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Abstract— Pedestrian safety is of paramount importance for
intelligent transportation systems. This study focuses on the
scenarios where pedestrians appear as crowds and interact with
moving vehicles in a relatively-free space. Based on social force
model (SFM), a vehicle-crowd interaction (VCI) model is pro-
posed to describe both the behavior of crowd pedestrians and
vehicle. Specifically, a heuristic-based and effective modeling of
vehicle influence on pedestrians is designed and incorporated
into the crowd-only SFM. Qualitative analysis of systematic
simulations of various VCI scenarios demonstrates the effective-
ness of the proposed model. This model can effectively describe
the VCI scenarios such as vehicle approaching from different
directions, vehicle zigzagging, and vehicle sharply turning.

I. INTRODUCTION

Modeling and simulating the interactions between pedes-
trians and vehicles benefits the development of intelligent
transportation systems (ITS) and autonomous vehicles (IV).
This has always been a challenging problem. The chal-
lenges originate from the large varieties of pedestrian for-
mations and the various possibilities of vehicle maneuvers.
Pedestrians might appear to vehicles as individuals, smaller
groups, or larger crowds, with different patterns depending
on particular scenarios. Based on the spatial-temporal states
of pedestrians, vehicles, either semi- or fully-autonomous,
can generate various maneuvers, which will, in return, have
different impact on pedestrian movement. The varieties of
both the pedestrian movement and the vehicle maneuvers
increase the difficulty of modeling and simulating this type
of interaction.

This study focuses on the scenarios of crowd pedestrians
interacting with vehicles in a relatively-free space. The word
’crowd’ is defined as a group of at least 5 individuals within
the same space, according to a similar definition in [1],
but with some modifications. Here, the minimum number of
pedestrians guarantees various interactive scenarios without
reducing the problem into individual pedestrian cases, where
the interaction among pedestrians is small, hence can be
ignored. The relatively-free space refers to an wide enough
area without specific lanes or marks in which pedestrians
can freely move and the vehicle maneuvers can achieve the
maximum steering angle (not usual in structured roads). Such
area could be, for example, a shared space near a shopping
center, an open parking lot, or a large corridor in the airport.
Therefore, the problem is finding an effective approach to
model and simulate the vehicle-crowd interaction (VCI),
particularly for the crowds defined above and vehicles of
relatively-free maneuvers.
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To build a valid VCI, first, we have to find a model
that can effectively describe and simulate the crowd-only
interaction, and then, the vehicle influence on pedestrians
is incorporated into this model. There are many crowd-only
interaction models that can generate close-to-reality crowd
movements [1]. The social force model (SFM) was chosen
due to its performance in terms of motion base cases, self-
organization behavior, and model applicability [1]. SFM [2]
describes the motion of each pedestrian as a combined effect
of socially repulsive or attractive forces from the surrounding
pedestrians, and a desire that drives the pedestrian to her
destination. This model has been successfully utilized in
different types of transportation related applications, for
example, the crowd simulation of the loading and unloading
at a bus station [3], the evaluation of the shared space design
[4], and the simulation of the crowds crossing a signalized
intersection [5].

This study benefits from two important characteristics of
SFM: the exact position of each pedestrian at any time is
accessible, and the interaction effect among pedestrians can
be easily adjusted. These characteristics provide a setting that
can comfortably incorporate the vehicle influence on pedes-
trians. Some studies have attempted to model this influence.
In [5] for example, the vehicle influence is modeled as a
monotonically decaying repulsive force perpendicular to the
vehicle’s contour, which is designed for a scenario where the
crowd faces a turning vehicle at an intersection. Although
this modeling generates satisfactory pedestrian behavior for
the particular scenario, the lack of various vehicle maneuvers
cannot guarantee the universality of the vehicle influence. In
another study [4], the vehicle influence is modeled similar
to the interaction effect among pedestrians in the crowd-only
SFM but with increased magnitude and range. Various ve-
hicle maneuvers are accomplished by mimicking the motion
of the pedestrian but with constraints on the steering. This
design still has two drawbacks. First, the pedestrian-similar
modeling of vehicle influence fails to consider the shape
of the vehicle and the interactive detail when the influence
magnitude is large. Second, failing to use a proper vehicle
model causes inaccurate vehicle maneuvers. To solve the
above issues, our study introduced a new modeling of the
vehicle influence that considers both the shape and longitu-
dinal velocity of the vehicle. To accurately describe vehicle
motion, the vehicle maneuvers obey the kinematic bicycle
model [6] and are achieved by a lane-following controller
[7] tracking the planned reference path. This configuration
also provides convenience for the development of vehicle
control algorithms in the future.

