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Lattice gas model is a kind of mature and convenient pedestrian simulation model. ,e original lattice gas model adopts
discontinuous step length and finite moving directions to simulate crowd motion, which will lead to some unreasonable
movements; besides, the transition probability used in this model is often manually designed and lacks the verification of realistic
pedestrian trajectories. Based on an open pedestrian trajectory dataset, we first derived the relationship between local density and
the distribution of pedestrian movements’ length and then proposed an extended lattice gas model considering the statistical
characteristics of pedestrian movements, which extends the concept of transition probability in the original lattice gas model to
distribution of pedestrian movements’ length in two perpendicular directions. ,e proposed model is applied to a scenario which
is the same as the experiments of the open dataset, and the numerical results demonstrate that the proposed model can reproduce
the fundamental diagrams and the transition probability of the experimental dataset well. ,is study is helpful to understand the
statistical characteristics of pedestrian movements and can improve the applicability and accuracy of the lattice gas model.

1. Introduction

,e research studies on pedestrian behaviours can benefit
our perception of the crowd dynamic evolution and improve
the design of pedestrian facilities inside the building and on
the street, such as exits in the room [1, 2], crosswalks at the
intersection [3, 4], and aisles in the metro station [5, 6].
Traditional research studies on pedestrian dynamic mainly
focus on corridors [7–9] and exits [7, 10, 11], as they are the
most common crowd motion scenarios, yet recent research
studies also extended to numerous situations, such as stairs
[12], corner [13], and multiple-angle crossing [14, 15]. Be-
sides, many interesting or critical factors that may have an
effect on crowd motion, for instance, background music
[16], visibility [17], disabled people [18, 19], and artificial
attack [20], are also be investigated. Some research studies
use experimental data collected by cameras to understand
the pedestrian behaviours [13, 15–17, 21–25], while others
adopt microscopic simulation models to reproduce the

movements of the crowd [1, 7, 8, 26–28]. ,e existing mi-
croscopic pedestrian flow simulation models can be divided
into two categories, force-based models and rule-based
models.

Force-based models use the force concept in Newtonian
mechanics to explain the behaviour of a moving pedestrian,
such as social force model [7] and centrifugal force model
[26]. ,ese force-based models can denote the interaction
between a pedestrian and other traffic participants and are
successfully applied to mimic the pedestrian movements in
numerous situation, e.g., crosswalk, canteen, and deck
[3, 4, 29, 30], but force-based models require high com-
putational power to determine pedestrian position. Mean-
while, some psychological parameters used in these models
are relatively difficult to calibrate. Rule-based models use
particles to represent pedestrians and set several rules to
guide particles to move in a system. ,e most typical
rule-based model is the cellular automaton model. Blue and
Alder used the cellular automation model with a small rule

Hindawi
Mathematical Problems in Engineering
Volume 2020, Article ID 7483210, 11 pages
https://doi.org/10.1155/2020/7483210

mailto:wangwei_transtar@163.com
https://orcid.org/0000-0002-8965-4347
https://orcid.org/0000-0002-8494-4281
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2020/7483210


set to simulate pedestrian flow in several conditions and
reproduced the microscopic pedestrian movements and
macroscopic activities [9, 27, 31]. ,en, numerous studies
improved Blue and Alder’s model to make it suitable for
simulating herding effect [10], group behaviour [2], clogging
[32], etc. ,e lattice gas model (LGM) is a popular modified
version of the cellular automata model. Due to its conve-
nience in programming and high efficiency, LGM has
attracted extensive research studies after it was proposed by
Muramatsu in 1999 [8]. Recently, some LGMs have tried to
redefine the shape of the grid to obtain better pedestrian
simulation results. To study pedestrian dynamic under a
high density, Ji proposed a triangular grid model with an
area of 0.125m2 and 14 potential next step positions [33].
Qiu et al. applied square and triangular LGM on Y-shaped
channel and studied the relationship between merging flow
density and channel width and angle [6]. Others try to
incorporate more factors to LGM. Tu and Zhou introduced
memory effect to LGM for simulate bidirectional pedestrian
flow and found that length of pedestrian’s memory can cause
instability and jam to the flow [34]. Miyagawa and Ichinose
assumed an evacuee will occupy 2 adjacent grids and the
pedestrian’s turning behaviour can be described [35]. Ding
et al. studied the transition probabilities under intersecting
pedestrian flow on the 2D lattice with the parallel update rule
[36].

