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Pedestrian self-organizing movement plays a significant role in evacuation studies and architectural design. Lane for-
mation, a typical self-organizing phenomenon, helps pedestrian system to become more orderly, the majority of following
behavior model and overtaking behavior model are imprecise and unrealistic compared with pedestrian movement in the real
world. In this study, a pedestrian dynamic model considering detailed modelling of the following behavior and overtaking
behavior is constructed, and a method of measuring the lane formation and pedestrian system order based on information
entropy is proposed. Simulation and analysis demonstrate that the following and avoidance behaviors are important factors
of lane formation. A high tendency of following results in good lane formation. Both non-selective following behavior and
aggressive overtaking behavior cause the system order to decrease. The most orderly following strategy for a pedestrian is
to overtake the former pedestrian whose speed is lower than approximately 70% of his own. The influence of the obstacle
layout on pedestrian lane and egress efficiency is also studied with this model. The presence of a small obstacle does not
obstruct the walking of pedestrians; in contrast, it may help to improve the egress efficiency by guiding the pedestrian flow
and mitigating the reduction of pedestrian system orderliness.

Keywords: pedestrian movement, lane formation, information entropy, order degree
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1. Introduction

Pedestrian movement study has attracted considerable at-
tention in evacuation and public safety studies.[1,2] Pedestrian
movement comprises several self-organizing phenomena, such
as lane formation, bottleneck gathering leading to an arch-
shaped distribution (arching at bottlenecks), and the propaga-
tion of starting and stopping wave in walking. Some studies on
pedestrian lane formation imply that lane formation can make
pedestrian systems more ordered. This can be helpful in de-
signing transport system facilities and evacuation plans.[3–5]

The lane-formation phenomenon can be reproduced and stud-
ied through dynamic model and simulation.

In pedestrian modeling, there are generally two types of
models. The first type is the data-driven model which is pri-
marily developed for pedestrian trajectory prediction.[6] With
the development of machine learning, advanced data-driven
methods have also been developed, including deep learn-
ing, generative adversarial networks, reinforcement learning
and attention mechanism.[7–11] These models usually per-
form well in predicting pedestrian trajectories.[12] However,
when there is a need to study self-organizing phenomena in
pedestrian systems and how the interaction between pedes-
trians will influence the evolution of pedestrian system, be-
cause the data-driven model is insufficient due to weak in-
terpretability. The other type of model is physics-based dy-

namic model which is mainly developed for simulating pedes-
trian behaviors and studying the factors influencing pedes-
trian systems. Physics-based dynamic model can be devel-
oped on a microscopic scale and a macroscopic scale.[13,14]

In the macroscopic model, pedestrian motion is regarded as
a whole fluid flow to simulate the crowd movement using
a fluid dynamics model.[15] Macroscopic model usually per-
forms well in high-density crowd simulations.[16] The macro-
scopic pedestrian flow models have been used to investigate
patterns in pedestrian dynamics. However, pedestrian move-
ments in reality usually exhibit a certain degree of stochastic-
ity. Macroscopic models describe the overall pedestrian flow
from an Eulerian perspective, which cannot capture the inter-
actions among individuals.[17] In contrast, microscopic models
based on the Lagrangian perspective, such as the social force
model,[18] magnetic force model,[19] lattice gas model,[20] and
cellular automata,[21] simulate the pedestrian motion from the
perspective of an individual by defining behavior rules for each
pedestrian.[22] Hence, microscopic models play a crucial role
in understanding the underlying mechanism of pedestrian mo-
tion. Due to the need of individual behavior modeling, micro-
scopic models often introduce more parameters and require
greater computational resources than macroscopic models, in
order to achieve better precision. The models of understand-
ing pedestrian flow from macroscopic and microscopic per-
spective are not completely contradictory. The crowd flow
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trend is determined by the entire system, which can statis-
tically demonstrate the dynamic characteristics[18] of pedes-
trian movement. Macroscopic patterns of pedestrian flow can
provide valuable guidance for modeling the microscopic inter-
actions among pedestrians. Modeling the microscopic inter-
actions can also compensate for the shortcomings of macro-
scopic models in capturing stochasticity, thus making the mod-
els more realistic in representing pedestrian movement.[23]

Previous studies on microscopic pedestrian behavior have
suggested that lane formation is largely related to the follow-
ing, evasive, and overtaking behavior.[24,25] Most following
behavior models have used a simple mathematical relation-
ship, such as a linear model[26] or an exponential model[27] to
describe the matching of speed, distance, or direction between
the follower and leader.[28] For example, the velocity direction
of a pedestrian is determined by their desired direction and the
average velocity of other nearby pedestrians.[29] In some stud-
ies, simulations of following behavior have been conducted by
incorporating the following effect[30] and evasive effect[31] as
a force added to the social force model, or by adjusting the
transfer probability in the cellular automata model.[32] Over-
taking behavior has not been taken into consideration in the
original social force model.[33] To model the overtaking be-
havior, recent studies have introduced a new force into the
social force model to account for overtaking behavior; how-
ever, determining the direction and magnitude of the overtak-
ing force[34] is still under study.[35] To the best of our knowl-
edge, most of previous studies on lane formation lack a model
that combines the following behavior and overtaking behavior.

Furthermore, the influence of following behavior and
overtaking behavior on lane formation has not been studied
quantitatively, largely due to the lack of an appropriate quan-
titative evaluation metric for lane formation phenomenon.[36]

The consensus that the formation of pedestrian lanes plays a
crucial role in reducing conflicts and enhancing orderliness
has been reached. This involves with a relationship between
lane formation and system orderliness. Hence, some stud-
ies attempt to propose quantitative measures pedestrian sys-
tem orderliness, such as using the distribution of pedestrian
density to estimate the number of lanes and qualitatively as-
sess the stability of the pedestrian system based on the vari-
ation in number of lanes.[37] Some studies calculate the av-
erage of the projection of pedestrian speeds in their intended
direction of movement over time and over pedestrians.[38] Al-
though such indicators do not account for conflicts or interac-
tions among pedestrians in non-intended directions, they can
provide an assessment of flow efficiency in the expected di-
rection. Some studies evaluated pedestrian system orderliness
with a color map based on velocity consistency to display the

distribution of speed values and directions, which can provide
an intuitive knowledge of pedestrian system orderliness.[37]

While these approaches cannot fully make quantitative anal-
yses, they provide ideas on how to find quantitative measures
of pedestrian system orderliness. In the last few decades, more
and more scholars have studied the pedestrian system orderli-
ness from the perspective of lanes. By comparing the numbers
of pedestrians moving in opposite directions within the same
lane space, researchers have explored quantitative measure of
lane formation.[39–41] Obviously, in a perfectly formed lane,
all pedestrians have the same moving direction. This metric
has been applied to cellular automata-based pedestrian mod-
eling or studies in which the widths of pedestrian lanes are
fixed. This is an important step forward in the quantitative
assessment of pedestrian system orderliness. Recent years,
information entropy has been used as a measure of system
orderliness,[42] such as entropy of the proportion of pedestri-
ans moving in different directions, velocity magnitude distri-
bution and velocity angle distribution.[43,44] However, these
quantitative methods are limited to local state descriptions of
pedestrian system, mainly used in the detection of local con-
gestion and abnormal activity. The system orderliness, sta-
bility and dynamic changing process of the entire pedestrian
system, such as the phenomenon of multiple lanes overlap-
ping and converging at narrow exits are not fully character-
ized. The ordering of the whole system still lacks a quantita-
tive representation. Hence, a refined dynamic model based on
physics and statistics, which combines the following behavior
and overtaking behavior, as well as a quantitative metric that
can accurately evaluate the lane formation of the entire system,
is needed in further studies of lane formation.

For a more in-depth analysis of the lane formation pheno-
menon and its influence on the system orderliness, a physics-
based dynamic model that combines following behavior and
overtaking behavior is proposed in this work. Furthermore,
inspired by statistical mechanics, we introduce the concept of
the order degree of a pedestrian system based on information
entropy as a measure of the completeness of lane-formation
and the orderliness of the entire pedestrian system.