As the critical step before real-world implementation, sim-
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ulation plays an important role for the evaluation of the VCI
model. In our previous study [8], a simulation platform that
specifies several fundamental VCI scenarios facilitated the
evaluation by providing straightforward animations and the
easy accessibility of every states. In this study, the simulation
is further optimized in terms of the scenario selection, the
model parameter tuning, the qualitative analysis, and the
computational efficiency.

The remainder of the paper is organized as follows. First,
section 2 outlines the framework of the VCI model. Second,
section 3 describes the incorporation of the vehicle influence
on pedestrians into this model. Next, section 4 explains the
kinematic bicycle model and the lane following controller.
Followed by that, the simulation design and the model
evaluation process are presented in section 5. Then, section 6
demonstrates the simulation result of various VCI scenarios.
Last, conclusions and future work can be found in section 7.

II. FRAMEWORK

Building on the social force model (SFM) [2], the motion
of each pedestrian is governed by 2-D Newtonian dynamics,
assuming plane surface. The overall influence that causes
the motion of a pedestrian i at time t can be described as a
resultant force Fi(t) ∈ R2 consisting of sub-forces:

Fi(t) =
∑
j∈Q(i)

(f ijr (t) + f ijc (t) + f ijn (t))

+ βi(f
i
v(t)) · f id(t) + f iv(t) + f ib(t) + εi(t). (1)

In the above expression, Q(i) denotes the index set of
the nearby pedestrians of the subject pedestrian i, and
f ijr (t), f ijc (t), f ijn (t) denote the repulsive (attractive) force,
the collision force, and the navigational force from pedes-
trian j to pedestrian i, respectively. Together these forces
are referred as social forces. f iv(t) represents the vehicle
influence on pedestrian i, which is also a repulsive force with
a specific direction. f id(t) is the destination force that drives
the pedestrian to the current destination. βi(f iv(t)) ∈ [0, 1]
adjusts the magnitude of f id(t). The last two terms f ib(t)
and εi(t) denote forces from the physical boundaries and
the random noise, respectively, which are reserved for future
use. Using the resultant force, the dynamics equation is

d2xi(t)

dt2
=
vi(t)

dt
= ai(t) =

Fi(t)

m
. (2)

In the following text, the time index (t) will be omitted for
convenience.

A. The Social Forces

The social forces f ijr , f
ij
c , f

ij
n can be expressed in three

aspects: magnitude, anisotropy and direction, as follows:

f ijr = −h(|dij |, d0r, fmr , σr) · Ar(φij , λr) · ~eij (3)
f ijc = −h(|dij |, d0c , fmc , σc) · ~eij (4)
f ijn = h(|dij |, d0n, fmn , σn) · An(φn, λn) · ~en. (5)

The magnitudes of the above forces all share a monotoni-
cally decaying relationship h(.) with respect to the distance

Fig. 1. (a) Illustration of notations in repulsive and navigational forces;
(b) The effect of different σd; (c) The constraint on the velocity; (d) The
constraint on the acceleration and the adjustment factor βi

from pedestrian j to pedestrian i. A specific smooth decaying
function is used to describe this relationship [9]:

h(d, d0,M, σ) =
M

2d0
·
(
d0 − d+

√
(d0 − d)2 + σ

)
(6)

where d is the distance variable, M is the magnitude at zero
distance, d0 is a threshold where the magnitude reaches zero,
and σ is the parameter that smooths the force around d0.

Anisotropy A(.) is a property that modifies the magnitude
when pedestrian j is approaching from different angles.
f ijc does not have anisotropy because physical touch hap-
pens equally in all directions. f ijr and f ijn have different
anisotropies defined below, respectively:

Ar(φij , λr) = λr + (1− λr) ·
1 + cos(φij)

2
(7)

An(φn, λn) = exp (−λn · φn) (8)
∀φij < |φ0ij | , ∀φn < |φ0n| (9)

where λr, λn modifies the anisotropy characteristics, φij =
∠(~vi, ~eij), φn = ∠(~vij ,~tij), as illustrated in figure 1 (a), and
|φ0ij |, |φ0n| define the effective field of view.

