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a b s t r a c t
Crowd simulation has been widely used as a tool to demonstrate the behavior of passengers on public
transport. A simulation model allows researchers to evaluate the platform or interior designs without
involving real-world experimentation. In this paper, we propose a passenger model to measure the effect
of different public transport vehicle layouts on the required time for boarding and alighting. We ﬁrst
model a low level collision avoidance behavior based on an extended social force model aiming at simulating human interactions in conﬁned spaces. The model introduces a mechanism to emulate rotation
behavior while avoiding complex geometric computations and is calibrated to experimental data. The
model also allows agents to perform collision prediction in low density environments. Strategical behavior of passengers is modeled according to the recognition-primed decision paradigm and combined with
the collision avoidance model. We validate our model against real-world experiments from the literature, demonstrating deviations of less than 6%. In a case study, we evaluate the boarding and alighting
times required by three autonomous vehicle interior layouts proposed by industrial designers in both
low-density and high-density scenarios.
© 2020 Published by Elsevier B.V.

1. Introduction
The introduction of autonomous vehicles as a mode for public
transport offers promising beneﬁts and can play an important role
in reducing commute times for all passengers. One of the key challenges is to reduce the time required for passengers to board and
alight these vehicles as too long dwell times would annul all time
gains achieved through platooning or trafﬁc light prioritization. The
layout of these vehicles (e.g., the number, spacing and orientation
of seats or the number, location, and size of doors) directly affects
this dwell time and is therefore a critical property of autonomous
public transport vehicles.
Ideally, once industrial designers have ﬁnalized a number of candidate AV layouts, real-world trials with mock-ups would be carried
out to obtain a quantitative comparison. Unfortunately, this is often
not feasible due to their cost-intensive and time-consuming nature,
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requiring a different mock-up for each design and a large number
of participants to produce meaningful results. While virtual reality
solutions can replace physical mock-ups, they introduce new challenges such as passenger interaction and uncertainties about the
required level of immersion [7].
One possible solution is to instead use an agent-based model
of the boarding and alighting behavior of passengers which can
be used for the AV design evaluation. However, unlike the scenarios presented in many common agent-based simulation studies
(e.g., [6,11]), the conﬁned spaces inside a vehicle limits the movement of passengers. More complex actions including detour and
body rotation are to be executed by a passenger to avoid collision
with obstacles and other passengers. Achieving realistic navigation
behavior in such scenarios therefore becomes the prior issue for
the model development.
In our previous study [27], we presented a passenger model
and tool aiming at solving the mentioned issues. We proposed an
agent-based model to evaluate the boarding and alighting times
with respect to given vehicle interior layouts. We proposed adaptations of well-known pedestrian simulation models to support the
navigation in spatially conﬁned scenarios. A novel size adaptation
method was proposed to allow agents to navigate through nar-
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row corridors successfully without the need for complex geometric
computations. The passenger behavior on the strategical level was
carefully modeled according to the recognition-primed decision
[19] framework as a set of so-called experiences [22].
Although the model has been put into practical use and acquired
reasonable results, several open aspects and unsolved issues
remained: the proposed size adaptation method lacked calibration
to empirical data; the model has not considered the competitive
behavior between passengers of the same priority level, e.g., two
passengers boarding at the same time; the model has not been used
for evaluating the layouts in high-density scenarios.
To address the aspects above, an extension of the previous
research is presented in this paper. The main contributions can be
summarized as follows:
• The model is further enhanced to tackle the challenges when
agents move in spatially conﬁned scenarios.
• The size adaptation method is improved by introducing gap maintenance and speed adjustment, both of which are investigated
and calibrated with data from real-world experiments from the
literature.
• A collision prediction algorithm is introduced to produce fast
solutions of coming collisions of neighbors in low-density environments.
• Validation has been carried out through comparison to real-world
experiments from the literature using the enhanced passenger
model.
• Additional evaluations are presented with respect to several different AV layouts in both low density and high density scenarios.
The remainder of this paper is organized as follows: Section 2
introduces existing works fundamental to our model and related
work in passenger simulation for public transport scenarios. In
Section 3, we describe the behavior modeling in scenarios involving narrow corridors and the corresponding calibration. Section 4
describes our basic simulation scenario and Section 5 describes our
proposed passenger model. In Section 6, we provide validation and
performance evaluation results. Finally, Section 7 concludes the
paper.
2. Background and related work
In this section, we outline the models used to represent the
high-level decision making and the low-level collision-avoidance
behavior of agents. Further, we discuss related work on agent-based
simulation of public transport scenarios.
2.1. Recognition-primed decision
Decision making is an essential cognitive process in daily life.
The traditional analytical decision-making models such as prescriptive analytical decision-making and rational choice model aim to
acquire the optimal solution to a particular problem. However, such
models are mainly based on laboratory experiments and fail to represent the actual process in reality, especially under time pressure
[13].
Naturalistic decision making (NDM) models provide better representation on the fact that a human tends to make decisions based
on estimations and guesswork rather than using purely rational
processes [21]. In this paper, we use one of the most well-known
NDM models, recognition-primed decision (RPD), as the conceptual framework for our model. Each agent maintains a repertoire
of patterns representing its previous experiences. When encountering a problem, the agent selects a matching situation from its
repertoire and predicts the expected outcome based on the pre-

