
                          Seitz, M. J., Bode, N., & Koester, G. (2016). How cognitive heuristics
can explain social interactions in spatial movement. Journal of the
Royal Society Interface, 13(121), [20160439 ].
https://doi.org/10.1098/rsif.2016.0439

Peer reviewed version

Link to published version (if available):
10.1098/rsif.2016.0439

Link to publication record in Explore Bristol Research
PDF-document

This is the accepted author manuscript (AAM). The final published version (version of record) is available online
via The Royal Society at http://dx.doi.org/10.1098/rsif.2016.0439. Please refer to any applicable terms of use of
the publisher.

University of Bristol - Explore Bristol Research
General rights

This document is made available in accordance with publisher policies. Please cite only the
published version using the reference above. Full terms of use are available:
http://www.bristol.ac.uk/red/research-policy/pure/user-guides/ebr-terms/

https://doi.org/10.1098/rsif.2016.0439
https://doi.org/10.1098/rsif.2016.0439
https://research-information.bris.ac.uk/en/publications/6baa770a-f590-45e5-a21b-c55e99cb84b3
https://research-information.bris.ac.uk/en/publications/6baa770a-f590-45e5-a21b-c55e99cb84b3


1 
 

Supplementary information 
 

How cognitive heuristics can explain social interactions in 
spatial movement 
 
Michael J. Seitz, Nikolai W.F. Bode, Gerta Köster 
 
 

Supplementary material and methods 

Conceptual discussion of the modelling approach with cognitive heuristics 

We explicitly constructed our models to demonstrate what the minimal set of heuristic 
building blocks are that can reproduce defined phenomena. At the same time, the model 
must not go against “biological intuition” [1], that is, established knowledge about the species’ 
physiological and cognitive capacities, which is what we refer to as “plausible”. The 
plausibility is not arbitrary but backed by a wealth of research into human cognition, namely 
the work by the fast and frugal heuristics school cited in the main text. 

Somewhat in contrast to the discrete decision making with cognitive heuristics in our 
approach stand continuous control laws. The question whether a continuous control 
approach is more plausible than a discrete process is an interesting issue. We argue that a 
continuous control approach is likely to be more complex than discrete decisions in terms of 
cognitive and computational effort. Therefore, we chose the latter option, which suffices to  
reproduce the phenomena. Nevertheless, our discretisation is an idealisation of the real 
cognitive processes. A truly continuous process, however, does not seem plausible either. 
Instead, we hypothesise that the decision is updated when novel cues are available. 
Although there may be a continuous search for such cues, the (cognitive) decision-making 
entity is only triggered when needed. For this, an adapted discrete decision process would 
still be sufficient. A continuous process can also capture the behaviour but may not be 
necessary. Both the consideration of evolutionary pressure and the theory of science 
demand that we choose the more parsimonious model, which is likely to be the discrete one. 

During the review process for our manuscript, we received a number of comments pertaining 

to the psychological justification of our approach. It was argued that a continuous control 

approach may be more plausible than a discrete decision-making process and that the latter 

is in principle insufficient to explain individual locomotor trajectories. Although we disagree 

with this assessment of our work, we feel it is appropriate to provide a discussion on this 

viewpoint. We argue that the question of how detailed the trajectory of a pedestrian model 

has to be is a question of its focus or application. For example, cellular automata have 

proven to be useful in a variety of applications although they are highly discretised [5]. In this 

paper, we focus on the cognitive process rather than locomotion trajectories and hence use 

measures that do not rely on continuous motion. 

We also disagree with the statement that heuristics are in principle insufficient to explain 

individual locomotor trajectories. First, trajectories are produced with our approach, just on a 

coarser scale of discretisation. Second, if a finer scale is desired, our modelling framework 

can be combined with a physical layer that produces continuous motion. This separation into 

layers simply separates two aspects of pedestrian dynamics that are also separate in the real 

world: decision-making and physical locomotion. Both aspects can then be studied directly 

with appropriate models instead of mashing them up into one model that does not plausibly 
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explain either of the aspects. One alternative, namely producing one model that tries to 

capture both of these aspects with one set of equations, could also be questioned. For 

example, it could be argued that it is conceptually unjustified to represent decision-making 

with a system of differential equations. Furthermore, we argue that separating locomotion 

from decision-making does not necessarily lead to increased complexity, simply because 

there are two parts. In fact, modularisation often makes models simpler. This is 

demonstrated by examples in computer science, where complex systems are heavily based 

on the idea of modularisation. Instead of seeing modularisation as a weakness, we consider 

it a strength of our approach. 

