

For model 1, we find equilibrium solutions by equating in- and outflow in equation 2 and solving 326 

numerically for X1. From equation 3, it is easy to see that equating in- and outflow for both stream 327 

populations and combining the resulting equations implies that at equilibrium, we always have X1=X2 328 

in model 2. We find equilibrium points numerically, as for model 1. In addition to the case X1=X2, 329 

model 3 can have equilibrium points for which X1≠X2, provided the following expression is satisfied 330 

(from equation 4): 331 

X1exp(-εX1)[X1 + [X1X2]1/2 - γ]=X2exp(-εX2) [X2 + [X1X2]1/2 - γ] (5) 332 

From this, we can again find equilibrium points numerically. We assess the stability of equilibrium 333 

points using the eigenvalues of the Jacobian matrix evaluated at equilibrium (for model 1 we 334 

evaluate the derivative of equation 1 at equilibrium). We repeat this stability analysis for varying 335 

model parameters to construct bifurcation diagrams for our models. As our goal is to show the 336 

fundamental difference between models and not a full specification of model properties, we only 337 

conduct the bifurcation analysis for a subset of parameter values. Specifically, we focus on the 338 

parameters α and γ. These parameters determine the inflow of pedestrians into the crossing. 339 

Studying effects of adjusting the inflow rate is important for understanding the dynamics and 340 

capacity of pedestrian facilities. In addition, the inflow is adjusted in a controlled way in our 341 

experiments by changing the width of the opening through which participants enter the corridors 342 

from holding areas. 343 

 A similar approach can be used to conduct a stability analysis for extensions of our models 344 

that consider more than two pedestrian streams (see Supplementary Methods). 345 
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 346 

2.4. Model fitting and model selection 347 

We perform model fitting and model selection using Approximate Bayesian Computation (ABC) 348 

[Tavaré et al. 1997; Beaumont et al. 2002; Toni et al. 2009]. ABC is useful when simulating a model is 349 

straightforward but obtaining an explicit likelihood function for it is difficult. This is the case for our 350 

models, as a likelihood function would have to use multi-variate distributions, to account for 351 

multiple streams, and it is not clear what probability distribution the number of pedestrians passing 352 

through the crossing over a given time interval follows. We use the simplest ABC algorithm, the ABC 353 

rejection sampler, that consists of repeating the following three steps many times. First, sample 354 

parameters, θ*, from a prior distribution. Second, simulate from the model using θ*. Third, if the 355 

difference between the simulated data and the real data is lower than a pre-defined threshold, ξ, 356 

accept θ* to the posterior distribution (otherwise reject θ*; details below). 357 

 We use uniform priors for all parameters over the following intervals for all models: 358 

α∈[0,10], γ∈[0,100] and μ∈[0,1]. We use different intervals for ε, for models 1 and 3 (ε∈[0,0.3]), 359 

compared to model 2 (ε∈[0,0.15]) and justify this by the fact that we sum over multiple stream 360 

populations in the exponents for model 2 (see equation 3). In model 3, the uniform prior distribution 361 

for the additional parameter is given by the range δ∈[0,0.1]. The range of these prior distributions is 362 

motivated by exploratory simulations, but fundamentally it is based on our intuition. The fact that 363 

the mode of all posterior distributions is well within our chosen range suggests our priors are 364 

appropriate (see results below). Nevertheless, we advise to only interpret the posteriors we find in 365 

terms of the information gained relative to our priors and not as an absolute truth. For our model 366 

selection detailed below, it is important to note that we used the same or appropriately adjusted 367 

priors across models to ensure a fair comparison. 368 

To speed up computations, we perform model fitting on down-sampled data time series 369 

with data points 2 seconds apart. Model fitting is performed separately for each experimental run. In 370 

step 2 of the ABC rejection sampler, we simulate our models for 2 seconds at a time, using the 371 
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experimental data from the previous observation time point as starting values for pedestrian 372 

streams Xi (i=1,2 for two streams and i=1,2,3,4 for four streams). In this way, we obtain a simulated 373 

data time series Xi
sim(t) of the same length as the observed experimental data time series, Xi

data(t). 374 

The first entry in these time series, before pedestrians have entered the crossing, is zero for all 375 

stream populations and therefore not included in our analysis. To quantify the difference between 376 

simulated and experimental data (step 3 in ABC), we additionally consider the total number of 377 