The direction ~eij is the unit vector from pedestrian i to
pedestrian j, and ~en = sign(~vij ·~tij) ·~tij , where ~tij is a unit
vector perpendicular to ~eij , as illustrated in figure 1(a).

B. Destination Force

The destination force functions like a proportional con-
troller, as shown below:

f id = kd · (vi − vdi ) (10)

where kd is the control gain that regulates the current velocity
vi to match the desired velocity vdi , which is defined as:

vdi = |v0i | ·
xdi − xi√

|xdi − xi|2 + σ2
d

. (11)
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Fig. 2. Illustration of the vehicle influence modeling

Here, |v0i | is the mean preferred walking speed according to
statistic data. xdi is the current destination. σd is a parameter
that reduces the velocity when the pedestrian is getting close
to the destination [9], as illustrated in figure 1(b).

C. Constraints and Adjustment

Constraints on both the velocity vi and the acceleration
ai of a pedestrian i are dependent on the density of nearby
pedestrians Di and the vehicle influence f iv:

|vi| ≤ vci (Di), |ai| ≤ aci (f iv) (12)

Di is measured as the distance from the subject pedestrian
to the closest pedestrian in front. Smaller Di means higher
pedestrian density. As shown in figure 1(c), different values
of Di result in different constraints on the velocity vi:

vci =

{
vni + Di

D0
i
· (vmi − vni ) , Di < D0

i

vmi , Di > D0
i .

(13)

When the vehicle influence is large, the pedestrian will try
to quickly leave the dangerous area and therefore reduce the
desire to go to the destination. This characteristics is modeled
as the change of aci and βi, as shown in figure 1(d):

aci =


ani , |f iv| < fd1v

ani +
|fi

v|−f
d1
v

fd2
v −fd1

v
· (ami − ani ) , fd1v < |f iv| < fd2v

ami , |f iv| > fd2v
(14)

βi =


1 , |f iv| < fd1v

1− |f
i
v|−f

d1
v

fd2
v −fd1

v
, fd1v < |f iv| < fd2v

0 , |f iv| > fd2v

(15)

where fd1v and fd2v are two thresholds determined by the
vehicle influences at distances that characterize danger.

Fig. 3. The magnitude (contours and arrow lengths) and direction (arrow
directions) of vehicle influence with the modeling parameters

III. VEHICLE INFLUENCE

Considering the local coordinates with the origin at the
center of vehicle and assuming that the vehicle is heading to
the positive x-axis. The vehicle influence can be described
as the multiplication of longitudinal effect fx, lateral effect
fy , and direction ~n:

f iv = fx · fy · ~n. (16)

Let ξ = (ξ1, ξ2)T be the position of a pedestrian in the local
coordinates. Depending on ξ, f iv differs in 3 areas: the front
area (ξ1 > 0), the body area (−dr < ξ1 < 0), and the rear
area (ξ1 < −dr), as shown in figure 2.

A. Front Area

In the front area, an outward angle η defines the major
influence region, which is enclosed by the red dashed line
in figure 2. Both fx and fy are modeled as follows:

fx =
1

2dx

(
−(ξ1 − dx) +

√
(ξ1 − dx)2

)
(17)

fy = Ay · exp (−by(|ξ2| − dy)) (18)
dx = d0x + α · |vv| (19)
dy = d0y + ξ1 tan η (20)

~n =

[
cos(sign(ξ2) · ζ(ξ1))
sin(sign(ξ2) · ζ(ξ1))

]
(21)

ζ =

{
π
2 −∆ζm · dx−dm−ξ1dx−dm ,∀ξ1 > dm
π
2 −∆ζm · ξ1 ,∀ξ1 < dm.

(22)

dx is the look-ahead distance where the longitudinal effect
vanishes, which is a function of the vehicle velocity |vv| with
parameters d0x and α, as shown in figure 3. fy decreases
along the lateral direction. dy is the distance where the
lateral effect is constant (fy = Ay). ζ is a small angle that
changes the force direction ~n, which is dependent on ξ1 with
parameters ∆ζm and dm. The change of force directions can
be visualized in figure 3.
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Fig. 4. The surface plot of the vehicle influence magnitude

Fig. 5. (a) Kinematic bicycle model; (b) Lane-following controller.