The model and simulation of the pedestrian microscopic
movement are verified to study the phenomenon of lane forma-
tion and influencing factors of pedestrian system. The remain-
der of this paper is organized as follows. In Section 2, the pro-
posed model that combines following behavior and overtaking
behavior is introduced. In Section 3, a quantitative measure of
lane formation and pedestrian system orderliness is presented.
In Section 4, the model is verified. In Section 5, the causes of
pedestrian lane formation and its influence on the pedestrian
flow are studied by using the proposed model. Finally, some
conclusions are drawn from this study in Section 6.
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2. Model
This section provides a detailed description of the pro-

posed pedestrian following behavior model and overtaking be-
havior model. Firstly, the basic pedestrian model is briefly in-
troduced in Subsection 2.1. We then propose the pedestrian
following model in Subsection 2.2 and the overtaking model
in Subsection 2.3. Next, we build a pedestrian flow model that
integrates the following behavior and overtaking behavior in
Subsection 2.4.

2.1. Generic pedestrian flow model

The pedestrian flow simulation paradigm is established
based on the widely used social force model,[45] which regards
pedestrians as particles and models their interactions by using
the social forces, namely, the driving force 𝐹0, which propels
pedestrians towards their destinations, the repulsive force 𝐹R,
which helps maintain a certain social distance between pedes-
trians, the extrusion force 𝐹E, which prevents the pedestrians
from overlapping, and the friction force 𝐹V, which simulates
the slowing down of pedestrians caused by relative motion.
Let mi and 𝑣i denote the mass and velocity of pedestrian i,
respectively, and let t indicate time, then the basic pedestrian
movement model will be able to be written as

mi
dvi

dt
= 𝐹 0

i +∑(𝐹R +𝐹E +𝐹V). (1)

In the subsequent studies,[46–49] the social force model has
been further developed by adopting the research methods from
fluid dynamics. Empirical formulas have been derived as fol-
lows: 

𝐹 0
i = mi

𝑣0
i −𝑣i

τi
,

𝐹R, j→i =−∇PR,

𝐹E, j→i =−∇PE,

𝐹V, j→i = µ∇2v.

(2)

Here, 𝑣0
i = v0

i 𝑒i represents the desired velocity of pedestrian i,
which is determined by their desired walking speed v0

i in the
target direction 𝑒i. The relaxation time is denoted as τi, char-
acterizes the rate at which a pedestrian can accelerate. PR is
the psychological pressure caused by the desire to keep social
distance from others. PE is the pressure due to physical con-
tact that prevents pedestrians from getting too close.[50,51] The
viscosity coefficient µ in the friction term is used to describe
the influence of relative motion on pedestrian flow.

2.2. Following behavior model

The following behavior is a crucial aspect of pedestrian
flow. Studies have shown that pedestrians’ self-organizing
phenomena, such as lane formation, right-hand preference[46]

(which is influenced by social culture), and herding be-
havior during evacuation, are closely related to following
behavior.[47] Pedestrians have a tendency to follow others to
a certain extent while walking. In contrast to previous studies
where pedestrians were believed to follow the average mov-
ing direction and speed over them, which, we think, is a rough
assumption. A new following behavior model realized with
attraction is proposed in this subsection.

In this study, it is assumed that the behavior of following
others arises from the attraction of other pedestrians. Hence,
following behavior can be simulated through the attraction ex-
erted on pedestrians by those being followed. Previous re-
searches have shown that the attraction is related to the dis-
tance and direction of other pedestrians.[30] To reproduce these
characteristics, we use an attraction model that is analogous to
the force of gravity as depicted in Fig. 1. The inverse square
law of gravity is able to represent the attraction exerted from
another object on the subject and it accounts for the influence
of distance between the two objects. Analogous to the gravity
model, the attraction model that simulates the following be-
havior is established. The following assumptions have been
made.

Following behavior model Gravity model

Body i 

Body j 

Intrinsic factor

External factor

(a) (b)

Pedestrian i 

Pedestrian j

Target attractor

External attractor

Ffollowing,j→i
Fgravity,j→i

Dv0
i

Dvji mj

mi

Dvivi

vi

vi

vj

vj

0

Fig. 1. Analogy between (a) following behavior model and (b) gravity model.
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(i) Perception area
Following behavior will only be triggered off by move-

ments within the pedestrians’ attention.
(ii) Velocity attraction term
A velocity difference is identified as the primary factor

that triggers off the following behavior. For subject pedestrian
i, the difference between their current velocity and desired ve-
locity serves as the self-driven motivation for following others,
namely the target attractor as indicated in Fig. 1. The veloc-
ity difference between pedestrians i and j acts as an external
attractor that causes the following behavior. To represent this
relationship, we analogize the velocity difference to a mass
in gravity as the cause of attraction. The term describing this
relationship is denoted by Tv.

(iii) Distance decay term
The distance between pedestrian i and j is denoted as di j.

Closer pedestrians have a greater influence due to the attention
distribution of the subject i.[30] This relationship is described
by Tr = d2

i j in the denominator. This reflects the inverse square
law of the attraction force among pedestrians, indicating that
pedestrians tend to follow those who are closer to them. There-
fore, the pedestrian whose distance to pedestrian i is smaller
will produce a greater attraction to pedestrian i. When pedes-
trians i and j are in contact with each other, pedestrian j has
the greatest influence on pedestrian i.

(iv) Direction term
Pedestrians whose positions align with the aimed direc-

tion of pedestrian i have a greater attraction to pedestrian i.
This relationship is described by Td.

(v) Characteristic acceleration term
The pedestrian i’s self-accelerating capability is repre-

sented by the characteristic acceleration time τi, and can be
expressed as 1/τi specifically.

Taking into account these influencing factors, the follow-
ing attraction force exerted on pedestrian i by pedestrian j can
be expressed as

𝐹following, j→i = K1 ·
mi

τi
· Tv

Tr
·Td. (3)

Next, we will provide a detailed explanation of terms in
Eq. (3).

2.2.1. Perception area

When pedestrians walk forward, they may not pay atten-
tion to what is happening behind them, because the visual an-
gle of the pedestrian is less than 360◦. Based on ergonomics,
the attention-range angle of a pedestrian is typically set to
120◦.[52] In this study, the perception area of a pedestrian is
defined as the sector area with a visual angle of 120◦ and a

radius of Rperception (see Fig. 2). Only the particles inside the
perception area can influence the movement of pedestrian i.

i

vj

Fji

vi vi

vj

Fji



Fig. 2. Illustration of pedestrian following model.

2.2.2. Velocity attraction term

The following attraction of a pedestrian is induced by the
difference between two velocities. First, pedestrian i has an
intended velocity 𝑣0

i . Any deviation from this velocity is rep-
resented by the difference between 𝑣i and 𝑣0

i , and can cre-
ate a psychological motivation for pedestrian i to change their
velocity. This motivation is quantified as the absolute dif-
ference between the intended velocity and the actual veloc-
ity, or

∣∣𝑣0
i −𝑣i

∣∣, acting as a target attractor. The attractor be-
comes stronger as the difference between the intended veloc-
ity and the actual velocity increases, indicating a greater will-
ingness of pedestrian i to be accelerated. If the actual veloc-
ity of pedestrian i is equal to their expected velocity, pedes-
trian i will not exhibit the tendency to follow other pedestri-
ans. Next, considering the interactions between pedestrians j
and i, 𝑣 j − 𝑣i denotes the relative velocity of pedestrian i to
particle j. In Fig. 3(a), the intended acceleration direction of
pedestrian i is represented by the unit vector obtained from
𝑣0

i −𝑣i

|𝑣0
i −𝑣i| . Figure 3(c) illustrates the velocity component differ-

ence between pedestrians j and i in the direction of pedes-
trian i’s intended acceleration. This is represented by the inner

product of 𝑣 j−𝑣i and 𝑣0
i −𝑣i

|𝑣0
i −𝑣i| , i.e.,

〈
𝑣 j−𝑣i,

𝑣0
i −𝑣i

𝑣0
i −𝑣i

〉
. A posi-

tive value of this velocity component difference indicates that
pedestrian j is faster than pedestrian i in the expected accel-
eration direction of pedestrian i. This higher relative veloc-
ity makes pedestrian j more attractive to pedestrian i, as the
space around pedestrian j is assumed to have a higher traffic
efficiency. This aids pedestrian i in choosing a better heading
direction and bypass obstacles. Hence, the attraction of pedes-
trian j to pedestrian i is assumed to be high. Considering the
factor of the difference between these two velocities, which
triggers off the attraction from pedestrian j to i, the velocity
attraction term Tv can be formulated as follows:

Tv =

〈
𝑣 j−𝑣i,

𝑣0
i −𝑣i

𝑣0
i −𝑣i

〉
·
∣∣𝑣0

i −𝑣i
∣∣

= 〈𝑣 j−𝑣i,𝑣
0
i −𝑣i〉. (4)
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i

Intended

acceleration

direction

(a) (b) (c)

vi vi


-vivi


-vi|vi
 vj

vj

vj↪x

vj↪x

vi↪x

vj↪y

vj↪y

|

-vi
vj-vi↪

vi


-vi|vi
| >

>

Fig. 3. Illustration of velocity relationship between pedestrians. (a) Intended direction of acceleration for pedestrian i, (b) projection of
pedestrian j’s velocity onto the intended direction of pedestrian i’s acceleration, and (c) difference in velocity component between pedestrians
i and j in the direction of pedestrian i’s intended acceleration.