pedestrians that have entered and left the crossing across all stream populations (denoted Ydata). For 378 

example, if one pedestrian enters and one leaves the crossing, Ydata = 2. We compare this measure to 379 

the number of updates performed in our simulations using the Gillespie algorithm (denoted Ysim). We 380 

use the full experimental and simulated data to compute a distance measure between data and 381 

simulations (step 3 in ABC), as follows: 382 

d = ΣiΣt[Xi
data(t)-Xi

sim(t)]2/[Xi
data(t)-Xi

data(t-2)]2 + Σt[Ydata(t)-Ysim(t)]2/[Ydata(t)]2  (5) 383 

This distance measure therefore computes the squared difference between experimental and 384 

simulated data, normalised by the difference that would be obtained if no updates were performed 385 

(Xi
data(t)-Xi

data(t-2) is the difference between data at time t s and data at time t-2 s - the starting 386 

values for the simulated data Xi
sim(t)). We use this normalisation to make the distance measure d 387 

more comparable across experimental runs. 388 

 We set the acceptance threshold, ξ, for samples from the priors separately for each 389 

experimental run but use the same value of ξ for all models (step 3 in ABC). We set ξ by running 390 

200,000,000 simulations for each model, as described above. We then choose ξ, such that the lowest 391 

number of accepted posterior parameter values across models is 100. To compare how well the 392 

different models explain the experimental data, we approximate the Bayes factor (BF) for two 393 

models from their respective parameter acceptance rates in the ABC algorithm for a given ξ [Toni et 394 

al. 2009]. The BF is a measure that can be used to compare the relative evidence for two models 395 

under consideration. Typically, it is computed as the ratio of the posterior probabilities for two 396 

models, but here we approximate the BF, as described above. We use a commonly adopted scale of 397 
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interpretation for BF values: 2log(BF)=0–2, inconclusive or weak evidence; 2log(BF)=2–6, positive 398 

evidence; 2log(BF)>6, strong evidence in support of the model in the numerator of the BF [Kass & 399 

Raftery 1995]. However, we report all BF values to ensure that the reader is not limited to one 400 

criterion for interpretation. 401 

 402 

 403 

3. Results 404 

 405 

Figure 1A shows our experimental setup and figure 1B an example for the trajectory data obtained 406 

from experiments. For a first characterisation of the dynamics inside the crossing, we plot the 407 

fundamental diagram, i.e. the relationship between density and pedestrian flow, across all data 408 

(figure 1C). The diagram has the typical form, attaining maximal flow at a density of around 2-3 409 

pedestrians/m2, which indicates the maximal capacity of the pedestrian facility we investigate in our 410 

experiment. From the fundamental diagram, no systematic differences in the flow-density 411 

relationship are evident across experimental conditions. 412 

 The fundamental diagram only provides limited insights into the temporal dynamics of 413 

systems. Instead of such measures, we focus our analysis on time series of the number of 414 

pedestrians inside the crossing from the different intersecting streams (examples in figure 1D-E and 415 

Supplementary figure S1). These data capture temporal dynamics in our experiment. At the start of 416 

experiments, the crossing is empty. Subsequently, for all experimental conditions, pedestrian 417 

numbers for all streams increase. Rather than stabilising on one value, the time series show 418 

fluctuations. For some experimental runs, higher pedestrian numbers for one stream appear to 419 

consistently coincide with lower numbers for other streams which could be suggestive of 420 

interactions between the streams (e.g. figure 1E). We use our models for pedestrian stream 421 

populations to formally investigate the nature of these fluctuations and possible mechanisms 422 

underlying them (see below). 423 
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 Seeing that the fundamental diagram shows no difference between the experimental 424 

conditions, we additionally measure the degree of rotation of pedestrians inside the crossing around 425 

the centre of the crossing (figure 1F). For two intersecting pedestrian streams, the instruction to 426 

obey a roundabout traffic sign has a clear effect on the dynamics by increasing the rotation (Mann–427 