As shown in Figure 1, the original LGM uses biased
random walkers to mimic pedestrian behaviour and a pe-
destrian will move to the left, right, or forward lattice in the
next step, or keep stationary, by a given transition proba-
bility. ,e probability depends on the strength of drift (D),
which is usually a giving value between [0, 1].,ere are eight
configurations of a particle and the transition probability is
Px �D+ (1−D)/3, Py � (1−D)/3, and P−y � (1−D)/3 for
configuration (a), Px �D+ (1−D)/2 and Py � (1−D)/2 for
configuration (b), Px �D+ (1−D)/2 and P−y � (1−D)/2 for
configuration (c), Py � 1/2 and P−y � 1/2 for configuration
(d), Px � 1 for configuration (e), Py � 1 for configuration (f),
Py � 1 for configuration (g), and Px � Py � P−y � 0 for con-
figuration (h).

However, the original LGM is somewhat different from
the real pedestrian movements in some aspects. Figure 2
illustrates a right walking pedestrian and the potential po-
sitions that he/she might move to in the next step. From the
comparison between Figures 1 and 2, it can be found that,
firstly, a pedestrian can only move in 3 fixed directions in the
original LGM, namely, right, left, and forward. However, in
reality, pedestrian’s directions are usually not straight, they
often move in a skewed direction. Some recent studies have
extended the LGM to 8 or more directions and thus have a
better simulation result, yet in these models pedestrian’s
directions are still limited in a finite set [1, 37, 38]. Secondly,
most of the previous LGMs set the length of pedestrian step
to a fixed value, e.g., 0.4m, which neglects the diversity of
pedestrian step size. ,is will also lead to some unreasonable
movements, such as that pedestrians would prefer to stay
stationary when they would collide with others, but in
practice they will choose a shorter step [5]. Finer grids or
more discrete pedestrian step size can improve the

simulation result while these models still lead to the dis-
continuous pedestrian movements [5, 28, 32]. Furthermore,
in many previous LGMs, the transition probability to each
direction and different distances is always manually
designed, which lacks the verification of realistic pedestrian
trajectories [39]. For a scenario shown in Figure 3, we
discretize the space into many 0.4× 0.4m2 grids. It can be
seen that most pedestrian’s positions are always disordered,
namely, they are not keep in align as shown in the original
LGM. Two right walking pedestrians who face with different
levels of crowding are shown in the left part of the figure,
with their positions of the next step marked in orange. ,e
upper one’s surrounding area is more crowded than the
lower, so the upper one will have a shorter step length.
Besides, it can be seen that askew moving directions can be
more realistic. So, the direct use of the original LGM will
bring some limitations to pedestrian dynamics.

In this study, firstly, we divided the two-dimensional
pedestrian movements into two perpendicular directions,
one isX direction which indicates the pedestrian movements
in forward or backward and the other is Y direction which
describes movements in left or right. Next, we introduced
the concept of local density, which can successfully describe
the spatial occupancy of a small area around a pedestrian,
and based on this we derived the relationship between local
density and pedestrian movements. An open dataset that
contains a series of unidirectional pedestrian flow experi-
ments is used here for supporting our analysis [40]. ,e
fitting result shows that there are some statistical rules
between pedestrian movements and local density, and then
we proposed an extended LGM for simulating pedestrian
movements using statistical methods. ,e model incorpo-
rates these statistical rules, and the transition probability in
LGM is extended from a giving drift strength D to proba-
bility density functions (PDF) of two-directional movements
(Figure 4). ,e fundamental diagrams show that the pro-
posed model can fit the numerical result of the original data
well, and the transition probability figures imply that the
model can reproduce the continuous step, unlimited
heading direction, and reasonable transition probability.

,e rest of the paper is arranged as follows. Section 2
introduces the experimental setup of the open dataset and
then derives the distributions of pedestrian movements in
two perpendicular dimensions. Section 3 describes the ex-
tended lattice gas model and Section 4 shows the simulation
results of pedestrian flow. In the Section 5, we conclude the
paper with a summary and a proposal for the next work.