vious experience. A comprehensive description of RPD is given in
[19]. In Section 5, we describe how the concepts of RPD are applied
to our speciﬁc modeling problem.
Our agent-based model relies on the implementation of RPD
in the CrowdTools simulation framework, which encapsulates the
decision-making logic into experiences composed of one or more
stages [22]. The decision-making process consists of three iterative
steps:During situation assessment, the agent perceives situational
cues, which are used to update its emotional state. During experience matching, the agent selects from its repertoire the experience
that is the most similar to the current situation. During experience
execution, the actions associated with the selected experience are
carried out.
Four cognitive components implement the following tasks
involved in the above process: The perception system detects the
constraints imposed by the virtual environment and ﬁlters the relevant information for the decision making. The working memory
stores predeﬁned information and situational states. The decision
system carries out the decision making based on the information
from the perception system and the working memory. Finally, the
action system executes the actions determined by the decision system.
2.2. Collision avoidance
Microscopic crowd simulations represent humans as
autonomous agents that sense their surroundings, make decisions
and carry out corresponding actions. The social force model (SFM)
[23] is a popular and well-studied model of the distance-keeping
behavior of pedestrians. We choose the SFM for the basic collision avoidance due to its low computational cost and ease of
implementation. The SFM models the intention of a pedestrian as
a driving force and the resistance between a pedestrian and its
surrounding objects, i.e., neighboring pedestrians and stationary
obstacles, as repulsive forces. The force acting on an agent i at time
t is deﬁned as follows:
0

mi

v (t) − vi (t)
dvi
= mi i
+ Fnb + Fobs
i
dt

The ﬁrst summand represents the driving force, where mi is the
mass of the agent, v0i (t) is the preferred velocity and vi (t) is the
actual velocity; Fnb is the net force from neighboring agents, and
Fobs is the force from the surrounding obstacles. The force received
D

from neighbor j is deﬁned as fij = A exp(− Bij )nij . The time step size
is denoted by i . The parameters A, B determine the strength and
range of the force. Dij is the distance between the agent i and agent
j. nij is the direction vector pointing from the position of agent i
denoted by Pi to the position of agent j denoted by Pj . The force
from an obstacle line l is determined in the same fashion based on
the distance of agent i to the closest point on l.
Following the above deﬁnitions, for a pair of agents, the SFM
deﬁnes a pair of opposite forces, which can lead to undesirable symmetric interactions [17]. As an example, suppose two agents are
heading exactly towards each other in an open space. The agents
experience forces opposite to their velocity, and decelerate without changing direction, leading to a standstill or collision. To solve
this issue, a variant of the SFM introduces a right-of-way mechanism based on agent priorities [12]. The parameter B in the original
SFM is replaced by Bij = B + Rji ri , with Rij which reﬂects the rightof-way of agent i over agent j. Here, Rij = max(1, pi − pj ) is given as
a function of agent i’s and j’s priorities, i.e., pi and pj . The value of
Rij becomes 1 if pi > pj , otherwise 0. The direction of the repulsive
force is adapted according to Rij . If agent i has higher priority than
j, the repulsive force on j is assigned an angle between 0◦ and 90◦
to the preferred velocity of i.
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2.3. Body representation in agent-based modeling
Many existing agent-based models rely on the traditional circular shape representation of agents. These models assume that the
space occupied by a human in any direction is equal to their shoulder width and therefore overestimate the actual space occupied.
They fail to support scenarios where an agent attempts to navigate through a path that is narrower than its shoulder width. To
solve this issue by introducing lateral motion, some works propose
elliptical [4,25] or even irregular polygonal representations [1,20].
However, these approaches substantially increase the complexity
of the collision avoidance, both computationally and in terms of the
need to address special cases, e.g., when there is insufﬁcient space
for an agent to rotate.
Another possible solution is to dynamically change the shape
of an agent. Baglietto and Parisi [3] propose a model with circular
agents, but allow the agents to scale their radius. A similar idea can
be found in [9], where the agents are modeled as ellipses, with a
scalable radius along the walking direction. However, in both methods, agents adapt their radius only according to their own walking
speed and do not allow for dynamic adjustments to adapt to the
current environment.
In our work, we propose a solution for the navigation in conﬁned areas where agents representing by circles are able to perceive
the surrounding environment and adapt their sizes according to
speciﬁc rules.
2.4. Simulation of passengers in public transport scenarios
Several existing works have used agent-based simulations to
determine the required dwell time of public transport vehicles.
Perkins et al. [24] employ SFM to assess the dwell time of a train
under various parameter combinations for the door width and
placement as well as the crowd mix. Their focus is on the trainplatform interface. Thus, in contrast to our work, the geometry and
seat placement inside the vehicle as well as the passenger behavior
after boarding are not considered.
Fletcher et al. [16] propose an automated procedure to optimize
the geometry of a train’s interior layout based on evolutionary algorithms and evaluation using agent-based simulation. While their
approach provides interesting avenues for future research, the considered parameters of aisle width, seat width, and door width limit
the range of possible layouts. The aim of our work is to support
industrial designers when evaluating different layouts. Thus, we
rely on color-coded ﬂoor plans as input so that designers are free
in their decisions on aspects such as the seat placement and orientation and the placement of walls.
For parameterization and validation of passenger models, the
existing works in the literature have relied on video footage
[5,16,24,31], smart-card payment records [28], and experiments
using mock-ups [18,26]. In our work, we validate against realworld experiments based on mock-ups from the literature. We are
investigating data collection from virtual reality experiments [2]
and real-world observations to achieve an accurate parameterization with respect to aspects such as the passengers’ seat selection
preferences.
3. Behavior modeling in conﬁned space
In this section, we present a decision-making model initially
aiming at a very simple scenario: two pedestrians traverse a narrow
corridor of width w in opposite direction, which in a real-world
situation would require rotation to avoid a collision (cf. Fig. 1). The
model retains its reliance on the traditional SFM for basic collision
avoidance. Size adaptation and collision prediction mechanisms are