Whitney U test, U=0, p=0.0012, n1=7, n2=6). Figure 1F shows that for four intersecting pedestrian 428 

streams, there appears to be a small effect of introducing a roundabout traffic sign or a column on 429 

the median rotation, but these are not statistically significant (statistical tests omitted, as the 430 

overlap between distributions is large). This analysis confirms that at least for two intersecting 431 

pedestrian streams, there is an effect of our experimental treatments on the movement dynamics 432 

inside the crossing, but this does not change the fundamental diagram. 433 

 As detailed in the methods section, we propose three models for the pedestrian numbers, or 434 

populations, from different streams inside the crossing. Figure 2A illustrates the quantities modelled, 435 

as well as the general functional form of in- and outflow we assume. Our models present different 436 

hypotheses for how pedestrian streams interact, or for how pedestrians from one stream affect the 437 

in- and outflow of pedestrians from other streams. Model 1 is a baseline model and assumes that 438 

streams do not interact. Model 2 assumes that interactions arise from the total number of 439 

pedestrians inside the crossing. In model 3, we implement stream interactions that depend on the 440 

encounter rate between pedestrians from different streams (for details see methods).  Simulating 441 

these models produces time series of pedestrian numbers insider the intersection that can be 442 

compared to the experimental data (figure 2B-D and Supplementary figure S2 for four streams). 443 

Simulations indicate that the models can produce qualitatively different dynamics that range from 444 

small uncorrelated fluctuations around a stable population size value (figure 2B) to large fluctuations 445 

between different levels of distinct population sizes (figure 2D). In the latter case, these stochastic 446 

switches between population levels cause systematic fluctuations in the flow of pedestrians leaving 447 

the crossing (Supplementary figure S3). Such inhomogeneities in the pedestrian flow could thus 448 

emerge from interactions within crossings. 449 
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 To investigate the dynamics of our models formally, we conduct a stability analysis for 450 

representative parameter values and two intersecting pedestrian streams (figure 2E-G and 451 

Supplementary figure S4). In this analysis, we find equilibrium solutions, i.e. stream population sizes 452 

for which in- and outflow are balanced, as well as the properties of these solutions (i.e. stable or 453 

unstable under small perturbations away from the equilibrium). For models 1 and 2, the bifurcation 454 

diagrams are qualitatively similar (figure 2E-F). The difference between the models is that in the 455 

former, the stream populations are independent and, in the latter, stream populations always take 456 

the same value at equilibrium. If the populations are the same for all streams, equations 1-4 imply 457 

that the in- and outflow are also the same for all streams. For models 1 and 2, we find either one 458 

stable equilibrium solution, or two stable and one unstable equilibrium solution in the section of the 459 

bifurcation diagram we consider. Model 3 can produce fundamentally different dynamics at 460 

equilibrium (figure 2G). In contrast to model 2, it has equilibrium solutions for which the two stream 461 

populations take different values (blue lines in figure 2G). Importantly, if the stream populations 462 

differ, then equations 1 and 4 imply that the in- and outflow for these streams also differ. In this 463 

scenario, stochastic effects can lead to switches between stream population levels, as shown in 464 

figure 2D. For example, in figure 2D from 130 s onwards the red stream has a higher population (and 465 

thus a lower in- and outflow) than the blue stream, but this hierarchy could switch over time. 466 

For all models, simulations support the results of our stability analysis (underlying heatmaps 467 

in figure 2E-G). This analysis confirms that our models can produce fundamentally different 468 

dynamics. We show that these findings on the dynamics produced by our models also hold for four 469 

intersecting streams of pedestrians (see Supplementary Methods and Supplementary figure S5 for 470 

four streams). Next, we fit our models to the experimental data and establish which interaction 471 

mechanism explains the observed stream population dynamics best. 472 

 Figure 3A shows examples for marginal posterior parameter distributions we obtain from 473 

fitting model 2 to one experimental run via Approximate Bayesian Computation (ABC). The marginal 474 

posteriors show that the fitting procedure is highly informative for some parameters (e.g. consider γ 475 
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in figure 3A), but also that for other parameters considerable uncertainty about their value remains 476 

after model fitting (e.g. μ in figure 3A). This information is useful, as it indicates aspects of the 477 

stream population dynamics that are unambiguously captured by the model fit and aspects for 478 

which high variability in the data or model simulations lead to uncertainty in the model fit. 479 