2. Analysis of Pedestrian Movements’
Statistical Characteristics

2.1.Data Source andExperimental Setup. ,e open dataset is
collected from experiments carried in Düsseldorf, Germany
[15, 23, 40]. ,ese experiments are part of project BaSiGo
(Bausteine für die Sicherheit von Großveranstaltungen).
,ere were 1986 participants who joined BaSiGo and most
of them were college students. Since our focus is the uni-
directional pedestrian movements in a corridor, the data
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extracted from unidirectional flow experiment (BaSi-
Go_UO) were analysed.

Figure 5 shows the layout of pedestrian flow experiments.
In the experiments, pedestrians are gathering in the waiting
area at the beginning of experiment, and then they enter the
16m long and Wcor � 5m wide corridor. After a pedestrian
traverses the corridor, he/she is instructed to walk outside the
experiment area and return to the waiting area for the next
run. ,e width of doors in the entrance and exit of the
corridor is Win and Wout, respectively. In each run, the global
density of pedestrians in the corridor can be controlled by
changing the width of these two doors. ,ere are six runs in
the experiment and the main differences among these runs
are the number of participants (N) and the width of doors.
,e tag and some geometric information of each run are
shown in Table 1. Cameras on the top of the experiment areas
capture the motion of crowd, and pedestrians’ trajectories are

extracted from these videos. ,e pedestrians’ trajectories
within the blue square, which is located in the most central
part of the corridor, were brought out for studying.,e length
and width of this square are both 5m. Taking into account the
computational efficiency and the accuracy of the model, we
set the time step as 0.5 s in the following parts.
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Figure 1: Configurations of the original LGM.
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2.2. Local Density CalculationMethod. When a pedestrian is
passing through a corridor or evacuating from a room, his/
her movement is usually influenced by some nearby pe-
destrians rather than the whole crowd, and it is obvious that
the closer pedestrian will have a bigger influence on the
subject. ,erefore, the concept of local density is introduced
here and tested whether it could be used to denote the
statistical characteristics of pedestrian movements.

Local density is a common concept used in crowd re-
search studies, which describes the spatial occupancy of a
small area around the pedestrian [4, 22, 41]. In a crowd,
global density usually can successfully demonstrate the
aggregation of pedestrians in the whole room or corridor,
but the movements of a particular pedestrian are more likely
to be affected by those pedestrians who are closer to him/her.
In fact, if we go back to Figure 1, we can find that, in the
original LGM, a pedestrian’s movement in the next step is
determined by the nearest three lattices, and this can be seen
as a simplified version of the local density concept. Here, we
adopted the method proposed by Helbing et al. [22] for
calculation. Local density at a particular place r

→
� (x, y)

and time t can be calculated by

ρ( r
→

, t) �
1
S


j

exp
− r

→
j(t) − r

→
�����

�����
2

R2 , (1)

where S is the surrounding area that local density calculation
method would cover and r

→
j(t) is the position of pedestrian j

who is inside the surrounding area of r
→. In this study, we

assumed that a pedestrian will consider all others within his/
her visual field, so S is denoted by the front visual area.
Usually S is a semicircle with the radius of measurement
parameter R; thus, the area of S is 0.5πR2. However, if a
pedestrian is close to the boundary, his/her front visual area
will penetrate the wall of corridor, and S should be a smaller

value. ,e calculation method used here ignores the part of
the surrounding area that crosses the boundary. Specifically,
in Figure 6, two yellow areas show the method to determine
the surrounding area.,e left one indicates a pedestrian who
is located at the middle part of the corridor while the right
one shows a pedestrian who is near the boundary. ,e left
one’s surrounding area is the whole semicircle, and the left
one’s surrounding area should be the semicircle within the
corridor.

2.3. Relationship between Local Density and Length of
Movements. We used the above method to calculate the
local density ρl for each pedestrian at each step and obtain
the moving distance in vertical (x) and lateral (y) direction in
this step. Since the original dataset contains 6 experiments,
we got 6 independent subdatasets whose format are all [ρl, x,
y]. In each experiment, the number of participants and the
duration of the experiment vary from each other, so the size
of each subdataset is different. In order to avoid statistical
error caused by one particular subdataset, we randomly
selected 500 items of data from each subdataset to create a
new dataset.