Fig. 1. A narrow corridor scenario with two pedestrians walking in opposite direction. (a) demonstrates the detour and rotation behavior in reality. (b) shows how
our model imitates the pedestrians’ real-world behavior through collision prediction
and size adaptation.

introduced to allow the agent to dynamically adjust their sizes and
desired velocities according to the environment.
3.1. Size adaptation
As discussed in Section 2.3, the original SFM relying on a circular representation of agents fails to support this scenario due to
overestimating the actual space occupied by a human. We therefore propose a solution allowing agents for adapting their sizes to
the conﬁned navigation space.
Our modeling rationale is that in real-world situations, the rotation performed by passengers to travel through corridors reduces
their effective size in perpendicular direction to their target. Thus,
temporarily reducing the size of circular agents achieves a similar
effect as a rotation of agents represented by more complex shapes,
while avoiding the associated complexity.
As shown in Fig. 2(a), the agent ﬁrst generates two detecting
regions on left and right hand sides of his facing direction for corridor detection. The length of a detecting region is conﬁgured as the
walking distance per second for a moving agent, or 1.5 times radius
for an agent that is standing still. The width of a detecting region is
conﬁgured as the agent radius plus 0.01 m.
Each region queries the objects (obstacle lines or agents) it is
intersecting with, and stores the closest one to the agent.
A corridor is assumed to be present if an object is found on
each side. However, it is considered obstructed if there is any other
object simultaneously intersecting with both detecting regions (cf.
Fig. 2(c)). When an unobstructed corridor is detected, the agent
reduces its radius for a conﬁgurable amount of time (cf. Fig. 2(b)).
3.1.1. Gap maintenance
Unlike in our previous work [27], the new model allows an agent
to determine a suitable radius based on the situation instead of
relying on a ﬁxed value. The clearance c of the perceived corridor
between two detected objects is calculated as the sum of the distances dist l and dist r perpendicular to Sfront (cf. Fig. 2(a)). c is then
reduced by a gap g to account for a pedestrian’s tendency to exaggerate the body rotation while navigating through a narrow space
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Fig. 3. Data ﬁtting graph of gap and clearance.

Fig. 2. Size adaptation when traversing a narrow corridor. (a) shows an agent detecting the clearance between two obstacles in front. (b) shows an agent adjusting its
size to the perceived corridor. (c) shows an exceptional case where the detected
corridor is obstructed.
Table 1
Sum of width and maintained gap in corridors computed based on the empirical
data.
Corridor width (m)
Sum of width (m)
Gap (m)

0.6
0.6
0

0.7
0.678
0.022

0.8
0.758
0.042

0.9
0.846
0.054

1.0
0.944
0.056

in order to maintain a non-zero distance to the walls or neighbors.
The preferred radius of the agent can then be calculated as 12 (c − g).
The value of g is determined as a function of c, which is calibrated
using the data from the mock up experiment of a similar corridor
scenario carried out by Yamamoto et al. [30]. Pairs of participants
asked to start from the opposite sides of the corridor. Each participant was equipped with a gyro sensor which was able to record
the angular velocity of the participant’s body rotation. The maximum rotation angle during the procedure could be acquired using
integration. The length of the space occupied by each participant in
the direction of the corridor width was computed using the maximum rotation angle during interaction, denoted by wi and wj (cf.
Fig. 1(a)). Finally, the sum of widths ws = wi + wj was computed.
We rely on ws to determine the gap g for a given clearance c (cf.
Fig. 1(b)).
As suggested in [4,30], the average shoulder width is around
0.5 m and the average chest width is around 0.3 m. We therefore
use 0.25 m as the maximum radius (shoulder radius) and 0.15 m
as the minimum radius (chest radius) of an agent. In this case, the
narrowest corridor which two agents in our model can navigate
through together laterally is therefore 0.6 m. As a result, we assume
g = 0 in 0.6-m corridor scenarios. And on the other hand, the agents
no longer need to adjust their size if the corridor is wider than
1 m. We are therefore only interested in the empirical data with
w = 0.6,0.7,0.8,0.9 and 1.0 m.
Yamamoto et al. also point out that, due to the insufﬁcient wall
height (62 cm), the participants were able to put their upper bodies
over the corridor [30]. However, in our simulation tool, agents are
not allowed for overlapping any obstacles. We therefore ﬁltered
out those data with ws larger than the given corridor width.
As shown in Table 1, the resulting gap g is heavily dependent on
the corridor width. In particular, even in a 1m wide corridor, where
two participants could pass each other without any rotation, a gap
of 0.056 m can still be observed. As shown in Fig. 3, we determine
the relation between the preserved gap and the clearance under the