 To adjust the rate at which participants enter the crossing and the number of pedestrians 480 

inside the crossing, we vary the widths of the openings from holding areas to corridors in our 481 

experiments (referred to as ‘inflow width’). Comparing marginal posteriors from model fits across 482 

experimental runs with different inflow widths, we find that they capture changes in inflow (e.g. 483 

figure 3B for model 2). Specifically, we find that both α and γ, the two parameters controlling the 484 

inflow in our models, show a clear increase with increasing inflow width (except for α at an inflow 485 

width of 0.6 m). These results show that the fitted model parameters for the inflow reflect 486 

controlled changes in our experiments in the expected way. For the parameters controlling the 487 

modelled outflow from crossings, trends are less clear (generally high variability in μ and possibly a 488 

quickly plateauing decrease in ε).  489 

 To establish which one out of our three models is best supported by the data, we 490 

approximate the Bayes Factors (BFs) for two models at a time from our ABC procedure (see 491 

methods). The BF measures the relative evidence for two models. Here, we adopt a commonly used 492 

scale for interpreting 2log(BF) with zero indicating no difference between the two models and 493 

positive or negative values indicating support for either of the models (see methods and [Kass & 494 

Raftery 1995]). We find the same qualitative overall trend in BFs for increasing inflow widths in all 495 

five experimental conditions (figure 3C-G). For low inflow widths, our experimental data supports 496 

model 1, suggesting that the dynamics of intersecting pedestrian streams are independent. This is 497 

not unexpected, as low inflow rates result in low pedestrian numbers inside the crossing, which 498 

means that individuals always have enough space to move freely. With increasing inflow widths, 499 

model 1 becomes less well supported by the data compared to model 2 (and compared to model 3 500 

for four intersecting streams). For intermediate inflow widths our model selection is inconclusive 501 
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meaning that all models are similarly supported by the data. However, for all experimental 502 

conditions, except figure 3D, there is positive evidence in favour of either model 2, model 3 or both 503 

model 2 and model 3 when compared to model 1 for large inflow widths (typically inflow width 4 m, 504 

but 2 m in figure 3E). As only models 2 and 3 implement interactions between pedestrian streams, 505 

these results suggest that at certain inflow rates, infrastructure-level interactions emerge. 506 

In addition, we can distinguish between the two distinct interaction mechanisms 507 

implemented in models 2 and 3. From the difference in BFs in figure 3C-G, it is clear that for each 508 

level of the inflow width separately, the BF between models 2 and 3 would be too small to decide 509 

between the models. However, as model 2 outperforms model 3 slightly for all experimental runs for 510 

two intersecting streams with higher inflow rates, overall model 2 is better supported by this 511 

experimental data. Thus, based on our stability analysis of the models (figure 2E-G), we suggest that 512 

at equilibrium the stream populations of two intersecting streams are likely to be at the same level 513 

(except for stochastic fluctuations around this level). In contrast, for four intersecting streams, we 514 

cannot establish as clearly whether model 2 or model 3 is better supported by the data for high 515 

inflow rates. Therefore, it is possible that dynamics such as the ones suggested by model 3 in which 516 

some streams dominate others in terms of flow through the intersection could occur. This also 517 

means that stochastic switches between dominating streams are possible. 518 

 To assess how well our fitted models capture the experimental data, we simulate by 519 

sampling from the posterior distribution of models (via BFs) and parameters (figure 3H). We find a 520 

good match in the number of pedestrians inside the crossing for each stream between experimental 521 

data and simulations. As our results suggest that this population level does not vary between 522 

streams for two intersecting streams, we do not differentiate between separate streams in this 523 

analysis. We also investigate the match between model simulations and data for the temporal 524 

evolution of pedestrian numbers inside the crossing (figure 4). For most scenarios we consider, we 525 

find that the experimental data is within the range covered by simulations (e.g. figure 4 A, C-E), but 526 
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we also observe mismatches between data and simulations, indicating that our model fit is not 527 

perfect for all scenarios (e.g. figure 4 B, F). 528 

One factor contributing to these mismatches in temporal dynamics could be our assumption 529 

of exponentially distributed time gaps between pedestrians entering or leaving the crossing (from 530 

the Gillespie algorithm, see Methods). We test this assumption explicitly and find that the validity of 531 

our distributional assumption is questionable (see supplementary information and supplementary 532 

figure S6). For some parameter choices the model assumption is appropriate but for many others 533 

the average length of time gaps is over-estimated. This could arise from the fact that we do not fit 534 

our models directly to the time gaps between individual events, but only consider aggregated event 535 

counts (equation 5). In addition, the limited temporal resolution of our data (16 or 25 frames per 536 

second) could contribute to over-estimating time gaps, especially for high inflow rates which 537 

correspond to high rates of pedestrians entering and leaving the crossing (e.g. figure 4 B, F). 538 