2.2.3. Direction term

When pedestrians are walking, they are more likely to fol-
low the position of other pedestrians rather than their velocity
direction, since position is a more intuitive observation. In
this study, the following behavior is modeled as the process of
pedestrians being attracted by other walkers, and eventually,
velocity consistency can be achieved through the convergence
of their positions. The attraction exerted from pedestrian j on
pedestrian i points from i to j, which can be represented by the
direction vector 𝑒i j. The degree to which pedestrian i is will-
ing to follow pedestrian j depends on how closely the force
direction 𝑒i j aligns with the intended direction of pedestrian
i, 𝑒0

i . When the force direction is more closely aligned with
𝑒0

i , pedestrian i is more likely to follow pedestrian j, as this
following behavior will be regarded as more helpful for pedes-
trian i to reach his destination. The inner product 〈𝑒i j,𝑒

0
i 〉 rep-

resents the cosine of the angle between the attraction direction
and pedestrian i’s intended direction, indicating the degree to
which the force direction is close to the intended direction.
The attraction increases when the angle between 𝑒i j and 𝑒0

i is
small. Therefore, the direction term of the following behavior
can be expressed as 〈𝑒i j,𝑒

0
i 〉 ·𝑒i j.

2.2.4. Following attraction

For pedestrian i, the decision to perform following behav-
ior involves selecting targets to follow within the perception
area, and the attraction is then determined by the factors men-
tioned above. When many pedestrians are present in pedes-
trian i’s perception area, pedestrian i makes an overall assess-
ment of the pedestrian motion. Thus, the influence force of
pedestrian j on pedestrian i, 𝐹following, j→i, should be vector
summed to reflect the overall influence, as shown in the fol-
lowing equation:

𝐹i,following = ∑ j∈perception area K1×mi×
1
τi

×
〈𝑣 j−𝑣i,𝑣

0
i −𝑣i〉

d2
i j

×〈𝑒i j,𝑒
0
i 〉×𝑒i j, (5)

where τi is the characteristic acceleration time of pedestrian
i. K1 is a coefficient controlling the magnitude of follow-
ing attraction to maintain consistency with other forces during
pedestrian movement. K1 is set to 1 in units of (m · s).

2.3. Overtaking behavior model

For obstacles or slow pedestrians ahead, it is important
to combine an avoidance mechanism and a direction-selection
strategy to assist pedestrian particles in executing overtaking
behavior.[25] Unlike previous studies that only involved a sim-
ple choice of overtaking from the left or right, this study intro-
duces a refined overtaking model based on the spatial assess-
ment of space, aiming at achieving the more accurate model-
ing of overtaking behavior. Figure 4 illustrates the overtaking
behavior model. The following assumptions are considered in
the overtaking behavior model, as done in the following be-
havior model.

vj

vj

Vacancy particles

i

vi vi


R0

Fig. 4. Illustration of pedestrian overtaking model.

Next, we will provide a detailed explanation of these
terms.

(i) Perception area
As mentioned above, only movements within the atten-

tion range of pedestrians will be perceived. Hence, pedestrians
inside this area are considered to influence pedestrian i’s over-
taking behavior. The setting of perception area is the same as
that of the following behavior model.

(ii) Space assessment
When pedestrians decide to overtake, they will assess the

degree of space occupancy situation in front of them and se-
lect the direction with the largest vacant space. In addition,
the preference of overtaking from the left side rather than the
right side should be considered in the spatial assessment (for
pedestrians from the right-side preference cultures).

(iii) Density term
A low density is a crucial factor that attracts pedestrians

and is denoted by Tρ .
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(iv) Velocity difference term
Hence, the norm of the velocity difference between

pedestrian i’s current and expected velocity can reflect the ten-
dency to accelerate and is denoted by Tv,

Tv =
∣∣𝑣0

i −𝑣i
∣∣ . (6)

Next, we will provide a detailed explanation of these
terms.

2.3.1. Space assessment

To assess the space in front of pedestrian i, we introduce
virtual vacancy particles denoted as k. The vacancy particles
are not particles that physically exist in front of pedestrian i.
Each vacancy particle is a virtual particle that can represent
the space on an arc with a radius of R0 in front of pedestrian
i within a 120◦ view angle. The straight ahead direction of
pedestrian i is designated as 0◦, with vacancy particles set at
−60◦, −30◦, 0◦, 30◦, and 60◦ angles shifting from the direc-
tion of 𝑣i as shown in Fig. 4. Vacancy particles possess phys-
ical attributes such as density ρk,pass and coordinate rk. The
overtaking behavior is modeled by the attraction of vacancy k
to pedestrian i, which imposes an overtaking term 𝐹i,overtaking

on the acceleration of pedestrian i.

2.3.2. Density term

The vacancy density, denoted as ρk, represents the local
density generated by other particles at that point, which can be
calculated from

ρk,pass = β ·

(
∑

j∈pedestrian
ρ j · e〈𝑣i−𝑣 j ,𝑣

0
i 〉+ ∑

j∈obstacle
ρ j

)
, (7)

where β is the coefficient in which the tendency of left-side
overtaking behavior is taken into consideration. For vacancy
particles situated at angles of −60◦, −30◦, 0◦, 30◦, and 60◦,
the values of β are to 1.1, 1.2, 1.0, 0.9, and 0.8 respectively,
so as to represent the tendency of left-hand overtaking. ρ j rep-
resents the density exerted by element j inside the perception
area. For pedestrians i and j, 〈𝑣i−𝑣 j,𝑣

0
i 〉 represents the differ-

ence between 𝑣i and 𝑣 j in the intended direction of pedestrian
i’s movement. As illustrated in Fig. 5(a), when 〈𝑣i−𝑣 j,𝑣

0
i 〉

is positive, pedestrian j, who is in front of pedestrian i, walks
more slowly than pedestrian i in the pedestrian i’s intended di-
rection of movement, including the case wherein pedestrian j
walks towards pedestrian i. Consequently, pedestrian j hin-
ders pedestrian i from walking, which is equivalent to an in-
crease in the density that pedestrian i perceives. If 〈𝑣i−𝑣 j,𝑣

0
i 〉

is negative, which is shown in Fig. 5(b), pedestrian j moves
faster than pedestrian i in the pedestrian i’s intended heading
direction. Thus, pedestrian j does not impede pedestrian i’s
movement. The equivalent density pedestrian i felt owing to
pedestrian j should be less than ρ j. In view of this factor, we

take e〈𝑣i−𝑣 j ,𝑣
0
i 〉 as a coefficient to adjust the density stimulated

by pedestrian j at vacancy k. If j is a static barrier particle
i.e., its speed is 0, no correction is applied to the perceived
density associated with object j’s speed. By combining the
tendency of the left-side overtaking behavior and the influence
of pedestrian velocity on density perception, we derive the va-
cancy density ρk,pass. When pedestrians determine the over-
taking direction, a higher vacancy density indicates a smaller
space and a lower likelihood of successful overtaking. There-
fore, the vacancy particle with the minimum density should be
selected. We denote the critical density ρc as the density ex-
erted by pedestrian j when pedestrian i and j come into contact
exactly, i.e., di j = 2ri. The vacancy density term Tρ is given as
follows:

Tρ =
ρc

ρk,pass
. (8)

vj
j

vj
jvi vi

(a)

i i

(b)

Fig. 5. Illustration of influences of different velocities on perceived
density. (a) Case wherein pedestrian j obstructs the walking of pedes-
trian i, resulting in an increase of perceived density. (b) Case wherein
pedestrian j does not obstruct the walking of pedestrian i, resulting in a
decrease of perceived density.