Finally, another criticism of our approach we received was that a control law is more efficient 

than our heuristic model. We also disagree with this statement. A continuous control law is 

usually more demanding in computation as the decision is updated at a very high rate. 

Furthermore, a control loop may introduce stability issues that are caused by the control 

model itself and not the decision-making process. The computation in our model for each 

step is highly efficient. Nevertheless, we agree that the model could be refined by separating 

the explicit decision making and the motor-control processes in future developments. In such 

a refinement, the explicit decision-making entity would only be invoked when necessary, 

possibly at lower rates than for each step. The motor-control entity could resemble a 

continuous control law carrying out the decisions made by the higher entity and controlling 

the biomechanical movement. Although this model could explain pedestrian motion in more 

detail. 

 

Simulation procedure 

During normal walking, step length and speed correlate linearly (step length ≈ 0.462 m + 
0.235 s x speed; [2]). Using this relationship, we compute the length and subsequently the 
duration of each pedestrian’s step, δti, from their preferred speed (index i runs over all 
pedestrians in the simulation). Given the step durations for all pedestrians, we determine 
movement events, Ti, time points at which pedestrians are scheduled to move in simulation 
time [3]. At the start of simulations, movement events are generated according to step 
durations and the pedestrian with the shortest step duration moves first (i.e. Ti=δti). Once a 
pedestrian i has made a step at time t, a new movement event is created for this pedestrian 
at time Ti=t+δti and inserted into the chain of movement events at the appropriate place (i.e. 
insert Ti at the end of the chain if  Ti >Tj for all j≠i; otherwise insert Ti in front of Tj =min{Tk}, 
where for all k, Tk>Ti, k≠i). If two agents are scheduled to move at the same time, the order is 
chosen randomly. This event-driven update scheme processes the movement of simulated 
pedestrians according to their natural order in simulation time [3]. Hence, simulated 
pedestrians never move simultaneously and collisions due to concurrency are prevented. 
 
At very high crowd densities, physical interactions between the bodies of pedestrians can 
play an important role in the movement dynamics of crowds [4]. Our model does not include 
an explicit representation of physical forces or a continuous physical or biomechanical 
process. When making a step, pedestrians move instantaneously and thus their movement 
can only be interpreted meaningfully over longer time scales. Our model could be extended 
to include a physical representation of movement, but this is not the focus of the study. Here, 
we focus on the novel perspective of simulating social interactions in moving crowds with 
simple cognitive heuristics. 
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Software used for simulations and data analysis 

We implemented the simulation procedure with Java (version 1.8) and conducted the 
statistical analysis in the R programming environment (version 3.2.0). Regression lines were 
created with the functions ‘loess’ (in figure 2, a.2-d.2) and ‘smooth.spline’ (all others) from the 
‘stats’ package in R. 

 

Diagrams for the sideways evasion and follower heuristics 

 
Figure S1: Computational steps for the sideways evasion heuristic. See also main text for a detailed 
description of this heuristic. In figure 2 in the main text, we explain the schematic representation of 
heuristics further.  

 

 
Figure S2: Computational steps for the follower heuristic. See also main text for a detailed description 
of this heuristic. In figure 2 in the main text, we explain the schematic representation of heuristics 
further. 
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Measurement methodology for the summary statistics 

With the queue measure, we capture how pedestrians use the available space in front of the 
bottleneck by investigating the shape of the queue they form. We report the quantity 
(1/n)∑k=1..n[∆yi/(1+∆xi)], where ∆yi is the horizontal distance from the central line through the 
bottleneck and ∆xi is the vertical distance from the entrance to the bottleneck for pedestrian i. 
We only consider pedestrians a maximum of 5 m away from the bottleneck (∆xi < 5 m) to 
avoid recording the initial positions of pedestrians. 

For the lane formation measure, we weight the crossings both in time and space with the 
negative exponential distributions exp(-Δt/10) and exp(-Δx), respectively, where Δt (seconds) 
is the distance of crossings in time, and Δx (metres) the spatial distance relative to the 
measurement point. Crossings in one direction are positive and crossings in the other 
direction are negative.  A flow of zero indicates that no pedestrians are walking in the corridor 
or that the corridor is jammed by pedestrians. We also record the average movement 
direction and lateral position of pedestrians at the halfway mark. The weighted average is 
reported at different time points and over the breadth of the corridor. 