However, it is important to note that the stability properties of our models do not depend on our 539 

distributional assumption and as we make the same assumption for all models in our model fitting 540 

approach, the model selection process is fair, and its results hold. In summary, we cannot claim that 541 

the distributional assumption we make in simulating our model holds unequivocally but we show 542 

that our models capture the dynamics in the crossing at an aggregate level (figure 4) and we suggest 543 

that our main findings hold. 544 

 545 

 546 

4. Discussion 547 

 548 

By fitting models for the number of pedestrians inside a four-way intersection to data from large-549 

scale experiments with hundreds of volunteers, we provide evidence for a novel emergent effect in 550 

pedestrian dynamics: interactions between entire streams of pedestrians at intersections leading to 551 

stochastic fluctuations in the temporal system dynamics. As it is typically constraints imposed by 552 
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pedestrian facilities that lead to intersecting streams, we refer to them as ‘infrastructure-level 553 

emergent effects’. We show that these infrastructure-level effects only emerge for high inflow rates 554 

into the facility. For low inflow rates that are associated with low pedestrian densities, intersecting 555 

streams can be considered independently from each other. 556 

According to our model selection, the interactions between two streams at high inflow rates 557 

depend on the total number of pedestrians inside the crossing (model 2) and not on encounter rates 558 

between pedestrians from different streams (model 3). Stability analysis of the best-supported 559 

model, model 2, shows that when in equilibrium, the populations of different streams inside the 560 

crossing fluctuate stochastically around the same value. Large differences in population level 561 

between streams and switches in such differences are therefore unlikely. This means that at 562 

equilibrium, in- and outflow are equal across streams. Large switches in stream populations (e.g. 563 

changing from one to another equilibrium level, see figure 2F for γ>45) that coincide with in- and 564 

outflow changes can only occur synchronously in both streams. In contrast, for four intersecting 565 

pedestrian streams, we cannot rule out that dynamics as suggested by model 3 could occur. This 566 

model can produce dynamics in which some streams have high population numbers (associated with 567 

low flows), whilst others have low population numbers (associated with higher flows). Such 568 

scenarios are similar to the observations in experiments with ants where one stream was jammed 569 

and the other moved [Dias et al. 2013, Shahhoseini et al. 2016]. Asynchronous switches across 570 

streams with high and low flows are possible in the dynamics produced by model 3 (see e.g. 571 

Supplementary figure S3). Such switches could lead to possibly substantial fluctuations in pedestrian 572 

flow downstream from the intersection. In this way, the emergent effects we report here could be 573 

relevant for the dynamics of pedestrian flows beyond the immediate vicinity of intersections. 574 

Most previous work on intersecting pedestrian streams has not formally investigated the 575 

stability properties of the observed dynamics (e.g. [Wong et al. 2010, Zhang & Seyfried 2014, Lian et 576 

al. 2015, Xie & Wong 2015, Holl 2016]). An exception is a study on the dynamics of two simulated 577 

pedestrian streams trying to pass through one bottleneck from opposite directions [Marschler et al. 578 
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2014]. Marschler and co-workers use diffusion maps to develop an understanding of the system’s 579 

behaviour. This approach is attractive, as it avoids the need for choosing specific coarse-grained 580 

measures to represent the system (e.g. stream populations in our work). However, in contrast to our 581 

models, diffusion maps have the drawback of lacking a physical interpretation [Marschler et al. 582 

2014]. 583 

Analysis of our models suggests that the stable dynamics expected depend strongly on the 584 

model parameters. For example, for model 3, the equilibrium solution for which the population sizes 585 

differ across streams only occur for particular parameter combinations (see figure 2G). In principle, 586 

our model fitting procedure can provide insights into whether such parameter combinations are 587 

possible, given the evidence provided by the data. However, the posterior distributions of 588 

parameters suggest that a high degree of uncertainty about parameter values remains after fitting 589 

models to our data (see figure 3A). We suggest that additional data is needed to fully determine the 590 

dynamical states that are possible but that our findings and methodology provide a clear approach 591 

for how to do so. 592 

The high uncertainty in the posterior distributions for some parameters does not necessarily 593 

imply that the model fit to the data is poor. For example, our model captures the number of 594 

pedestrians inside the crossing for experimentally controlled inflow widths with reasonable accuracy 595 