2.3.3. Overtaking force

Taking into consideration all the factors in (i)–(iv), the
overtaking attraction force can be formulated as follows:

𝐹i,overtaking = mi ·K2 ·
1
τi
·

TvTρ

Td
·𝑒ik

= mi ·K2 ·
1
τi
·
∣∣𝑣0

i −𝑣i
∣∣ ·ρc/ρk,pass

r2
ik

·𝑒ik, (9)

where K2 is the sensitivity factor used to adjust the magnitude
of the overtaking behavior force in units of

[
m2
]
; 𝑒ik repre-

sents the direction from pedestrian i to vacancy k with a min-
imum ρk,pass; rik is the distance between pedestrian i and the
vacancy particle with the minimum ρk,pass.

2.4. Combined following and overtaking behavior model

In this study, by integrating the above following behavior
and overtaking behavior models described above, we develop
a pedestrian hydrodynamic simulation model, which is repre-
sented as follows:

d𝑣i (t)
dt

= 𝑎0
i +𝑎R +𝑎E +𝑎V

+𝑎i,following +𝑎i,overtaking. (10)

A selective decision mechanism is employed to model the
decision of following or overtaking as shown in Fig. 6.
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Fig. 6. Pedestrian self-organizing movement simulation model that takes into consideration the following behavior and overtaking behavior.

In this model, the choice of following or overtaking
is dependent on the velocity of the pedestrians. Usually,
〈𝑣 j,𝑣

0
i − 𝑣i〉 > 〈𝑣i,𝑣

0
i − 𝑣i〉 implies that pedestrian j walks

faster than pedestrian i in the intended direction of pedestrian
i’s movement as illustrated in Fig. 3(c). Therefore, pedes-
trian i may choose to follow pedestrian j. However, taking
into account the individual difference, pedestrians may pos-
sess varying degrees of tolerance towards a pedestrian walk-
ing in front of them at a slow speed. Hence, a parame-
ter called the low-velocity boundary (denoted by α) is intro-
duced as shown in Fig. 6. The parameter indicates the ex-
tent to which pedestrian i can tolerate a slow movement ve-
locity of the pedestrian in front of them. The low-velocity
boundary α represents the minimum proportion of the veloc-
ity of pedestrians walking ahead that pedestrian i can tolerate
while following, compared with the pedestrian i’s own veloc-
ity. For instance, α = 0.6 means that pedestrian i will follow
pedestrian j instead of initiating overtaking behavior unless
〈𝑣 j,𝑣

0
i −𝑣i〉 > 60% · 〈𝑣 j,𝑣

0
i −𝑣i〉, which implies that the ve-

locity component of pedestrian j in the expected acceleration
direction of pedestrian i is bigger than 60% of pedestrian i’s
velocity. When the low-velocity boundary is high, pedestrian
i is assumed to have a preference for following high-velocity
pedestrians. As a result, pedestrian i will have less patience
for slow pedestrians ahead of them and will be more likely to

engage in overtaking behavior during movement. If the low-

velocity boundary is set to a low value, a slow pedestrian ahead

is more acceptable for pedestrian i, and they are more likely

to exhibit following behavior in the case of slow pedestrians

walking ahead of them. Thus, the low-velocity boundary plays

an important role in the decision-making process of following

or overtaking. When 〈𝑣 j,𝑣
0
i −𝑣0

i 〉 > α · 〈𝑣 j,𝑣
0
i −𝑣i〉, pedes-

trian i chooses to follow pedestrian j; hence, j is included in

the following model. Otherwise, pedestrian j is included in

the computation of the overtaking model. In the simulation

of pedestrian flow, the low-velocity boundary can specify the

characteristics of pedestrians in terms of their aggressiveness

or ease. This can also be employed to describe the urgency

of an evacuation event. For example, in an emergency situ-

ation such as a fire or earthquake, under the pressure of the

need to escape, pedestrians may be very eager to overtake

pedestrians walking ahead of them and have a notably low

value of α . By incorporating a low-velocity boundary into

the pedestrian model, the following behavior model and over-

taking model are successfully integrated into pedestrian hy-

drodynamics to simulate diverse pedestrian movements under

different circumstances.
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3. Measure of pedestrian system order based on
information entropy
The orderliness of pedestrian system is a crucial topic

in pedestrian flow research. Lane formation, one of the self-
organizing movements of pedestrian system, which describes
the phenomenon that pedestrians spontaneously form lanes
during collective motion, is one of the typical phenomena that
make pedestrian movement more organized.[53] From the per-
spective of pedestrian lanes, a measure of pedestrian system
orderliness is developed based on information entropy.

According to the idea of the optimal lane formation
pattern,[39] the phenomenon that pedestrians are uniformly ar-
ranged in rows, as depicted in Fig. 7(a), is taken as the most
ordered state of pedestrian system. The pedestrians in each
lane have exactly the same y coordinate, the pattern of which
is defined as the complete lane-formation situation. However,
it is difficult for pedestrian system to achieve such a perfect
state. In most cases, although pedestrians form lanes during
movement, the pedestrians in one lane stay around the mid-
dle of the lane instead of walking exactly along the mid-line
of the lane as shown in Fig. 7(b). This state is referred to as
the partial lane-formation situation. As the pedestrian system
becomes less orderly, randomness in pedestrian movement in-
creases, pedestrians in one lane walk farther away from the
middle of the lane. It can be difficult to identify lanes. In the
extreme case of disorder, where no lane is formed, pedestrians
are randomly distributed as illustrated in Fig. 7(c).

x

y (a)

x

y (b)

x

y (c)

Fig. 7. Illustration of pedestrian lane-formation status. (a) Pedestrian
distribution in complete lane-formation situation. (b) Pedestrian distri-
bution in partial lane-formation situation. (c) Pedestrian distribution in
the case of no lane formed.

Pedestrian movement produces trajectories that can be
used to represent the lane-formation status. The distribution
of pedestrian trajectories reflects the formation of pedestrian
lanes when pedestrian trajectories are densely distributed. For
a cross-section of a path or road, the probability of pedestri-
ans passing through the center of the lane is high, while the

probability of passing through the edge of the lane is low. The
kernel-density estimation method can be used to convert a dis-
crete pedestrian distribution into a continuous density distribu-
tion curve. This curve represents the probability density distri-
bution of the pedestrians, p(y), which indicates the likelihood
of pedestrians passing through different locations on the path
or road. Then the probability density distribution is normal-
ized to ensure that the total probability is equal to one, thus
making it suitable for statistical analysis and modeling. In the
case of complete lane formation, pedestrian trajectories should
gather in the center of each lane. Figure 8(b) shows the cor-
responding probability density distribution of the pedestrians
in each lane and path. For the case of no lane formation, the
probabilities of pedestrian trajectories appearing anywhere on
the path are equal. Consequently, the probability density dis-
tribution in the lane and path should be identical, as illustrated
in Fig. 8(b).

(a)
p

y
Lane

p

y
Lane

Path

Lane Lane

(b)
p

y
Lane

y

Path

p

Fig. 8. (a) Probability density distribution in one lane and in the path
with three lanes in the case of complete lane formation. (b) Probability
density distribution in one lane and in the path in the case of no lane
formed.

To quantify the orderliness of the pedestrian system with
respect to the lane formation status, this study proposes the
use of a quantified measure based on information entropy. The
measure is described as follows.