B. Body Area

In the body area, fx = 1 doesn’t change. fy decreases as
the lateral distance increases. ~n points to the lateral direction.

fx = 1 (23)
fy = Ay · exp

(
−by(|ξ2| − d0y)

)
(24)

~n =

[
cos(sign(ξ2) · π2 )
sin(sign(ξ2) · π2 ).

]
(25)

C. Rear Area

In the rear area, fx is defined similarly in the front area,
with dx being the vanishing point. fy now decreases as
the distance from the rear-center to the pedestrian position
increases. ~n points from the rear-center to the pedestrian.

fx =
1

2dextr

(
ξ1 + dx +

√
(ξ1 + dx)2

)
(26)

fy = Ay · exp
(
−by(|ξ′2| − d0y)

)
(27)

dx = dr + dextr (28)

ξ′2 =
√

(ξ1 + dr)2 + ξ22 (29)

~n =

[
cos(ξ1 + dr)

sin(ξ2).

]
(30)

The resulting vehicle influence direction and magnitude
are illustrated in figure 3 and figure 4, respectively.

IV. VEHICLE MANEUVERS

The kinematic bicycle model [6] is used for generating
vehicle maneuvers. This model has three assumptions: (a)
the vehicle has planner motion; (b) both left and right wheels

steer the same angle; and (c) there is no slip at both front
and rear tires. It is applicable when the vehicle moves at
relatively low speed, which is the case for most scenarios
in this study. As illustrated in figure 5(a), let xv ∈ R2 and
θv ∈ R be the position and the orientation of the vehicle, the
model can be described as:

ẋ1v = vv cos(θv + βv) (31)
ẋ2v = vv sin(θv + βv) (32)
v̇v = f(u) (33)

θ̇v =
vv
lr

sinβv (34)

βv = arctan

(
lr

lf + lr
tan δf

)
(35)

where vv is the longitudinal speed, βv is the velocity angle
with respect to the vehicle center of gravity (C.G.), lf , lr are
the distances from C.G. to the front wheel and the rear wheel,
respectively, u is the longitudinal control action (brake/gas),
and δf is the lateral control action (steering angle of the
front wheel). The longitudinal speed vv is regulated by a P-
controller. To follow the reference path specified in different
interaction scenarios, the steering is achieved by a lane-
following controller [7]:

δf = − tan−1

(
(lf + lr) sin ηv
La

2 + la cos ηv

)
. (36)

With this configuration, different realistic vehicle maneuvers
can be generated so that various interaction scenarios can be
designed and evaluated.

V. SIMULATION AND EVALUATION
A. Simulation

The simulation is done in Matlab. Since the VCI model is
continuous, the Smart Euler method is applied to discretize
the motion of pedestrian in Newtonian dynamics (2):{

vi(t+ ∆t) = vi(t) + ai(t) ·∆t
xi(t+ ∆t) = xi(t) + 1

2 (vi(t) + vi(t+ ∆t)) ·∆t.
(37)

Different scenarios are designed by specifying the starting
points and the destinations for pedestrians and providing the
reference path and the desired velocity for the vehicle.

The effectiveness of the VCI model depends on the correct
choices of model parameters, which are shown in table I. In
this study, an effective parameter set is determined by visual
inspection and qualitative analysis of individual pedestrian
behavior in the simulation.

As an example of the computational efficiency, in a
scenario of 20 pedestrians and 1 vehicle, an average running
time of 0.11s for one step is achieved on windows 10
platform with Intel Core i5-4590 @ 3.30GHz CPU and 8GB
memory. Although this does not reach real-time simulation
(in the study ∆t = 0.05s), with this performance, the compu-
tational efficiency can be further improved and finally lead
to real-time simulation by making the simulation program
more concise and by shifting the simulation platform from
Matlab to a more efficient one, e.g., C++ based platforms.
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TABLE I
AN EFFECTIVE PARAMETER SET TUNED BY VISUAL INSPECTION AND QUALITATIVE ANALYSIS

Type Notation Values
Repulsion ψr = (d0r, f

m
r , σr, λr, φ0ij) (2, 130, 0.4, 0.8, 300)

Collision ψc = (d0c , f
m
c , σc) (0.3, 500, 0.9)

Navigation ψn = (d0n, f
m
n , σn, λn, φ0n) (7, 300, 0.4, 3, 240)