In the new dataset, it is observed that ρl ranges from 0 to
2.2 ped/m2. At a given local density, the length of pedestrian
movements in each direction has some randomness, but
from the statistical view, they may follow a certain distri-
bution. So, according to ρl the combined dataset is divided
into 11 groups with interval of 0.2 ped/m2, which means that
the ith group contains the data with ρl range in [0.2·(i−1),
0.2·i)]. In each group, we assumed that the length of
movements obey a distribution which is corresponding to
the average local density of this group. Figures 7(a) and 7(c)
show that the frequency distribution histograms of these
movements could be fitted with a bell-curve, and in order to
make the model simple and practical, normal distribution is
employed to denote the dispersion of movements. ,e
probability density function of normal distribution and
parameters used here are shown below:

f(x) �
1

����

2πβ2
 exp −

(x − μ)2

2β2
 , (2)

where μ, location parameter, represents the average moving
distance in a step and β: scale parameter, represents the
discreteness of moving distance in a step.

Maximum likelihood estimation (MLE) method is a
dominant way for finding the best parameters of an assumed
distribution which can fit the observed data better. In the
following part, MLE is applied to figure out the location and
scale parameter of each group of movements.

Figures 7(a) and 7(b) show the frequency of movements
distance and the fitted parameters in X direction, respec-
tively. In Figure 7(a), we choose the two groups of data
which the average ρl equals 0.09 and 1.50 ped/m2 to dem-
onstrate the distribution of movements distance at different
local densities. It can be found that compared to low local
density condition, the length of movements at high local
density condition is closer to the origin point. In terms of the
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Figure 5: Layout of pedestrian flow experiment.

Table 1: Tags and geometric information of experiments.

BaSiGo_UO Tag Win (m) Wout (m) N

Unidirectional
flow

uni_corr_500_1 1 5 148
uni_corr_500_3 3 5 916
uni_corr_500_4 4 5 909
uni_corr_500_5 5 5 905
uni_corr_500_6 5 4 913
uni_corr_500_7 5 3 914
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discreteness of movements, the red histograms are more
dispersive than grey histograms, which implies that pe-
destrian movements in ρl � 1.50 ped/m2 are more short and
centralized than movements in ρl � 0.09 ped/m2.

Figure 7(b) shows the fitted parameters at different local
densities. ,e olive dots are the location parameters and
orange dots are scale parameters. Fitted location parameters
decline with the increase of local density, which indicates

that pedestrian’s moving strength is limited by the crowded
surrounding environment. ,e R-square shows that expo-
nential regression is suitable for denoting the relationship
between location parameters and local density, and this also
indicates that there is a good response relationship between
them. ,e fitted scale parameters rise first and then decrease
with the rise of local density, which shows that when the
surrounding area is relatively empty, the pedestrian step in X

Figure 6: Sketch map of the front visual area.
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Figure 7: Fitted results of movements. (a) Movements in X direction. (b) Fitted parameters of X direction. (c) Movements in Y direction.
(d) Fitted parameters of Y direction.
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direction will centre in their maximum step size. And as the
local density increase, the movements of pedestrian will
become more discrete. When the local density reaches a
relatively high state, the scale parameters decrease obviously,
which can be a result of that the pedestrian’s step size is all
forced to keep in a limited small section. ,erefore, we use a
polynomial-like function to fit this first-rise-and-then-fall
parameter.

In X direction, pedestrian movements can be seen as
subjecting to a normal distribution with the following
parameters:

μ � 81.5 · exp −0.82 · ρl( ,

R
2

� 0.99,
(3)

β � −15.9 · ρl + 18.9 · ρ0.5
l + 8.3,

R
2

� 0.92.
(4)

Figure 7(c) shows the distribution of movements in Y
direction when the average ρl equals 0.09 and 1.50 ped/m2.
Both the red histograms and grey histograms can be
regarded as symmetric distributed about the axis x� 0,
which indicates that the pedestrians have no preference to
move to the left or right in this direction. In the aspect of
discreteness, the red histograms are slightly more aggregated
than the grey histograms, which show that the lateral dis-
persion effect in this direction is more obvious in higher
local density condition.