Table 2
Average error of travel time (%) for each combination of ˛ and ˇ. The minimum value
and the corresponding parameter pair are highlighted.
˛

ˇ

0
0.025
0.050
0.075
0.100
0.125

0.5

0.6

0.7

0.8

0.9

1.0

1.63
1.31
0.52
0.49
0.30
0.26

1.29
0.94
0.57
0.27
0.23
0.20

0.97
0.49
0.24
0.07
0.11
0.10

0.60
0.26
0.21
0.12
0.09
0.19

0.26
0.13
0.16
0.18
0.30
0.35

0.11
0.15
0.32
0.47
0.79
0.99

assumption that each agent perceives half of the corridor width as
clearance. We used quadratic regression to ﬁt the data, acquiring a
R-square value close to 1, indicating a good ﬁt.
3.1.2. Speed adjustment
In addition to the dynamic change of body size, adjustment of
preferred walking speed is also introduced for the ﬁrst time in our
model. Exiting works [3,30] highlight the deceleration of pedestrians while rotating or shrinking. Borrowing the idea from [3], the
preferred speed of an agent s0 can be represented as follows:


0

s =

0
smax

(r 0 − ˛)
(rmax − ˛)

ˇ

where ˛ and ˇ are two constant values to be calibrated.
Using the gap maintenance model, we calibrated the ˛ and ˇ
using the data from [30] by replicating the mock-up experiment
with corridor width from 0.7 to 1.0 m (4 scenarios in total). We
varied ˛ from 0 to 0.125 with interval 0.025 and ˇ from 0.5 to
1 with interval 0.1, and for each combination 20 iterations were
performed. The travel time within the 2-m region in the corridor
center were measured. The average travel time of a scenario among
20 iterations is denoted by Tn , where n is the scenario index.
To select the best combination of the parameters, for each pair
of ˛ and ˇ, the error E was computed by:





1   Tn − T 
E=
 T 
N
N

n=1

where N is the number of scenarios and T is the average travel
time of the scenario from empirical data. The results were shown
in Table 2, suggesting that the best combination is ˛ = 0.075 and ˇ
= 0.7.
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3.2. Collision prediction
The size adaptation behavior provides a possibility for the agents
to pass. However, without changing the desired walking direction, the current model still fails to eliminate head-on collisions.
The right-of-way behavior [12] is not functional here because both
pedestrians share an equal priority level. In fact, even in more general cases, SFM does not guarantee the collision-free movement
unless the repulsive force from the opponent is large enough. However, simply increasing the force will lead to an excessive personal
space preservation, making it difﬁcult to navigate in a conﬁned
environment.
To address this issue, we propose a simple collision prediction
(CP) method to adjust the desired walking direction of agents when
given a potential collision within a certain number of time steps.
From the perspective of agent i, his desired velocity Vi0 is known
and the instantaneous velocity Vj of the neighboring agent j is perceivable (the desired velocity of j is inaccessible to i). The distance
between agent i and agent j predicted by i at a future time t + t
can therefore be represented as:
D(t + t) = ||(Pi (t) + Vi0 t) − (Pj (t) + Vj t)||
We use tm to denote the time when D(t) reaches the minimum
value.
Given the radius of two agents ri and rj , a potential collision
is detected if 0 ≤ D(tm ) < ri + rj . In a general cases where D(tm ) is
less than ri + rj , agent i appends an escape velocity ve to the initial
desired velocity v0i . ve consists of ve,n in normal direction lying on
the common chord l of the agents, and ve,t in tangential direction
lying on the distance vector between the agents (cf. Fig. 4(a) and
(b)). The common chord l can be computed as followed:

l=

⎧
⎪
⎪
⎪
⎨

ri2 −

D(tm )2 − (ri2 − rj2 )
2D(tm )

⎪
⎪
⎪
⎩0

2
0 < D(tm ) < ri + rj
D(tm ) >= ri + rj
D(tm ) = 0

2ri

Fig. 4. Collision prediction behavior of agents. The left ﬁgure in (a) shows a collision
predicted by agent i. The right side demonstrates the escape velocity ve,n and ve,t . (b)
shows the adjusted velocity of agent i. Agent j will also have the opposite adjustment.
(c) shows the ve computed for an exact head-on collision. (d) shows the overtaking
behavior of agent i.