(see figure 3H). Instead, wide posteriors for a parameter indicate that the model fit is not very 596 

sensitive to changes in this parameter at the tolerance level used in model fitting. If decreasing the 597 

tolerance level and using additional data does not address the issue of wide posteriors for a 598 

parameter, it may not affect the dynamics produced by the model and may therefore be 599 

superfluous. None of the parameters included in our model had wide posteriors consistently (e.g. 600 

see figure 3B) and we therefore suggest that the abovementioned issue does not arise for our 601 

models. 602 

We investigate the possibility of organising the pedestrian flow via instructions (roundabout 603 

treatment) or by placing obstacles inside the crossing (column treatment). While these interventions 604 
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can influence pedestrians’ movement (rotation for two intersecting streams), we find that they do 605 

not alter the capacity of the facility (fundamental diagram). The fact that our model selection yields 606 

broadly comparable results across experimental conditions for two and four intersecting streams 607 

additionally suggests that the interventions we tested do not change the temporal dynamics of the 608 

number of pedestrians inside the crossing. 609 

Our models are deliberately simple and therefore do not account for the full complexity of 610 

pedestrian movement. For example, we do not consider physical interactions between individuals 611 

that are likely to be important in high-density scenarios [Helbing et al. 2007]. We also consider non-612 

spatial dynamics within the crossing, which means we cannot model density variations that have 613 

previously been reported [Lian et al. 2015, Holl 2016]. Finally, we do not explicitly model the 614 

dynamics in corridors. This could be relevant, as the pedestrian flow in each corridor leading to the 615 

intersection may or may not be bidirectional, which could affect the overall dynamics. Theoretical 616 

work on vehicular traffic investigates how the states up- and down-stream from a region of interest 617 

(a link in a traffic network) depend on each other, finding that the state distribution can spread out 618 

almost uniformly at capacity flows [Osorio & Flötteröd 2014]. This suggests a possible scenario 619 

whereby the parameters of our model could potentially absorb interactions between the dynamics 620 

in corridors and intersection and thus explain the inconclusive model selection for intermediate 621 

inflow rates. Testing if this scenario holds would require a more detailed analysis of the dynamics in 622 

the corridors. 623 

While considering the limitations of our models is important, our simplifications also have 624 

advantages. They allow us to study the dynamics produced by our models analytically (i.e. 625 

comprehensively) and to fit our models to data on pedestrian numbers in streams. Pedestrian 626 

numbers in streams can be measured using different techniques, including video recordings 627 

[Vandoni et al. 2017], as well as other sensors, such as wireless networking signals [Wang et al. 628 

2007] or mobile phone signals [Steenbruggen et al. 2013]. Measuring this data requires a less 629 

detailed analysis than obtaining complete pedestrian trajectories. For example, for clearly defined 630 



26 
 

streams, determining the predominant movement direction of individuals within a measurement 631 

region suffices. For measurements making use of devices carried by pedestrians, such as mobile 632 

phones, recording device IDs in corridors leading up to an intersection and subsequently recording 633 

how long devices remain inside the measurement area is sufficient for data collection. We argue 634 

that this flexibility in data acquisition is particularly important when considering the difficulties in 635 

collecting detailed data across real-world contexts and in relating models to this data (e.g. [Davidich 636 

& Köster 2013]).   637 

 As all model selection studies, we can only contrast a limited set of models and it is possible 638 

that other models may explain the data better. However, our models are flexible and can be 639 

extended easily. For example, allowing parameters to vary across streams would allow for 640 

asymmetric pedestrian streams. Temporal forcing could be introduced to the inflow rate function to 641 

accommodate for fluctuations in the arrival rate of pedestrians, as is commonly observed in 642 

transport hubs (e.g. [Feliciani & Nishinari 2015]). Alternative functional forms for the in- and out-643 

flow could be investigated and additional factors, such as the angle at which streams intersect could 644 

be included (e.g. based on [Wong et al. 2010, Xie & Wong 2015]). Our model fitting procedure may 645 

give the impression that our models need to be chosen on a case-by-case basis, based on the 646 

prevailing density, for example. This is not the case, as once posterior distributions and Bayes 647 

Factors are obtained, they can be used to simulate efficiently taking the relative likelihood of the 648 

different models into account (see figure 3H). In other words, model fitting can be used to convert 649 

the set of three separate models into one stochastic model structure. If required, deterministic 650 

approximations of this stochastic model structure could be obtained via weighted sums of the 651 

separate models’ in- and out-flow rates, for example. A more challenging question is how to extend 652 

our framework to different geometries and larger scenarios than the crossing we consider here. As 653 

long as a region of interest can be identified, our approach works and in principle, the cell 654 

transmission model [Daganzo 1994] and more advanced phenomenological models [Hänseler et al. 655 