(i) Determination of lanes
As mentioned above, the probability density distribution

of pedestrians reflects the state of the lane formation. A kernel
function is used to estimate the probability density function
of the pedestrian trajectory distribution. Pedestrian trajecto-
ries cluster to form lanes, which act as peaks in the probability
density distribution. To determine the number and position of
pedestrian lanes, peaks at a distance greater than 0.6 m are se-
lected to ensure that the space between lanes is greater than the
shoulder widths of the pedestrians. This can aid in determin-
ing the number and position of pedestrian lanes. The number
of lanes formed by the pedestrian movement is equivalent to
the number of peaks present in the probability density distri-
bution. Then the k-means clustering method is adopted to seg-
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ment the pedestrian trajectories into different lanes, with the
cluster centroids representing the central trajectories of each
lane.

(ii) Lane formation rate of pedestrian trajectory dis-
tribution based on information entropy

In this study, a quantitative measure of lane formation
based on information entropy is proposed. Information en-
tropy is a measure of the degree of uncertainty or randomness
in a system, and calculated based on the probability density
distribution. It can be used to quantify the orderliness of the
pedestrian system. Therefore, we define the entropy of the
pedestrian system at each x as follows:

S (x)=−
∫

p(y) log2 p(y)dy, (11)

where p(y) is the probability density distribution of the pedes-
trian trajectories along the coordinate y at x. When pedestrians
form lanes well, the probability of pedestrian trajectories ap-
pearing in the center of the lanes is high, leading to a lower
level of uncertainty in the pedestrian system. Hence, the in-
formation entropy of the system is small. In the case of com-
plete lane formation, the pedestrian trajectories in each lane
cluster appear around the central trajectory. The minimum in-
formation entropy of the pedestrian system at x, denoted as
Smin (x), can be calculated. In contrast, a poor lane-formation
state means that pedestrian trajectories have an average proba-
bility of appearing anywhere in the path. In the case of no lane
formation, the maximum information entropy of the pedestrian
system at x, denoted as Smax (x), can be calculated by using the
same trajectory appearance probability. To describe the com-
pleteness and orderliness of the lane formation at position x,
the lane formation rate, η (x), is defined as

η (x) =
Smax (x)−S (x)

Smax (x)−Smin (x)
. (12)

(iii) Order degree of pedestrian system
In this paper, we propose a metric called the system order

degree, which serves as the order parameter of the pedestrian
system. The system order degree is defined as the combina-
tion of the current lane-formation state and the differential of
the lane-formation rate, and specifically expressed as

ω = η · e−|ηx|, (13)

where η is the lane formation rate, and ηx is the differential of
the lane formation rate along the forward direction. The lane
formation rate η is a measure of the orderliness of the pedes-
trian lane-formation state at the current position in a steady
state. When stable lanes are formed along the walking path,
the pedestrians’ traveling directions exhibit good consistency,
resulting in a stable value of the lane formation rate η , with

ηx ≈ 0. The system order degree ω ≈ η , reflecting the cur-
rent degree of orderliness in the pedestrian movement system.
This implies that when the lane formation state is stable, the
pedestrian movement with a larger value of η is more ordered.
Another common scenario is that the steady state of the pedes-
trian lane can be disrupted by external disturbances, such as a
change in the path shape or the presence of obstacles. In such
cases, pedestrians enter a new state after a disturbance. Be-
tween the old state and the new state, the dynamic processes,
such as lane changing, overlapping, decomposition, and re-
arrangement occur through pedestrian self-organizing move-
ment. Pedestrians leave their original lanes to reach other po-
sitions in response to disturbances. In such situations, the lane
formation rate η , which reflects the pedestrian distribution, is
insufficient to comprehensively describe the orderliness of the
pedestrian system. The absolute value of the differential of
the lane formation rate, denoted as |ηx|, which represents the
changing rate of the lane formation rate along the moving di-
rection of pedestrian, constitutes another aspect of the system
order degree. A non-zero value of |ηx| indicates that the value
of η varies along the walking direction, implying that pedes-
trians have not only forward velocity but also lateral velocity.
The lateral velocity produces lateral displacement, which re-
sults in a change in the lane-formation rate η . A larger |ηx|
value indicates a more drastic change in pedestrian lanes, im-
plying that pedestrians exhibit more conflict behaviors, such
as lateral intersections and overlapping trajectories. This nat-
urally results in a decrease in the degree of orderliness of the
pedestrian system. Theoretically, the extreme of pedestrian
chaos should be defined as the zero state of the system or-
der degree. Thus, when ηx → ∞, the value of ω approaches
0. Hence, the system order degree ω = η · e−|ηx| compre-
hensively describes the order degree of the pedestrian system,
taking into account both the lane formation rate and the degree
of change in the lane formation rate.

4. Model validation
In this section, the pedestrian movement simulation is val-

idated. In simulations, we have to set boundaries for the move-
ment of pedestrians, such as walls or obstacles. These bound-
aries are impossible for pedestrians to pass through. The con-
straints on pedestrian particle motion, imposed by the bound-
aries, can be realized by placing stationary particles with a
large mass. In all of our simulation tests, we have used sta-
tionary particles with a spacing of 0.1 m and a mass of 500 kg
to simulate the boundaries of pedestrian movement,[51] to en-
sure the constraints of boundaries on pedestrian movement and
the uniform distribution of boundary density. For model val-
idation, we first conduct a simple evacuation simulation in a
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15 m×15 m room. In this test case, pedestrians are randomly
initiated in the room, and the exit is located in the middle of
the right wall as shown in Fig. 9(a), the initial density distri-
bution of pedestrians is relatively uniform. The exit door is set

to the destination of all the pedestrians. Our program success-
fully reproduces an important self-organizing phenomenon in
which pedestrians gather to form an arch[54] at the exit (see
Fig. 9(b)).
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Fig. 9. Snapshot of evacuation simulation. (a) Distribution of initial pedestrians and their density. (b) Arching at the exit and the distribution
of pedestrian and their density.
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Fig. 10. Setup of evacuation experiment.

To further validate the proposed pedestrian flow model,
we compare the simulation result with a real-world evacua-
tion experimental result reported in Ref. [55]. The evacuation
experiment was conducted in a university in 2015. Ten trials
were carried out with a total of 419 participants. Each trial
involved approximately 40 participants. The setup of the real-
life evacuation experiment conducted in a university is adopted
in our simulation and shown in Fig. 10. A pedestrian initial-
ization zone of 3 m×3 m is placed in the center of a room with
a size of 5 m×5 m, and a 1.2-m-wide exit is set on one side of
the wall.[55] According to the experimental set, 41 pedestrian
particles are randomly generated in the pedestrian initializa-
tion zone. The evacuation process is simulated with the model
proposed in this paper (simulation I) and a pedestrian model
without the proposed following-overtaking mechanism (simu-
lation II). The relationship between the number of evacuated
pedestrians and the evacuation time is recorded. 10 runs under
the same setup are performed for each case, and the evacuation
times are averaged.

Results are shown in Fig. 11. The red line represents
the data obtained from the real-world evacuation experiment,
showing the correlation between the number of evacuated per-
sons and the corresponding evacuation time. The blue line
(simulation I), which closely aligns with the red line with
RMSE = 0.18, represents the results obtained in simulations

with the proposed model in this paper. The gray line (simu-
lation II), which deviates from the experimental results with
RMSE = 3.02, is the simulation result by using a pedestrian
model without the proposed following-overtaking mechanism.
It can be seen that after incorporating the following-overtaking
mechanism, the simulated evacuation time of pedestrians be-
comes more consistent with the result of the real-world exper-
iment. And the simulation results are more stable. This vali-
dates that the proposed model can simulate pedestrian move-
ment well.
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Fig. 11. Measured and simulated evacuation time plots.

We also conduct a fundamental diagram validation of a
bi-directional flow in a 50-m-long, 4-m-wide corridor as illus-
trated in Fig. 12(a). Pedestrian particles are randomly initial-
ized in pedestrian initialization zone at the left end and right
end of the corridor with varying arrival rates in each simulation
run. The expected speed of all pedestrians is set to 1.36 m/s,
and the intended direction is set in the middle of the opposite
exit. Pedestrian particles on the left side and right side of the
corridor walk in opposite directions as depicted in Fig. 12(b) at
t = 8 s. We designate the central 10-m region of the corridor as
the region of interest (ROI). When pedestrians from both sides
reach the ROI, the pedestrian system enters a transient chaotic
state due to interactions and conflicts among pedestrian par-
ticles as illustrated in Fig. 12(b) at t = 25 s. The influence
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of following behavior and right-hand preference guides the
pedestrian system to evolve and become self-organized. After
leaving the pedestrian initialization zone, pedestrians sponta-
neously move to the right within the bi-directional flow transi-
tion zone, forming distinct lanes. Upon reaching the ROI, the
bi-directional pedestrian flow establishes a stable lane pattern
as shown in Fig. 12(b) at t = 50 s. The trajectories of the stable
bi-directional flow within the ROI are illustrated in Fig. 12(c).