We assume that both agents would share the responsibility of
avoiding collision equally as [29] suggested. The magnitude of ve,n
is equal to l/2 and the that of ve,t is equal to (ri + rj − D(tm ))/2.
In particular, when D(tm ) = 0, indicating an exact head-on collision, the escape velocity ve cannot be computed following the
deﬁnition above (cf. Fig. 4(c)). In this case, ve,n is set as a vector
perpendicular to v0i with the magnitude equal to l/2, while ve,t is
set to be 0.
In order to maintain the magnitude of the desired velocity, the

new desired velocity v0i is normalized against the initial desired


velocity v0i , i.e., v0i = (v0i + ve )/||v0i ||.
Although we present the collision prediction method with a
head-on collision situation, the method is not limited to this kind
of scenarios. It can also be used in more general cases, e.g., an agent
adjusting his velocity to overtake someone in front walking in lower
speed (cf. Fig. 4(d)). Note that here we only focus on the interaction between agents. As collisions with obstacles are not predicted,
their avoidance relies purely on the SFM.

4. Scenario
In the following, we describe the scenario considered in our
simulations. The AV layout is provided as a color-coded 2D ﬂoor
plan. As shown in Fig. 5, each layout represents a 6 m × 6 m station comprised of the vehicle of size 6 m × 2.7 m, and the platform
(6 m × 3.3 m). The interior region includes regular seats and leaning
seats (where passengers can lean on the wall), seat areas, standing

Fig. 5. Color-coded autonomous vehicle layout used as input to the simulation.
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Table 3
The experience set of a boarding passenger.
Experience

Stage

Action

QueueExp
GetOnVehicleExp

Queue
GoToDoor
GoToVehicleCenter
GoToSeatCenter
ArrivedSeat
GoToStandingPoint
IdleInStandingPoint

WaitAtPoint
Navigate
StraightWalk
Navigate
Still
Navigate
WaitAtPoint

GoToSeatExp
GoToStandingAreaExp

areas, and a door. Outside the vehicle, queue areas and an alighting area are speciﬁed. Alighting passengers are assumed to exit the
scenario through the alighting area. To simplify the boarding process, a vehicle entrance is deﬁned as the position at which boarding
agents choose their preferred destination.
We assume that when the simulation starts, the AV has stopped
at the station and passengers are queuing at the platform. A conﬁgurable number of passengers then exits the vehicle, while some
are assumed to stay inside to continue their trip. Once all alighting
passengers have exited, the queuing passengers board the vehicle
and move to their preferred seats or a location in the standing area.
We are interested in the times taken for all alighting passengers to
exit the vehicle and for the boarding passengers to enter the vehicle
and to reach their desired locations.
5. Passenger model
In this section, we describe the high-level decision-making and
low-level distance-keeping behavior of our agent-based passenger
model. Due to the highly conﬁned environment within the vehicle,
our model must address two main challenges: ﬁrstly, passengers
must be able to pass through corridors narrower than their shoulder width. Secondly, the model must be able to cope with passenger
passing each other in conﬁned areas. We developed the model in
the CrowdTools [8] simulation framework, which is an implementation of the RPD paradigm (cf. Section 2).
5.1. High-level decision making
The high-level decision making process determines a target
destination and a desired status of an agent, including preferred
speed, preferred walking direction and preferred radius. These targets and preferences are achieved through the selection of suitable
behaviors via the RPD framework and supported by dynamic size
adaptations and collision prediction.
5.1.1. Behavior selection
There are three types of agents in our model:
• Alighting passengers (AP): APs are created in a seat or in the
standing area and cross the vehicle center to reach the door. After
exiting the vehicle, APs enter the alighting area to disappear from
the scene.
• Boarding passengers (BP): BPs are generated within the queue
areas and start to board. After subsequently entering the vehicle, each BP chooses a standing point or a seat. Once the desired
location has been reached, the BPs become passive.
• Passive passengers (PP): PPs are generated uniformly at random inside the vehicle, occupying a seat or space for standing.
Larger numbers of PPs increase the interior density and prolong
the boarding and alighting process.
Since the behavior of APs and PPs is relatively simple, our
description focuses on the BP behavior. Table 3 lists the action to
be executed in each stage in the experience set of BPs: Navigate

represents long-distance navigation based on the approximated
best-ﬁrst search A∗ algorithm [8]; StraightWalk represents direct
translation only used on unobstructed paths; WaitAtPoint represents idling at the waiting point and returning to the position when
being pushed away by neighbors; Still represents standing at the
current position.
Fig. 6 shows an excerpt of the decision-making when a BP arrives
at the vehicle center, restricted to one stage for each experience. The
BP ﬁrst determines the experience that best matches the cue “Priority to Seats”, which is “Go to seat”. While the agent carries out the
associated action of navigating to the seat, its perception system
continuously evaluates the remaining distance and the occupation
to the target seat. A violation of the agent’s expectations is detected
if the target is no longer available. The agent’s current goal is considered to be achieved once the agent enters the seat. When an
agent exits the current stage after having achieved the associated
goal, it enters the subsequent stage of the current experience. In
contrast, when the agent exits the stage through a violation of its
expectations, a new round of experience matching is triggered.
5.2. Low-level collision avoidance
We rely on the social force model (SFM) with right-of-way
extensions (cf. Section 2) for the fundamental collision-avoidance
behavior among agents. To achieve plausible agent behavior in the
conﬁned environment of our boarding and alighting scenario, we
propose three modiﬁcations to the model.
5.2.1. Force reduction
The magnitudes of the forces generated by the original SFM are
excessive when considering conﬁned scenarios, where passengers
may stand nearby each other or pass other passengers at close
distances, while still aiming to avoid potential collision. This is contrary to the common use cases of SFM in large-scale scenarios with
open spaces, where pedestrians tend to maintain relatively large
distances from each other. Further, in our scenario, strong repulsive forces from stationary obstacles make it impossible for agents
to traverse the seat edge areas and to enter seats.
We assume that passengers tend to maintain smaller distances
to objects nearby within the vehicle than in an open space, and
that they keep larger distance from neighboring passengers than
from stationary obstacles. Although reducing the agent size makes
it possible for agents to traverse paths that are narrower than their
shoulder width, they may still fail to enter a corridor because of
the strong repulsive force from the corridor walls. We address this
issue by reducing the forces using two new scaling factors agent
and obs :
0