2017] provide starting points for extensions to larger scenarios. However, such extensions will very 656 
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likely result in models that are no longer analytically tractable. We suggest that the modelling 657 

approach we use here is primarily useful for investigating fundamental questions about temporal 658 

dynamics, but that it can also be extended to cover larger scenarios and that the model fitting 659 

procedure we employ can be adapted to any context. 660 

Our model fitting procedure, like other Bayesian approaches, offers several distinct 661 

advantages. First, marginal posterior distributions can indicate areas of uncertainty in the model fit. 662 

Second, posterior knowledge gained from one data set can be used for priors in the analysis of new 663 

data or even related models that contain the same parameters. Third, posterior parameter 664 

distributions can be updated continuously as and when new data become available. In practice, this 665 

means that fits of our models could be updated on the fly. Substantial changes in Bayes factor 666 

between models or in posterior distributions could be indicative of undesired developments in 667 

pedestrian dynamics that could trigger management interventions. 668 

We suggest that despite the large number of simulations we performed, such an approach is 669 

computationally feasible. All our simulations were performed on a standard desktop computer 670 

(Intel(R) Core(TM) i7-6700 CPU 3.40GHz, 16.0 GB RAM) and implemented without a specific focus on 671 

computational speed. While completing all simulations took approximately 2 weeks, using more 672 

informative priors and computational improvements in the ABC (e.g. [Toni et al. 2009]) should 673 

substantially reduce this computational time. Real-time applications to flow management may 674 

require an initial, computationally expensive, fitting procedure followed by substantially more 675 

efficient updating of existing priors. 676 

 In summary, we suggest that simple non-spatial models continue to be a promising avenue 677 

for future research on pedestrian dynamics and for real-world applications. 678 

 679 
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Figure captions 861 

 862 

 863 

Figure 1: Experimental data and results. (A) Top-down view of the experimental setup. (B) 864 

Pedestrian trajectories over 6.25 s for an experimental run with two pedestrian streams shown in 865 

blue and red, respectively (inflow width 2.4 m). The dotted circle indicates the measurement region 866 

for determining the number of pedestrians inside the crossing. (C) Fundamental diagram for all data 867 

included in the study, redrawn with permission from [Holl 2016]. Colours indicate experimental 868 

conditions and are identical to panel F. (D-E) Time series of pedestrian numbers inside the crossing 869 

for experiments under the free condition with two intersecting streams that are shown in blue and 870 

red, respectively. Inflow widths are 0.6 m (D) and 4.0 m (E). (F) Box and whisker plot for the rotation 871 

of pedestrians around the centre of the crossing for all experimental conditions (see methods). 872 

Boxes indicate the upper and lower quartile. The line inside boxes indicates the median, whiskers 873 

indicate 1.5 times the interquartile range or the maximal/minimal values if they are within this 874 

range. The p-value comparing the rotation values for two streams with or without roundabout 875 

instructions are from a Mann–Whitney U test. 876 
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 877 

Figure 2: Model simulations and stability analysis. (A) Diagram indicating quantities modelled. The 878 

number of pedestrians inside the crossing (dashed circle) from all streams are counted separately 879 

(here X1 and X2). The insets show the dependence of the inflow (left) and outflow (right) in models 880 

on the number of pedestrians inside the crossing. (B-D) Example simulations for two intersecting 881 

pedestrian streams shown in red and blue of models 1, 2 and 3, respectively. Model parameters are 882 

α=8, γ=50, ε=0.036 and μ=0.62 for models 1 and 2. For model 3, α=6, γ=50, μ=1.2, ε=0.053 and 883 

δ=0.01. (E-G) Bifurcation diagrams in the case of two intersecting pedestrian streams for models 1, 2 884 

and 3, respectively. Grey lines indicate equilibrium solutions for which X1=X2 (except for model 1, 885 

panel E, where X1 and X2 are independent). Blue lines show equilibrium solutions for which X1≠X2. 886 