Figure 7(d) is the fitted location and scale parameters in
Y direction. It shows that the mean length of movements
always fluctuates around 0, which is in accordance with what
we observed in the videos that pedestrian has no lateral
tendency. And the scale parameters have a slightly linear
increase with the rising of local density, which means that
the rising of local density will lead to a heavier vibration on
pedestrian’s lateral movements.

In Y direction, pedestrian movements can be seen as
subjecting to a normal distribution with the following
parameters:

μ � 0, (5)

β � 1.2 · ρl + 6.2,

R
2

� 0.78.
(6)

3. Model Formulation

Compared to the original LGM, the proposed model in-
corporates the statistical method to determine unidirectional
crowd motion. ,e main modelling concept is that the
pedestrian movements will follow some statistical rules. Our
proposed model consists of two stages.,e upper stage is the
perceptional stage, where a pedestrian will calculate the local
density of current position and receive two distributions.
,e lower stage is the operational stage, where a pedestrian
will choose next step position based on other pedestrians’
position, the boundary of corridor, and the confirmed
distributions.

In the perceptional stage, pedestrians will scan the
surrounding area and then apply the method in Section 2.2
to get the local density ρl of current position. ,en, ac-
companied with functions of local density and distribution’
parameters (equations (3)–(6)), the pedestrian will have
two PDFs that describe the movements in X and Y
direction.

In the operational stage, the model’s main task is to
generate a vector l � (lx, ly) for the pedestrian to move.
,e lx and ly are random variates which follow the
confirmed distribution in X and Y direction, respectively.
Yet, in this process, if the pedestrian directly adopts the
random vector l, he/she may face a problem of collision,
which is usually not acceptable in real scenarios. In the
model, there are two types of collision, one is overlapping
with other pedestrians and the other is crossing the
boundary. As shown in Figure 8, the red circle represents
the subject pedestrian and blue circles represent sur-
rounding pedestrians. ,e grey rectangle indicates the
wall. After the model generates a vector, the pedestrian is
going to move by this vector. If the new position will
overlap with others or cross the wall, as shown in Figure 8
by dash arrows and circles, the model will abandon this
vector and regenerate new random vector. If the generated
vector will not lead to any type of collision, the pedestrian
will adopt this vector.

To solve the problem of collision, we introduced a loop in
this stage. ,e model will first enter a loop, which continues
to generate random vectors until one of the following two
conditions is met. One is that the generated vector will not
lead to collision, and the other is that the number of times to
regenerate the vector reaches acceptable trying times (ATT).
Here, the acceptable trying times determine howmany times
the model will generate the vector for a pedestrian in a step.
In the original trajectories, we found that even at a very high
density, the pedestrian will still move by a short length,
rather than keep stationary; or to say, the frequency of
step = (0, 0) is almost nonexistent. We have to conduct some
simulation and it shows that if the ATT is set as a small
value such as 10 or 100, the pedestrians will frequently keep
stationary, and if the value is increased to 1000, the model
will have a much better performance. If the value continues
to increase to 10000 or large, the model will consume lots of
computation power with little considerable improvement.
So, in the model, we set the ATT as a relatively big value as
1000.

Here, the model employs random sequential update rule
to renew pedestrian’s position. Specifically, pedestrian’s
position is updated one by one in a given order at each time
step, and this order is generated randomly at every step.

,e updating of a pedestrian’s position can be realized by
the following steps:

Step 1: obtain local density. Scan all pedestrians within
the surrounding area and calculate the local density ρl.
Step 2: determine the PDF of movement in each di-
rection. Use ρl and equations (3)–(6) to derive the
parameters of distribution in X and Y direction, and
return corresponding PDF.

6 Mathematical Problems in Engineering



Step 3: generate the moving distance.
For i= 1; i≤ATT; i++
{

Generate a vector l= (lx, ly). Here lx and ly are random
variate which follows the distribution of Xdirection
andY direction, respectively.

If l not collides with other pedestrians or crossing
the boundary:

Return l= (lx, ly), and quit the loop;
Else:

Abandon the vector l.
}
If i>ATT:
Return l= (0, 0)

Step 4: update pedestrian’s position. ,e pedestrian
moves along the determined vector l.

,e flow chart below shows the entire procedure (Figure9).