4 m

5 m 5 m10 m

Pedestrian
initialization

zone
zone

Pedestrian
initialization

zone

Bi-directional flow Bi-directional flow Bi-directional flow
transition
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transition
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ROI

ROI

ROI

(b)

4 m

(c)

(a)

y

x

Fig. 12. Lane formation of bi-directional flow simulation in corridor. (a) Sim-
ulation layout. (b) Snapshot of bi-directional pedestrian flow. (c) Pedestrian
trajectory distribution at a stable state in ROI.

Fifty seconds after the simulation program is initiated, the
pedestrian flow reaches a steady state. The arrival rates of
pedestrians at both ends of the corridor are varied in differ-
ent runs to obtain different densities of pedestrian flow. The
density, velocity, and flow of pedestrians in the ROI are then
averaged over a certain period of time to obtain the velocity–
density and flow–density fundamental diagrams of the bi-
directional pedestrian flow as demonstrated in Fig. 13. When
the average pedestrian density increases to about 4.2 ped/m2,
the pedestrian system will encounter congestion and cannot
form lanes and bi-directional flow. The simulated fundamental
diagrams are also compared with experimental data to validate
the proposed model.

The blue line in Fig. 13 demonstrates the fundamental di-
agram from Weidmann,[56] which is obtained by collecting
data from 25 other experiments and fitting the Kladek for-
mula, a macroscopic function that describes the relation be-
tween average momentary speed and density of traffic. The
data marked in red are derived from BaSiGo, a real-world ex-
periment conducted in Düsseldorf with approximately 2000
university students as participants.[57] The blue stars represent
statistical data obtained from the simulation. It can be ob-
served that the velocity–density and flow–density fundamental
diagram of the simulation are consistent with the results from
Weidmann and the BaSiGo experiment. The average speed

of pedestrians decreases with the increase of pedestrian den-
sity. Moreover, the flow of pedestrians first increases with den-
sity increasing. After the pedestrian density reaches a critical
value, the flow of pedestrians remains relatively stable. Fur-
thermore, a comparison of the simulation results with those of
other models[37,50] (as demonstrated in Fig. 14) also validates
the reliability of the proposed pedestrian movement model.
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5. Results and discussion

This section describes the case studies we conducted us-
ing the proposed model. Firstly, we simulate a bi-directional
pedestrian flow in a 4-m wide corridor to study the pedestrian
lane-formation phenomenon. An obvious lane-formation phe-
nomenon is observed in Fig. 12. The pedestrian density dis-
tribution of the bi-directional pedestrian flow is presented in
Fig. 15(a). The trajectories are divided into lanes by k-means
clustering, and the lane division is illustrated in Fig. 15(b).
As shown in Fig. 15(c), the width of the corridor is constant,
the ROI is sufficiently far from the exit, and the motion of
the pedestrian system is unaffected by the environment lay-
out. Consequently, the lane formation rate of the ROI is nearly
constant along the corridor. Therefore, the influence of the dif-
ferential of the lane formation rate can be neglected, and the
lane formation rate is employed to measure the completeness
of the lane formation. The average value of lane formation rate
at all x positions is regarded as the lane formation rate of the
pedestrian system in each run.
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Fig. 15. (a) Pedestrian density distribution in cross-section of corridor.
(b) Lane division of bi-directional pedestrian flow. (c) Lane-formation
rate along corridor.

After adjusting the model parameters, the simulation pro-
gram is run several times. Fifty seconds after the simula-
tion starts, 100 pedestrian trajectories are tracked in the ROI,
and the lane-formation rate of the system is calculated. The
lane-formation rate of each run is then averaged to obtain the
lane-formation rate under specific circumstances and to study
the factors that influence lane formation. Snapshots of the
pedestrian and trajectory distribution at different lane forma-
tion rates are shown in Fig. 16. It can be observed that the lane
formation rate provides a good representation of the pedestrian
system’s orderliness. A high lane formation rate indicates that

the pedestrians move with better orderliness. The lane for-
mation rate of the pedestrian system can be influenced by the
parameters of following-overtaking model.

(a) Lane formation rate=0.449

(b) Lane formation rate=0.407

Fig. 16. Snapshots of pedestrian and trajectory distribution at different
lane formation rates. (a) Snapshots under α = 1, K1 = 1, lane formation
rate= 0.449. (b) Snapshots under α = 1, K1 = 0, lane formation rate =
0.407.

5.1. Influence of following behavior on ordering of system

The following acceleration 𝑎i,following can be adjusted by
changing K1 in Eq. (5) to study the effect of the magnitude of
following behavior on lane formation. The simulation results
are presented in Fig. 17. When K1 = 0, the following behavior
is turned off in the model. Although not obvious, the lane-
formation phenomenon still occurs as shown in Fig. 16(b).
This finding demonstrates that the avoidance behavior also
contributes to the lane formation to a certain degree. With
the increase of K1, the pedestrians’ acceleration is more in-
fluenced by following behavior, and the lane formation rate
of the bi-directional flow also increases, resulting in a more
orderly pedestrian system as shown in Fig. 16(a). This study
indicates that the following behavior is an important factor that
promotes the lane formation.
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Fig. 17. Influence of following behavior on lane formation.

5.2. Influence of low-velocity boundary on lane formation

As described in the model in Subsection 2.3, the low-
velocity boundary can reflect the aggressiveness of pedestri-
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ans. Hence, the following behavior model and overtaking be-
havior model can be integrated by using a low-velocity bound-
ary to determine the following behavior or overtaking behavior
triggered off by pedestrians walking ahead. The low-velocity
boundary of pedestrians is adjustedin the simulation under
running. The average lane formation rate of several simu-
lation runs under the same conditions is calculated, and the
results are presented in Fig. 18. The red stars represent the
simulation data points under the condition K1 = 1. The fig-
ure can be roughly divided into two parts by the line near the
low-velocity boundary α = 0.70. In the part where the low-
velocity boundary α < 0.70, the boundary for judging low ve-
locity is low, and pedestrians tend to follow others even if they
move at a relatively low velocity. In this situation, pedestrians
have no choice in choosing the leader to follow. They blindly
follow the people in front of them, despite the low flow effi-
ciency. In this part, the lane-formation rate and orderliness of
the system decrease as the low-velocity boundary decreases.
In the other part where the low-velocity boundary α > 0.70,
pedestrians only follow others who have a higher velocity.
Therefore, pedestrians are not strongly willing to follow oth-
ers. Only pedestrians with high walking efficiency can trigger
off following behavior. On the other hand, pedestrians prefer
to overtake those in front of them, which implies that these
pedestrians are more aggressive. Here, the lane-formation rate
decreases with the increase of the low-velocity boundary. The
lane-formation rate can even reach a level lower than in the
case of the low-velocity boundary α = 0, i.e., pedestrians fol-
low others blindly. This may account for the fact that in emer-
gency situations, pedestrians are eager to overtake others to
reach the exit, and they cannot tolerate pedestrians walking in
front of them at a low speed, which increases conflicts between
pedestrians and reduces the orderliness of the pedestrian sys-
tem. At the low-velocity boundary of about α = 0.70, the or-
der degree of the system reaches a peak, indicating that when
pedestrians follow those whose forward speed is greater than
or equal to about 70% of their own speed and overtake those

whose forward speed is less than 70% of their own speed, the
pedestrian system reaches the most orderly state. This find-
ing may be used as an evacuation instruction for pedestrians
in emergency situations.
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Fig. 18. Influence of low-velocity boundary on lane formation.