 

 

Figure S3: Illustration for the measurement methodology of the queue measure (a) and the 

lane formation measure (b). The yellow point is the reference point for the measurement. In 

the case of the lane formation measure (b), the measurement point runs over the halfway 

mark represented by the dashed line.  The coordinates x and y are used in the formulas as 

described in the text of the supplementary information on the measurement methodology for 

the summary statistics. 

 

 

Figure S4: Illustration of idealised queue shapes in front of a bottleneck. A perfectly 

organised queue (a) yields a queue measure of 0. A broader queue shape (b) results in a 

value greater than 0, and an even stronger scattering of pedestrians in front of the bottleneck 

(c) an even greater queue measure value. 
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Density-speed relation 

To determine the relationship between density and speed, we record the average speed at 
which pedestrians are moving, as well as the density in front of the bottleneck in time 
intervals of 1.0 s. This measure is taken in a quadratic box with 1 m side lengths placed 
directly in front of the bottleneck. The density-speed relation is commonly used to benchmark 
simulation models against empirical data and to assess the capacity of pedestrian facilities 
(‘fundamental diagram’ e.g. [5]). To obtain an accurate and smooth estimate for pedestrian 
densities, we follow previously established methodology using Voronoi cells around 
pedestrians [6]. We use the formula N/(∑k=1..n[Ak]), to compute the density, where N is the 
number of pedestrians within the measurement area and Ak are the areas of their Voronoi 
cells.  

 

Data Set 

Data Set: Bottleneck (Flow, density, velocity) 
Project funded by the German Science Foundation (DFG) under DFG-Grant No. KL 1873/1-1 
and SE 1789/1-1, University of Wuppertal 
www.asim.uni-wuppertal.de/datenbank/own-experiments/bottleneck/bottleneck-no-2.html 
accessed 02/09/2015 
 

 

Supplementary results 

 

 
Figure S5: Queue measure, density-speed diagram, stepping behaviour for the follower heuristic in the 
bottleneck simulation scenario. The right panel shows the percentage of the respective stepping 
behaviours where the red curve represents events where simulated pedestrians remained at the 
current position, the green curve represents events where they stepped directly towards the target, 
and the orange curve represents tangential and the blue curve sideways evasion steps. The results 
are similar to the results with the sideways evasion heuristic in figure 3 in the main text. Further details 
on experiments, methods and interpretation of these results can be found in the main text. 

 

 

http://www.asim.uni-wuppertal.de/datenbank/own-experiments/bottleneck/bottleneck-no-2.html
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Figure S6: Density-speed diagrams for an egress scenario with the step or wait heuristic (a), tangential 
evasion heuristic (b), sideways evasion heuristic (c), the results from a controlled experiment [28,29] 
with a similar experimental design (d), and with combinations of the step or wait, tangential evasion, 
and sideways evasion heuristic in panels e to h (see fig. 3 and 4 in the main text for more information). 
For low densities, we find both a high and a low speed regime and for higher densities, we only find 
low speeds. 

 

 

 

 

Figure S7: Visualisation of the positions in the controlled experiment [7] at 30 s after the start of the 
experiment. The red rectangle approximately indicates the area within which positions of participants 
were captured. The visualisation corresponds to the snapshot in fig. 3 d.1 in the main text. 
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Lane formation measure 

Heuristic  
Delay 

Step or wait 
heuristic 

Tangential 
evasion heuristic 

Sideways 
evasion heuristic 

Follower 
heuristic 

0.5 s 0.17 (±0.07) 2.46 (±1.21) 1.76 (±0.79) 5.95 (±1.88) 

1.0 s 0.21 (±0.10) 0.94 (±0.07) 0.95 (±0.09) 2.88 (±0.60) 

1.5 s 0.18 (±0.07) 0.70 (±0.07) 0.72 (±0.10) 1.77 (±0.23) 
 

Table S8: Lane formation for different heuristics. The table shows the lane formation measure 
averaged over time, space, and 10 replicate simulation runs (± standard deviation). High standard 
deviations with 0.5 s delays between the creation of pedestrians in the sources result from the runs 
where a congestion formed. The follower heuristic shows the highest mean value for the measure and 
hence the strongest indication of lane formations. The step or wait heuristic has a low mean value as 
the corridor is jammed soon after the start of the simulation. The sideways evasion heuristic has a 
lower mean value than the tangential evasion heuristic. This indicates that the sideways evasion 
heuristic leads to a lower degree of organisation compared to the tangential evasion heuristic. Due to 
the definition of the measure, higher densities (smaller delays) lead to a higher mean values. This 
does not apply for the step or wait heuristic, which always leads to jammed corridors. 
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