4. Simulation and Results

We conducted a series of simulation using the scenario
shown in Figure 5 to validate the model. ,e length and
width of the corridor is 16m and 5m, respectively. ,e
amount of pedestrians in the model is changed from 5 to 250
by step of 5 to simulate different global densities. In the
simulation, pedestrians were randomly placed in the cor-
ridor before traversing the corridor. Close boundary con-
dition is used here to keep the number of pedestrians in the
model unchanged and the global density constant. In this
model, pedestrians are denoted by a circle with a radius of
0.2m, and the time step is set as 0.5 s, which is the same as in
the previous analysis. ,e duration of each simulation is 500
steps, equals to 250 s.

Figure 10 is a typical snapshot of the simulation. ,e
colorful circles represent pedestrians. From the snapshots, it
can be found that the pedestrian positions are relatively
disordered. Compared with the original LGM that all pe-
destrians have to keep in align, the proposed model is closer
to reality. ,e disordered positions of crowd can be seen as a
result of continuous step length and unlimited heading
directions employed in the proposed model. In order to be
consistent with the experimental setup, the trajectories
within the canter part of the corridor are used for subsequent
analysis, which is denoted in Figure 10 by the blue square.

,e fundamental diagrams are employed to show the
numerical results of the model. In Figure 11(a), the colorful

square dots represent speed-density pairs of experimental
data from the realistic trajectories, the grey circle dots are the
simulated speed-density pairs from the proposed model, and
the four curves represent the speed-density relationships
derived from the original LGMwith a different drift strength
D and time step T. It can be found that the experimental data
are usually more dispersed than those from simulation, and
the simulated speed-density dots from proposedmodel cross
nearly the middle of the experimental dots. Here, based on
the level of global density, we determine three typical
conditions. Condition A represents the low global density
situation with 0.2–0.4 pedestrians per square. Condition B
represents the medium situation with global density among
1.6–1.8 ped/m2 and condition C stands for the high global
density condition where the density is among
2.8–3.0 ped/m2. We chose four typical curves from the
original LGM to illustrate the simulation effect. From the
figure, it shows the speed-density relationships of the original

Figure 8: Pedestrian’s collision avoidance.
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Figure 9: Flow chart of the updating procedure.
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Figure 10: Snapshot of 100 pedestrians at 200th step.
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LGM with D� 0.9, and T� 0.25 s can reflect the pedestrian
behaviour at low global density condition but fails to fit it at
conditions B and C, and if D is declined to 0.2 or D� 0.95 and
T� 0.5 s are used, the fitting result in condition B is acceptable
but there is an obvious deviation in low and high global density
condition. Speed-density relationships at D� 0.3 and T� 0.5 s
can reproduce it at condition C but is not sensitive at con-
ditions A and B. ,erefore, we can believe that the proposed
model can promote the fitness of speed-density relationships of
unidirectional pedestrian movements in the LGM.

Figure 11(b)is flow-density diagram. Since the flow-
density pairs of original LGM vary hugely with the experi-
mental data, we did not show it in the figure. At the low global
density condition of less than 2 pedestrians per square,
the flow increases with the rising of density and reaches
1.2 ped/s/m. ,en, the flow declines with the growth of
density. Compared to the flow-density pairs from experi-
mental data, the simulated pairs are more concentrated. ,is
is because that in realistic walking process all pedestrians are
not totally homogeneous and have some stochastic behav-
iours, but in the LGM all particles are set to obey one identical
rule. Even though, from the similarity of experimental and
simulated data in fundamental diagrams, we can believe that
this model can reappear the general speed-density and flow-
density relationship of realistic pedestrian trajectory.

We also investigated the transition probability of pe-
destrian at different global densities. In the model, local
density is used to determine pedestrian movements, while in
most application scenarios, the engineers or scientists care
more about the global density. ,e potential movement area
is discrete into 8000 1 cm∗ 1 cm girds to show the transition
probability of different points. Figure 12 shows transition
probability derived from realistic pedestrian trajectories and
simulation at different global densities. Here, the three
typical conditions mentioned above are used to analyse the