Destination ψd = (kd, |v0i |, σd) (230, unif(1.1, 1.5), 0.09)
Vehicle ψv = (Ay , by , d0x, d

0
y , α, η, dm,∆ζm, dr, d

ext
r ) (450, 0.25, 12, 1.5, 1, π/6, 1, π/6, 2.5, 2.5)

Constraints ψl = (vni , v
m
i , D

0
i , a

n
i , a

m
i ) (0.3, 2.5, 1.5, 2.5, 5)

Fig. 6. Simulation trajectories: (a) one-on-one; (b) two crowds; (c)(d)(e)
basic VCI scenarios; (f) vehicle zigzagging; (g) vehicle sharply turning.

B. Scenarios Design

The VCI model are evaluated by 3 classes of scenarios.
They are designed from the basic ones to relatively complex
ones, which are sufficient to test the model effectiveness.
• Pedestrian-only scenarios: pedestrian one-on-one, and

two crowds encountering.
• Basic VCI scenarios: lateral interaction, back interac-

tion, and front interaction.
• Complex VCI scenarios: vehicle zigzagging through the

crowd and vehicle sharply turning into the crowd.

VI. RESULT

Figure 6 shows the simulation trajectories of both the
vehicle and pedestrians. The red and green lines indicate
pedestrian trajectories, with different colors dividing them
into two groups. The blue rectangles indicate the vehicle
trajectory. For all trajectories, the darker the color, the later
the simulation time. In basic VCI scenarios, as shown in
figure 6(c)(d)(e), there is no difference for the two pedestrian
groups, while in other scenarios, each group have differ-
ent starting points and destinations. From trajectory result,
pedestrian behaviors such as avoiding, waiting, and detouring

Fig. 7. Animation snapshots of basic scenarios: (a) lateral interaction; (a)
back interaction; (c) front interaction.

Fig. 8. Animation snapshots of vehicle zigzagging through the crowd.

can be identified, which are sufficient to demonstrate the
model effectiveness for the pedestrian-only scenarios.

For the VCI scenarios, a more detailed evaluation is
required. Figure 7 displays the animation snapshots of all the
basic VCI scenarios. Figure 8 and 9 present the snapshots
of the complex VCI scenarios. The microscopic behavior of
each pedestrian can be evaluated qualitatively in this way.

As an example of qualitative evaluation, we analyzed the
microscopic behavior of a particular pedestrian in the last
scenario, as indicated in blue color in figure 9. Figure 10
shows the record of ai, aci , vi, v

c
i , |fv|, |fd|, and βi · |fv| of

this pedestrian. At t = 4s, the density of nearby pedestrians
Di is high, hence vci is reduced. At t = 10s, the pedestrian
is experiencing high vehicle influence |fv|, hence aci is in-
creased and |fd| is reduced due to βi. All the changes match
the spatial-temporal relationship in figure 9. Furthermore, as
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Fig. 9. Animation snapshots of vehicle sharply turning into the crowd.

Fig. 10. Numerical results of the vehicle sharply turning scenario, with
the bold blue line indicating the data of the reference pedestrian, and other
colors representing other pedestrians.

shown in figure 11, the non-negative closest distances among
all pedestrians indicates no violation of physical laws.

Similar qualitative analysis was applied to other scenarios.
All the animated simulations can be accessed in the associ-
ated video submission1.

VII. CONCLUSIONS

In conclusion, this study proposed a social force based
vehicle-crowd interaction (VCI) model that can effectively
describe various VCI scenarios. The qualitative analysis of
the simulation result demonstrated the model effectiveness.

1https://youtu.be/Nh9w1VkF10U

Fig. 11. The closest distances among all pedestrians in last scenario.

This model is beneficial to various ITS and IV applications
such as pedestrian tracking in complex interaction situations
and vehicle motion planning in the crowds.

Potential improvement lies in two aspects. One is to utilize
realistic VCI data to further calibrate the model that has only
been calibrated by visual inspection and qualitative analysis.
Data-based calibration can apply approaches such as max-
imum likelihood estimation (MLE) and genetic algorithm
(GA). The other improvement originates from the model
itself. Some aspects of modeling might not perfectly describe
the nature of the interaction, while other aspects might be
redundant. In terms of real-world implementation, it also
requires the development of vehicle control algorithms for
specific scenarios and the reliability of pedestrian detection
systems.
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