mi

v (t) − vi (t)
dvi
= mi i
+ agent Fnb + obs Fobs
i
dt

We assign agent and obs values between 0 and 1. Reducing
these forces also enables agents to stand both closer to each other
and closer to walls, which is necessary to achieve high passenger
densities commonly observed in public transport situations. In our
simulation experiments, the speciﬁc values for the scaling factors
were hand-tuned based on visual inspection of trial simulations,
with values adapted according to the area in which each agent
currently resides. The speciﬁc values are given in Section 6.
5.2.2. Modiﬁcation of right-of-way behavior
We employ an existing extension to the SFM that relies on agent
priorities to model right-of-way behavior [12]. Three levels of the
agent priority p are deﬁned in our model. All types of agents start
with an initial p value of 0. During the simulation, APs and BPs
increase their priority to 1 when they are navigating inside the
vehicle, and reset the value when they exit the vehicle or reach
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Fig. 6. An excerpt of the decision making of a boarding passenger when determining the next action after entering the vehicle.

repulsive force fˆij is pointing to an obstacle, agent i has no space
to step backward. The shrinking behavior of agent i will not be
triggered since his velocity is also pointing to the obstacle due to the
force. Although in the meantime agent j is able to adjust his desired
velocity v0j by collision prediction and execute size adaptation as
usual, he will fail to go through the gap that is smaller than his
minimum body size.
We have presented a quick solution on this special case in our
previous work [27] by reorienting fˆij . To detect the situation, an
extra step is added during the agent force computation: The agent
ﬁrst perceives the distance to the closest obstacle line col. If the
distance only exceeds the agent’s radius by a small positive , we
assume that the agent cannot give way to its neighbor. In this case,


the repulsive force is reoriented to f̂ ij , parallel to col, which makes
executing the collision prediction and size adaptation become possible to agent j. Both agents will eventually solve the collision by
adjusting their walking direction and body size (cf. Fig. 7(b)).
6. Evaluation
In this section, we present the validation of our model against
results from real-world experiments from the literature. Further,
we demonstrate the practical use of the model by comparing the
boarding and alighting times required by different layouts of an
autonomous vehicle created by industrial designers.
6.1. Parameter setup

Fig. 7. (a) is the illustration of a situation that cannot be resolved by the original
right-of-way SFM. (b) shows a solution by adjusting the repulsive force.

their destination inside the vehicle. An agent i with priority equal
to 0 yields to another agent j with higher priority by moving in the
direction perpendicular to the walking direction of j. For all agent
types, p is set to −1 when the agent is seated. An agent with negative priority does not receive any social force, ensuring that the
agent retains its position.
In certain situations, the above behavior fails to allow agents to
pass each other successfully. For example, as shown in Fig. 7a, the
agent j is moving ahead in a narrow corridor, while the standing
neighbor agent i of lower priority is blocking the way. When the

In Section 5, we described our adaptations of the social force
model to allow passengers to navigate the conﬁned space inside
the vehicle. To reduce the intensity of the forces from other agents
and obstacles inside the vehicle, the scaling parameters are conﬁgured as follows for agents outside the vehicle, inside the vehicle,
and on the seat edge: agent = 0.8, 0.6, 0.2; obs = 0.2, 0.1, 0.01.
To retain the distance kept by passengers even in conﬁned spaces,
the force generated by obstacles is reduced more sharply than that
of agents. While our model allows modelers to specify passenger
personas deﬁned by preferred walking speeds and seat selection
preferences, here we assume all passengers to be working adults,
with a preferred speed of 1.4 m/s outside the vehicle, which is
reduced to 0.56 m/s inside the vehicle, and to 0.28 m/s in the seat
edge area. Seat selection is assumed to be uniformly at random.
We are investigating approaches for data collection from virtual
reality experiments [2] and real-world experiments to support the
representation of different passenger types.
6.2. Validation experiment
In 2010, Fernández et al. carried out experiments on the inﬂuence of the platform and vehicle design on boarding and alighting
times as well as passenger saturation ﬂows of a public trans-
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Table 4
Validation results.
Scenario and metric

Empirical

Without CP

With CP

Restricted CP (n = 5)

Previous model

Wide door, average alighting time
Narrow door, average alighting time
Narrow door, alighting saturation ﬂow
Narrow door, average boarding time
Wide door, average boarding time