Solid lines denote stable and dashed lines unstable equilibrium solutions. Heatmaps underlying the 887 

bifurcation diagrams show stream populations observed in the last 100 updates of 100 replicate 888 

stochastic simulations over 10,000 simulation steps and show probability densities separately for 889 

each value of γ (colour scale in panel E). Parameter values used are α=6 (E) and α=3 (F) (all other 890 

parameters as above). 891 

 892 
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 893 

Figure 3: Model fitting and selection results. (A) Marginal posterior parameter distributions for the 894 

fit of model 2 to data with two streams, without instructions and an inflow width of 4.0 m. Dashed 895 

horizontal lines indicate uniform prior distributions. (B) Box and whisker plots of posterior parameter 896 

distributions for the fit of model 2 to the two-stream data without instructions for all inflow widths. 897 

(C-G) Bayes factor (BF) for the comparison between model 1 and models 2 and 3 for all experimental 898 

conditions. Negative values indicate support for model 1 and vice-versa. Grey horizontal bands 899 

indicate inconclusive BF values for model selection. BFs of replicate experimental runs with the same 900 

inflow width are combined using the fact that the separate runs are independent. (H) Simulations for 901 

two streams without instructions obtained by sampling from the posterior distribution of models 902 

and parameters. For each inflow width, we run 1,000 simulations for 1,000 steps, starting at 903 

(X1,X2)=(0,0), by first randomly selecting a model (using BFs) and second sampling parameters from 904 

the corresponding parameter posteriors. Box-and-whisker plots show the distribution of observed 905 

pedestrian numbers over the last 100 time-steps in experiments and update steps in simulations. 906 

 907 
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 908 

Figure 4: Time series of pedestrian numbers inside the crossing averaged across streams for 909 

experiments and simulations. Black lines show experimental data and shaded regions show 99% 910 

confidence intervals from simulations. (A,B) show data from experiments with two intersecting 911 

streams under the free condition and inflow widths of 0.6 m and 4.0 m, respectively. (C,D) show data 912 

from experiments with four intersecting streams under the free condition and inflow widths of 0.6 m 913 

and 1.5 m, respectively. (E,F) show data from experiments with four intersecting streams under the 914 

column condition and inflow widths of 0.9 m and 4.0 m, respectively. Simulations are performed by 915 

sampling from the posterior distribution of models and parameters (obtained from fitting models to 916 

the corresponding data). For each experiment shown, we run 1,000 simulations, starting with the 917 

initial condition of no pedestrians inside the crossing. Simulations are run for as many steps as 918 

needed to cover the time interval covered by the experimental data. 919 
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Tables 921 

 922 

Experimental 
condition 

Participants 
included 

Inflow width in metres (in temporal order) 

2 streams, 
free 

603 0.6’ 0.9’ 1.2’ 1.8’ 2.4’ 3.0’ 4.0’    

2 streams, 
roundabout 

603 0.6 0.9 1.2 1.8 2.4 4.0     

4 streams, 
free 

319 0.6’’’ 0.6’’’ 0.9’’’ 1.2’’’ 1.5’’’ 2.0’’’’ 0.6’’’ 1.5’’’ (4.0) (4.0) 

4 streams, 
roundabout 

319 (0.6) (0.6) 0.6’’ 0.9’’ 1.2’’ 1.5’’ 0.6’’    

4 streams, 
roundabout 

603 4.0 2.0 1.2        

4 streams, 
column 

319 (0.6) 0.6’’ 0.9’’ 1.2’’ 1.5’’ 1.5’’ 1.5’’ 1.2’’   

4 streams, 
column 

603 1.2 2.0 4.0        

Table 1: Experimental conditions and associated runs. In the “free” condition, participants received 923 

no further instructions. In the “roundabout” and “column” conditions, participants were shown a 924 

standard blue roundabout traffic sign. In the “column” condition, a column was additionally placed 925 

into the centre of the crossing. Experimental runs that were excluded from the analysis are shown in 926 

brackets (see main text for details). Superscript dashes on inflow widths indicate the amount of data 927 

used in each experimental run (no dash: 93.75 seconds; one dash, ‘: 78.13 second; two dashes, ‘‘: 60 928 

seconds; three dashes, ‘’’: 50 seconds; four dashes, ’’’’: 44 seconds). The data for four streams and 929 

319 participants was collected from high definition video camera footage at 25 frames per second 930 

[Boltes & Seyfried 2013]. All other data was obtained using the camera grid footage at 16 frames per 931 

second [Mehner et al. 2015]. 932 

 933 