5.3. Influence of obstacle on lane formation and system or-
derliness

The influence of obstacle in front of an exit on pedestrian
evacuation and system order has been studied through experi-
ments and simulations.[48,56] In this study, the investigation of
the influence and mechanism of the obstacle layout at the exit
is conducted. The case study setup is shown in Fig. 19. The
ROI is an 8 m×3 m rectangular space. The exit, indicated in
green, is a 0.7-m opening that only allows one person to pass
through and is located in the right center of the area. A square
obstacle with a width of w is placed 1.5 m in front of the exit.
In each simulation run, 100 pedestrians are randomly initiated
in the gray region behind the starting line. Their destinations
are set as the exit. The program stops when the last pedestrian
passes through the exit. The time taken by 100 pedestrians to
pass through the exit is recorded as the egress time. Pedestrian
flow simulations are recorded and analyzed for the cases with
different obstacle widths to study how obstacles affect pedes-
trian motion. In addition, a case without an obstacle is also
considered for comparison.

d=1.5 m 

w

8 m

0.5 m

Start line

Pedestrian 
initiation
region

Exit3 m 0.7 m

Fig. 19. Illustration of obstacle layout.

The average flow rate,[58] which is a useful method of
characterizing the traffic efficiency under a specific layout, is
defined as follows:

J =
N

T ·D
, (14)

where J is the average flow rate (in units ped ·m−1 · s−1); N is

the total number of pedestrians, which is 100 in this case; T is

the egress time, measured in seconds in unit (s); D is the width

of the exit, measured in units of meter (m). A higher average

flow rate represents a higher flow capacity and efficiency. To
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study how the width of the obstacle at the exit affects pedes-
trian flow efficiency, the average flow rate of 100 pedestrians
passing through the exit under different obstacle widths is ob-
tained through simulation, and the results are shown in Fig. 20.
The empty diamonds represent the simulation results; the red
dashed line refers to the average flow rate in the case without
an obstacle. It is found that compared with no obstacle, an ob-
stacle with a small width reduces the egress time and improves
the flow rate. The flow rate reaches its highest value when the
obstacle width is about 0.8 m–1.0 m. These findings suggest
that the obstacles existing under certain layouts may improve
the flow efficiency to some extent. When the obstacle width is
greater than 1 m, the negative effect of blocking is dominant
in influencing the pedestrian flow, resulting in a sharp decrease
of the pedestrian flow efficiency.
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Fig. 20. Relation between egress time and obstacle width.

To further investigate the effect of obstacles on pedestrian
flow efficiency, pedestrian trajectories are analyzed, and the
order degree, to which the lane formation rate is combined
with its differential, is used to quantitatively measure the or-
derliness of the pedestrian system and analyze the effect of
obstacles on the pedestrian flow pattern.

In the case without an obstacle (see Fig. 21), pedestrians
first form six lanes through self-organizing movement. How-
ever, as they approach x = 6 m, where the narrow exit requires
the six pedestrian lanes to aggregate into one lane to pass
through, the pedestrian system is disturbed, and pedestrians
begin to rearrange their positions in front of the exit. This can
be observed in the messy trajectories in Fig. 21(a). To adapt
to the narrow exit, a crowd gradually gathers. Thus, from the
perspective of pedestrian distribution, the increase of position
concentration degree leads the value of η to increase as shown
in Fig. 21(b). However, |ηx| reflects the lateral interactions and
conflicts in the gathering process as shown in Fig. 21(c). The
system order degree, defined as ω = η · e−|ηx|, also decreases
as shown in Fig. 21(d). When pedestrians are very close to the
exit, they cluster to form one lane, resulting in a sharp drop in
the system order degree. This is consistent with what we expe-
rienced: when we are close to the exit, the pedestrian system’s

orderliness decreases significantly. While passing through the
narrow exit, pedestrians form a steady lane, and the degree of
system order increases to a value close to 1.

(a)

(b)

(c)

(d)

x=6 m 

0 2 4 6 8 10

0

1.0

2.0

3.0

Lane 1 Lane 2 Lane 3 Lane 4 Lane 5 Lane 6

0 2 4 6 8 10

0 2 4 6 8 10

0 2 4 6 8 10
x

0.985

0.980

0.975

0.970

0.965

0.960L
a
n
e 

fo
rm

a
ti
o
n

ra
te

D
if
fe

re
n
ti
a
l 
o
f 

la
n
e 

fo
rm

a
ti
o
n
 r

a
te

0.10

0.08

0.06

0.04

0.02

0

0.100

0.975

0.950

0.925

0.900

0.875

D
eg

re
e 

o
f 

sy
st

em
 o

rd
er

Fig. 21. (a) Pedestrian lane division with no obstacles. (b) Lane-formation
rate along x, η . (c) Absolute value of differential of lane-formation rate
along x, |ηx|. (d) Order degree of pedestrian system, ω = η e−|ηx |.

Compared with the case without any obstacle, the pres-
ence of an obstacle can affect the lane-formation state and
orderliness of the pedestrian system. Simulation results un-
der different obstacle widths as shown in Fig. 22 reveal that
changes in the system order degree ω occur, corresponding to
the layout changes in the path. It is observed that three po-
sitions with sudden changes related to obstacle occur in the
path.

(i) At exit
The most evident change occurs at the narrow exit, where

all cases exhibit a sharp decrease in ω , followed by a rapid
increase to a higher level, close to 1. This is a process of reor-
ganization in front of the exit. Subsequently, pedestrians form
one lane to pass through the exit, resulting in the most ordered
state.

(ii) In front of obstacle
The obstacle causes a sudden change in the system order

degree in the region in front of the obstacle. Due to the space
occupied by the obstacle, the path cross-section that allows
pedestrians to pass through is narrow, and the crowd is forced
to gather as shown in Fig. 22. The order degree ω in the ob-
stacle region reaches a relatively stable and high value. The
effect of lane reorganization spreads from the obstacle to up-
stream and downstream. In the upstream direction, ω begins
to fluctuate in front of the obstacle, indicating that pedestrians
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who are well arranged in lanes are forced to change their di-
rections and leave their original lanes in advance to bypass the
obstacle. When w = 0.4 m, the pedestrian order degree begins
to fluctuate at x = 5.8 m, and when w = 1.6 m, the pedestrian
order degree starts to fluctuate at x = 4.9 m. This suggests that
the influence area of the obstacle expands with the increase of
obstacle width.

(iii) Between obstacle and exit
Another rapid and chaotic change occurs in the region be-

tween the obstacle and the exit as indicated by the red dotted
line in Fig. 22. This region is influenced by the coupling effect
of the obstacle and exit, and the system state and order degree
change according to more complicated rules.

i) In the case without any obstacle (w = 0 m), significant
fluctuations in order degree still occur, indicating that the up-
stream influence of the exit affects the movement of the pedes-
trian system. However, when a small obstacle exists, for in-
stance, w = 0.4 m or 0.8 m, the fluctuation of ω is obviously
smaller than in the case without any obstacle. This indicates
that the presence of an obstacle can to some extent regulate
and guide the pedestrian flow to mitigate the influence of the
exit.

ii) The optimal mitigation of the negative influence of the
exit on the pedestrian system order occurs when the obsta-

cle width is between 0.8 m and 1.0 m. By combining the
pedestrian trajectories, it can be observed that in these two
cases (see Figs. 22(c) and 22(d)) the positive effect of guid-
ance, caused by the obstacle, helps the region downstream of
the obstacle connect smoothly with that upstream of the exit,
which helps the pedestrian system maintain its order with a
good lane-formation state. This is also demonstrated by the
curve of ω in Fig. 22, where the curve in the red dotted circle
refers to a smooth transition without a sudden decrease. In this
case, the positive guidance effect of the obstacle is greater than
its negative effect of blocking the pedestrian path, resulting in
a higher pedestrian egress efficiency.

iii) However, when the obstacle width further increases,
the distribution of pedestrians from downstream of the obsta-
cle to upstream of the exit evolves into a large-span separa-
tion and convergence. The smooth connection of the obstacle
downstream and exit upstream is destroyed, resulting in a sud-
den decrease in ω denoted by the red dotted circle. The fluctu-
ation magnitude quickly increases to a level greater than that
in the case without any obstacle as illustrated in Figs. 22(e)
and 21(f). This indicates that the blocking effect of the obsta-
cle exceeds the guidance effect. The obstacle blocking effect
and exit effect are combined, thus causing the order degree of
system to further decrease.
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Fig. 22. Illustration of pedestrian lane formation and system order degree.