0.73 s/pass
1.22 s/pass
0.85 pass/s
1.54 s/pass
1.18 s/pass

0.97 s/pass
1.41 s/pass
0.97 pass/s
1.59 s/pass
1.28 s/pass

0.53 s/pass
0.91 s/pass
1.36 pass/s
1.16 s/pass
0.58 s/pass

0.75 s/pass
1.19 s/pass
0.87 pass/s
1.58 s/pass
1.22 s/pass

0.81 s/pass
1.23 s/pass
0.83 pass/s
1.56 s/pass
1.22 s/pass

port vehicle [18,15]. The participants of the experiment repeatedly
boarded or alighted a full-scale mock-up. In our original conference paper, we recreated the vehicle layouts used in the real-world
experiments in our simulation and validated our model by comparing the results from these experiments to ours. Here, we repeat
the same validation process with our new model.
We ﬁrst performed experiments with and without the collision prediction component. Due to the reduced shrinking extent
and the deceleration behavior in the size adaptation, the boarding
and alighting times were longer than with our previous model. On
the other hand, enabling the collision prediction behavior led to
a substantially faster boarding and alighting process, in which all
agents were seeking opportunities to overtake their neighbors in
front (Table 4).
We notice that the effect of collision prediction (CP) can be controlled by restricting the triggering condition, that is, to perform CP
only when the number of neighbors perceived by an agent is less
than a certain value n. The value was conﬁgured using the wide
door alighting scenario. For an agent with a perception range of
one meter, choosing n = 5 achieved results closest to the empirical
data. The validation was carried out in other scenarios using the
restricted collision prediction behavior. As shown in Table 4, the
observed deviations lie between 2% and 6%, representing a slight
average improvement over our results in the previous paper. As
a consequence, we consider the new model accurate enough to
provide estimates of real-world boarding and alighting times.
6.3. Case study
We demonstrate the practical use of our model by evaluating
the times taken for the boarding and alighting process when considering three different autonomous vehicle layouts. The following
metrics are considered:
• Alighting time: The time until alighting passengers have exited
the vehicle.
• Boarding time: The time until all alighting passengers have
exited and all boarding passengers have entered the vehicle.
• Settling time: The time at until all boarding passengers have
settled on a seat or in the standing area.
The effect of the settling time on the required dwell time depends
on the point in time when the vehicle starts its trip. Although the
vehicle could start its trip as soon as all passengers have entered the
vehicle, considerations of passenger comfort may suggest a delay
to allow passengers to take their seats.
Fig. 8 shows the interior layouts to be evaluated. Two of the
layouts represent extreme cases with respect to the seat numbers
and thus passenger comfort: “standing only” does not provide any
regular seats, leaving a large amount of space for navigation inside
the vehicle, whereas “maximum seating” provides 16 seats in total.
The layout “balanced” aims to provide a sufﬁcient number of seats,
while still allowing passengers to navigate comfortably. Further,
the layout leaves space near the door to place a wheelchair.
We separated the case study into low-density cases and highdensity cases. For low-density cases, we populated each layout with

Table 5
Average times in low density cases.
Layout

(a)

(b)

(c)

Impatient BPs

N

Y

N

Y

N

Y

Alighting time (s)
Boarding time (s)
Settling time (s)

6.0
11.2
16.3

9.7
17.3
21.7

6.8
12.3
20.0

9.1
16.0
22.8

6.2
11.7
18.3

9.6
16.3
21.8

6 alighting passengers (3 sitting and 3 standing), 6 passive passengers (3 sitting and 3 standing), and 6 boarding passengers. 100
iterations were executed for each layout.
It is worth pointing out that, in our previous study, we assumed
that BPs would wait outside the AV until all the APs have alighted,
while here we assume that BPs are all impatient and will start
boarding at the beginning of simulation.
For the high-density cases, we populated each layout with a sufﬁcient amount of PPs to ﬁll the standing space (i.e., the standing area
and vehicle entrance), leaving one seat for a sitting passenger about
to alight.
6.3.1. Low-density scenarios
The frequency and average values of three metrics are presented
in Figs. 9 and 10 and Table 5. The results without impatient boarding passengers indicate that the layout “standing only” allowed
for the shortest alighting, boarding, and settling times. The layout
“maximum seating” yielded the largest values for all three metrics,
while times taken with the “balanced” layout are in between of
those taken with the other two layouts, due to its medium-sized
navigation space.
Compared to the results of our previous study [27], we observe
that the values of most metrics slightly reduced. This can be
attributed to the collision prediction behavior, which allows the
passengers to navigate through the crowd more easily.
On the other hand, the results with impatient boarding passengers show much less difference between the three layouts on all
of the metrics. The layout “standing only” suffers a great increase
on all three processing times: alighting time increasing by 61.2%,
boarding time increases by 54.2%, and settling time increases by
33.1%. The layout “balance” is slightly better than that the “standing only”, with alighting time increasing by 54.8%, boarding time
increases by 39.3%, and settling time increases by 19.1%.
The layout “maximum seating” is the least inﬂuenced, with
alighting time only increasing by 33.8%, boarding time increases
by 30.1%, and settling time increase by 14.0%. One possible reason
for the differences in the increase is that the aisles at seat areas can
somewhat reduce the alighting ﬂow, and therefore minimize the
conﬂicts between APs and BPs at the vehicle entrance area.
6.3.2. High-density scenarios
To achieve a highly dense environment, passive passengers were
inserted to fully occupy the seats and standing areas, leaving only
one empty seat for an alighting passenger. The layout “standing
only” contains 29 standing PPs, the layout “maximum seating” contains 10 standing PPs, and the layout “balanced” contains 16 PPs,
resulting in crowd densities of 63.1%, 61.7%, and 61.7% (the density is measured using the ratio of standing space occupied by the
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Fig. 8. Autonomous vehicle interior layouts evaluated in the case study. (a) Standing only: no regular seats, maximizing space for movement; (b) maximum seating:
maximizing the number of regular seats; (c) balanced: regular seats while preserving space for movement.