transition probability. Figure 12(a) is the transition prob-
ability of realistic pedestrian trajectories at condition A and
Figure 12(b) is the result from simulation. In this condition,
the interquartile range (IQR) of realistic pedestrian move-
ments is x ∈ [−4.8, 4.2] and y ∈ [61, 75.7], and the IQR
of simulation is x ∈ [−5.1, 5.1] and y ∈ [62.9. 79.6]. In con-
dition B, the IQR of realistic trajectory is x ∈ [−5.5, 4.8] and
y ∈ [27.4, 43.9] (Figure 12(c)), and the IQR of simulated steps
is x ∈ [−5.1, 5.0] and y ∈ [28.3, 45.8] (Figure 12(d)). As the
global density increased to condition C, the IQR of realistic
trajectory is x ∈ [−5.9, 6.0] and y ∈ [13.8, 21.2] (Figure 12(c)),
and the IQR of simulated steps is x ∈ [−5.5, 5.3] and y ∈ [11.7,
19.3] (Figure 12(d)). Because we used some approximate
calculation and regression method in parameter analysis,
there is a little deviation between transition probability of
realistic trajectories and simulation. However, compared to
the previous models with discontinuous step size, the
proposed model can describe transition probability at any
possible position, rather than limited neat points.

,e Generalized Euclidean Distance (GED) can be used
to evaluate the fitting result. GED between two groups of
transition probability is

GED �

�������������


i

p1,i − p2,i 
2



, (7)

where p1,i is the transition probability of ith grid in group 1
and p2,i is the transition probability of ith grid in group 2;

,e GED of transition probability between realistic and
simulation is 0.042 in condition A, 0.017 in condition B, and
0.031 in condition C. When original LGM with D� 0.9 and
T� 0.25 s is employed for condition A, the GEM is 0.870, and
for condition B, the GEM is 0.456 (when D� 0.2 and
T� 0.25 s) and 0.909 (when D� 0.95 and T� 0.5 s). In
condition C, the GEM is 0.554 when D� 0.3 and T� 0.5 s.
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Figure 11: Fundamental diagrams. (a) Speed-density diagram. (b) Flow-density diagram.
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,e higher GED in the original LGM is because there are just
several finite potential points for pedestrian to move in this
model, yet the relatively low GEM in the proposed model
implies the good applicability of our model.

5. Conclusions

In this study, we proposed an extended LGM for unidi-
rectional pedestrian flow in a corridor. Our work is

motivated by the statistical characteristics of pedestrian
movements and the unreasonable transition probability
caused by discontinuous step length and finite heading
directions in the original LGM.

We used an open dataset to derive the relationship
between pedestrian movements and local density and then
incorporated these rules into the original LGM for deter-
mining pedestrian’s position. By the maximum likelihood
estimation method, we found normal distribution with fitted
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Figure 12: Transition probabilities. (a) Global density� [0.2, 0.4], realistic. (b) Global density� [0.2, 0.4], simulated. (c) Global density�

[1.6, 1.8], realistic. (d) Global density� [1.6, 1.8], simulated. (e) Global density� [2.8, 3.0], realistic. (f ) Global density� [2.8, 3.0], simulated.
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parameters to denote pedestrian’s lateral and vertical
movements. ,e parameters of these distributions can also
be regarded as varying reasonably with local density. ,e
model is applied to a scenario which is the same as the
experimental setup, and the speed-density and flow-density
relationship obtained from the simulations are consistent
with that derived from the experimental trajectories. Besides,
the transition probability to each position at different global
densities in realistic trajectories and simulation shows that
the model can successfully reproduce the statistical char-
acteristics of pedestrian movements.

With the proposed extended LGM, we can simulate
pedestrian movements without fixed step size and direction
and provide pedestrian with a more accurate transition
probability. However, this model just considered the sta-
tistical characteristics of pedestrian’s two-dimensional
movements in a general condition. ,e parameters acquired
in this study are based on the data from BaSiGo, which
focuses on the corridor and the participants are majorly
students. For other scenarios, such as stairs or sidewalks, the
method shown in this study can be applied to calibrate
parameters. In fact, numerous studies have found that many
factors will influence pedestrian’s behaviour, such as group
effect [2, 31], age or gender composition [42], and handi-
capped people [19]. And in bidirectional crowd motion,
pedestrian lateral movements are not as random as unidi-
rectional movements because opposite pedestrians will have
an oppressive effect on their lateral movements. Future
research studies can further study these factors’ influence on
the statistical characteristics of pedestrian movements and
incorporate these to make the model more accurate and
universal.
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