From the above analyses, it is clear that the order degree

of the pedestrian flow in the region between the obstacle and

exit is a factor that significantly influences the egress time and

flow efficiency. Obstacles can trigger off both a guiding ef-

fect and a blocking effect. An appropriate obstacle layout can

guide the pedestrian flow to promote lane formation and im-
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prove the system order degree. These findings may inspire the
design of inevitable obstacles at exits, such as notice boards or
information desks, to improve the pedestrian flow efficiency.

6. Conclusions and perspectives
Early studies have highlighted the importance of follow-

ing behavior and overtaking behavior in lane formation. How-
ever, these two behaviors are usually considered separately in
the social force model, and the research on the quantitative
analysis of their influence on pedestrian movement is still lack-
ing. To better study pedestrian lane formation phenomenon,
we propose a microscopic model that combines the follow-
ing behavior and the overtaking behavior and simulates the
crowd movement. We further provide a quantitative measure
for studying the pedestrian system orderliness. By considering
the view angle, low-velocity tolerance, and right-hand prefer-
ence in the pedestrian movement model and incorporating the
lane-formation rate as a measure of lane-formation complete-
ness and system order index, we investigate the influence of
following behavior and overtaking behavior on lane formation
in bi-directional flow from a microscopic perspective.

The study results indicate that the following behavior sig-
nificantly affects the lane formation. The stronger the follow-
ing behavior, the higher the lane-formation rate is and the more
orderly the system. However, even without any following be-
havior, a certain degree of lane formation still occurs due to
avoidance behavior.

Another important factor influencing the lane formation
is the tolerance of the pedestrians to the low velocity of pedes-
trians walking ahead of them. The results demonstrate that not
all following behaviors lead to more orderly system. Blindly
following others reduces the system’s order because the pedes-
trians are negatively affected by those with low walking effi-
ciency. However, pedestrians with high low-velocity bound-
aries, also known as more aggressive walkers, also reduce
the system’s order. In our simulation, when the low-velocity
boundary is set to 70% of a pedestrian’s own speed, the sys-
tem reaches the highest-order index. This suggests that under
emergency circumstances, people are neither advised to follow
others blindly nor rush ahead aggressively. An appropriate de-
gree of acceptance of a low speed can help maintain the system
in a well-ordered state as well as improve traffic efficiency.

We also study the influence of obstacles and geometri-
cal layout on pedestrian movement. The proposed order de-
gree based on the information entropy can reflect the lane-
formation state and the overlapping or reorganization of pedes-
trian lanes, which is used to quantify the influence of obstacles
on pedestrian movement. The results reveal that the obstacles
and environment layout can affect the lane formation of pedes-

trian systems. When the obstacle width is small, the obstacle
causes a minor disturbance in pedestrian lane. The presence of
obstacles can even guide the pedestrian flow to improve egress
efficiency. However, when the obstacle width is large, pedes-
trian lanes begin to overlap and merge with each other, causing
the system’s order degree to decrease sharply. This, along with
the reduction in walking space, deteriorates the order of the
pedestrian system, leadingthe egress efficiency to decrease.

The model and quantitative measure proposed in this
study are of general significance in the dynamic study of
pedestrian traffic flow. In future studies, the heterogeneity of
pedestrian attribute should be considered. For different types
of pedestrians, such as the youth and elderly, parameters such
as pedestrian radius, low-velocity boundary, and following ac-
celeration coefficient can be assigned to different values for
different pedestrian particles. A more complex environment
layout as well as interactions between pedestrians and obsta-
cles can also be taken into consideration. It may be possible to
develop a model to reproduce other pedestrian self-organizing
movements so as to better understand how the microscopic
mechanism of pedestrian interaction results in macroscopic
self-organizing pedestrian movement. Additionally, the pa-
rameters under the present model framework can also be mod-
ified to simulate other traffic participants such as vehicles. The
human-human and human-vehicle interactions will be studied
in a more complex traffic system in the future.
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(IVT), ETH Zürich) p. 45

[57] Cao S, Seyfried A, Zhang J, Holl S and Song W 2017 J. Stat. Mech.
2017 033404

[58] Haghani M and Sarvi M 2019 Phys. Lett. A 383 110

020505-17

https://doi.org/10.1016/j.trc.2013.02.005
https://doi.org/10.1016/j.trc.2013.02.005
https://doi.org/10.1016/j.trc.2019.12.017
https://doi.org/10.1016/j.trc.2019.12.017
https://doi.org/10.1016/j.trc.2017.04.009
https://doi.org/10.1016/j.trc.2017.04.009
https://doi.org/10.1016/j.physa.2007.10.001
https://doi.org/10.1016/S0191-2615(99)00052-1
https://doi.org/10.1016/S0191-2615(99)00052-1
https://doi.org/10.1016/j.trc.2010.01.005
https://doi.org/10.1016/j.trc.2010.01.005
https://doi.org/10.1016/j.physa.2015.03.020
https://doi.org/10.1016/j.physa.2019.03.032
https://doi.org/10.1287/opre.9.4.545
https://doi.org/10.1287/opre.9.4.545
https://doi.org/10.1016/j.trc.2014.01.007
https://doi.org/10.1016/j.trc.2014.01.007
https://doi.org/10.1038/35035023
https://doi.org/10.1631/FITEE.1601592
https://doi.org/10.1631/FITEE.1601592
https://doi.org/10.1007/s12205-016-0741-9
https://doi.org/10.1007/s12205-016-0741-9
https://doi.org/10.1016/j.physa.2020.124149
https://doi.org/10.1016/j.ssci.2011.12.020
https://doi.org/10.1016/j.physleta.2018.08.024
https://doi.org/10.1080/01441647.2017.1396265
https://doi.org/10.1080/01441647.2017.1396265
https://doi.org/10.1016/j.physa.2015.04.008
http://dx.doi.org/10.1088/1742-5468/2012/02/p02002
http://dx.doi.org/10.1088/1742-5468/2012/02/p02002
https://doi.org/10.1088/1367-2630/1/1/313
https://doi.org/10.1103/PhysRevE.85.066128
https://doi.org/10.1103/PhysRevE.75.051402
https://doi.org/10.1016/j.physa.2020.125655
https://doi.org/10.1016/j.physa.2020.125655
https://doi.org/10.1016/j.patcog.2011.11.023
https://doi.org/10.1103/PhysRevE.51.4282
https://doi.org/10.1016/j.physa.2008.01.107
https://doi.org/10.1016/j.trc.2017.10.009
https://doi.org/10.1016/j.trc.2017.10.009
https://doi.org/10.1016/j.trc.2013.12.007
https://doi.org/10.1016/j.trc.2013.12.007
http://dx.doi.org/10.1088/1742-5468/2005/10/P10002
http://dx.doi.org/10.1088/1742-5468/2005/10/P10002
https://doi.org/10.1016/j.trc.2014.03.009
https://doi.org/10.1016/j.trc.2014.03.009
https://doi.org/10.1016/j.trc.2019.10.013
https://doi.org/10.1016/j.trc.2019.10.013
https://doi.org/10.1016/j.physa.2015.01.057
https://doi.org/10.1016/j.physa.2017.02.004
https://doi.org/10.1088/1742-5468/aa620d
https://doi.org/10.1088/1742-5468/aa620d
https://doi.org/10.1016/j.physleta.2018.10.029

	1. Introduction
	2. Model
	2.1. Generic pedestrian flow model
	2.2. Following behavior model 
	2.2.1. Perception area
	2.2.2. Velocity attraction term
	2.2.3. Direction term
	2.2.4. Following attraction

	2.3. Overtaking behavior model
	2.3.1. Space assessment 
	2.3.2. Density term
	2.3.3. Overtaking force

	2.4. Combined following and overtaking behavior model

	3. Measure of pedestrian system order based on information entropy
	4. Model validation
	5. Results and discussion
	5.1. Influence of following behavior on ordering of system
	5.2. Influence of low-velocity boundary on lane formation
	5.3. Influence of obstacle on lane formation and system orderliness

	6. Conclusions and perspectives
	References