Fig. 9. Simulation results for the three layouts in the low density cases with no impatient boarding passengers.

Fig. 10. Simulation results for the three layouts in the low density cases with all impatient boarding passengers (n = 6).

Fig. 11. Simulation results for the three layouts in the high density cases. The green dash lines show the average alighting times of all the seats. (For interpretation of the
references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

circles). 20 iterations were performed for each seat and the average alighting times of the only alighting passenger are measured to
determine the quality of seat placement. Here we only interested
in the alighting process since simulating the inverse process will
probably produce similar results.
The results shown in Fig. 11 indicates that, in general, the
required alighting time from a seat has a strong relationship with
the distance to the door (compare, for instance, seats 14 and 18

in the layout “standing only”). Alighting from the seats next to corners is more time consuming than from the ones in the middle (e.g.,
seats 13 and 17 in the layout “standing only”).
The alighting process from a random seat in the layout “standing only” required the shortest time among the three layouts,
with average of 6.57 s. The average alighting time for the layout
“maximum seating” was 6.77 s, slightly longer than for the layout
“standing only”. The layout “balanced” generated the largest alight

10

B. Su, P. Andelﬁnger, J. Kwak et al. / Journal of Computational Science 45 (2020) 101173

times among all, 7.57 s on average. Particularly large values can be
observed at the seats 20, 21, 22 and 23. By reviewing the simulation traces, we noticed that the alighting passengers from those
seats had a high probability to be blocked by standing passengers
at the aisle between seats 14 and 19, which forms a bottleneck.
Another particularly large value can be observed for seat 18, which
is located at the corner. These observations suggest that the layout “balanced” could possibly be improved by removing seat 19 to
maintain a wider aisle for the rear seats and more space for seat
18.
According to our simulation-based evaluation, the lowest
boarding, alighting, and settling times are achieved with the layout
“standing only”. Of course, while the purely quantitative evaluation
permits comparisons in terms of efﬁciency, it must also be ensured
that the selected layouts satisfy other requirements such as those
given by Universal Design principles [10], as well as service quality
indicators for public transportation as deﬁned by standards such as
EN 13186 [14].

7. Conclusion and future work
We presented a novel passenger model for evaluating public
transport vehicle layouts in terms of the required dwell time. The
low-level model is based on the traditional SFM with additional
right-of-way features. The high-level model is based on the RPD
framework used to deﬁne the passenger behavior, allowing for an
adaptive decision-making based on the current situation faced by
agents.
In this extended version of the paper, we proposed a size adaptation model for circular agents to achieve collision avoidance in
narrow corridor scenarios with multiple agents. Gap maintenance
behavior and walking speed adjustments were introduced and calibrated using empirical data in order to fully emulate the rotation
behavior of human passengers. Adjustments to the desired walking
direction via a collision prediction mechanism was introduced to
allow passengers to passing each other successfully. The size adaptation model was integrated as part of the high-level behavior of
our passenger model.
We validated the new model by replicating a mock-up experiment from the literature in our simulation. The observed deviations
in boarding and alighting times were below 6%. Further, we applied
our simulation to autonomous vehicle layouts created by industrial
designers, demonstrating substantial differences in the dwell times
depending on the number of seats and their positioning. By relying
on color-coded ﬂoor plans as the input to the simulation, different
vehicle layouts can be evaluated easily. Of course, apart from efﬁciency metrics such as the dwell time, viable vehicle designs must
also be evaluated in terms of the provided service quality through
features such as step-free access, space for wheelchair users, and
the presence of handrails.
In future work, we aim to extend our experiments to passengers with different characteristics. To this end, we are exploring
data collection from virtual reality experiments [2] and real world
observations. The empirical data will reveal the seat selection of
different personas and also more realistic passenger placement in
the module (e.g., alighting passengers standing up and queuing in
front of the exit) when the vehicle stops.
Potential future reﬁnements include more complex passenger
interactions in conﬁned environments (e.g., exiting the vehicle to
allow passengers to alight), joint decision-making (e.g., assisting
elderly people), and crowd mixes at speciﬁc times of day (e.g., during peak hours). More dynamic agent perception will be introduced
such as inattentive agents (alighting passengers that realize their
arrival later than others) and less collision-sensitive agents (e.g.,
passengers distracted by their phones).
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