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ABSTRACT The key issue of establishing a pedestrian dynamics model is to select the direction and
magnitude of the pedestrian velocity. In this paper, an improved Markov jump model based on the heuristic
method is proposed to simulate the dynamic behavior of the pedestrians. According to the speed of the
pedestrian, the pace is divided into four states, and the next step of the state is only determined by the current
state and state transitionmatrix. According to the characteristics of decision-making in the pedestrianmotion,
a heuristic method is referenced, which is based on the pedestrian visual field, and the pedestrian will select
the moving direction according to the proposed method. The validity of the model is verified by constantly
modifying the parameters and components, which achieves the fundamental flow-density or velocity-density
diagram and gets the reappearance of the self-organization phenomena, such as ‘‘arching and clogging’’ and
‘‘lane formation.’’ The simulation results show that the fundamental diagrams are qualitatively consistent
with the field data in the cited works.

INDEX TERMS Markov jump model, heuristic method, pedestrian view, pedestrian simulation.

I. INTRODUCTION
The research of predicting the movement of pedestrians is
meaningful in many case. The panic situation analysis is the
one that has motivated the large majority of research activities
in the field [10], [23]. However, it is a specific situation. Not
only the scope of application is small, but also the behavior
of the pedestrian may become non-rational which is a unique
objective to save their own lives [34]. Capturing the behavior
of pedestrians in normal situations is very important.

The presence of collective behavioral patterns from the
interactions among a large number of individuals leads to
the complexity of pedestrian behavior. In order to understand
complex movement characteristics of pedestrians, the impor-
tant work is to construct an appropriate model for capturing
pedestrians’ behaviors. As with vehicular traffic, pedestrian
traffic has been researched mainly from macroscopic and
microscopic approaches. In macroscopic methods, the crowd
is described with fluid-like properties, describing how den-
sity and velocity change over time by using partial differ-
ential equations, including Navier-Stokes or Boltzmann-like
equations [16], [17]. This method observes at medium and
high densities based on some analogies. Even though the
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macroscopic model can describe the overall trend of the
crowd, interaction of the crowd and the detailed behavior of
the individual will be ignored [51]. As a consequence, the key
of current research takes the pedestrian as a set of individual
paradigms. This is microscopic model, where collective phe-
nomena appear from the complicated interactions between
many pedestrians called self-organizing effects. The social
forces model of Helbing is one example of such models,
where an individual is subject to long-ranged forces and his
dynamics conform to the equation of motion. It is similar
to Newtonian mechanics [11], [12], [38], [50]. Although
physics-inspired models are able to reappear some of the
observations pretty well, it is becoming more and more dif-
ficult to obtain the complete range of crowd behaviors in
one single model [29]. The cellular automaton (CA) model is
another example [1], [14], [31], [37]. Under the condition of
the local movement, the pedestrian are modeled with a matrix
of preferences which includes the probabilities for a move-
ment, related to the inclined walking direction and speed,
toward the nearby direction. Schadschneider introduces the
interesting idea of floor field to simulate the long-ranged
forces. In this field, it is modified by pedestrians and in turn
modifies the matrix of preferences, and has its own dynamic
including diffusion and decay in this field [52]. Simulating
interactions between individuals and the geometry of the
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system is simple. However, the settled regularity of a static
discretization of the space and the homogeneity of the rules
is not appropriate to simulate a more flexible situation in cel-
lular automaton model. Except these two models, the micro
models have lattice gas model [21], [28], [40], [42], network-
based model [9], [19], [24], discrete choice model [8], [26]
and so on. These models can reproduce typical pedestrian
behaviors such as faster is slower [11], [12], lane forma-
tion [21], herding behavior [12], self-organization [13], [30],
and capture microscopic and macroscopic characteristics of
pedestrian traffic.

A completely different approach called Markov jump
model [3], [4], [25], [33], [35], [36], [39], [45]–[49], [54],
which can be used to predict the occurrence of the acci-
dents by the pedestrian moving track in vehicle pedestrian
accidents, fully embodies the randomness in the process of
pedestrian movement [43]. In this model, according to the
speed of pedestrians, the pedestrian pace state is divided into
four states including static, walking, jogging and running.
Once a new state has been chosen, new target values for speed
and direction are randomly picked up from two independent
probability distribution. Although many scholars have made
some i8mprovements to the Markov pedestrian model, they
have not solved the inherent defects well [53]. For example,
it can’t adapt to the changeable walking environment, and
show the subjective characteristics of the pedestrian [20].
And these four states cannot reflect the movement of a dense
crowd. 9 Motivated by those observation, we propose a new
Markov jump model based method to establish and verify
the pedestrian dynamics: According to the actual experience,
pedestrians will react according to other objects and the
environment within the field of their view, and the impact
out of view on the pedestrian behavior is very small [2].
Pedestrians will make reasonable decisions based on the cur-
rent environment. Considering the intelligence of the crowd
behavior, vision scope, automatic deceleration and avoidance
mechanism,Moussaidmodified the desired velocity direction
of a dense population in the moving process by introducing
the optimal theory, and proposed a cognitive science approach
based on behavioral heuristics [29], [30]. We can get the
basic principle of the cognitive science approach [6], [7].
To meet our goals, we have made some changes to the heuris-
tic method so that it can improve the defects of the Markov
model.

Pedestrian’s state can be divided into four discrete states
according to the crowd speed, and use this rule to select the
velocity of pedestrian. Moreover, we discretize the pedes-
trian’s vision and combine the heuristic method to select the
moving direction of pedestrian. Based on these, the Markov
random walk model can be constructed. And by simulation
experiments and data collection, the validity of the model can
be verified.

The remainder of this paper is organized as follows: In
Section 2, an improved model of pedestrian behavior, based
on a Markov chain including four-discrete states and behav-
ioral heuristics is described. Section 3 displays the simulation

FIGURE 1. The vision domain of the pedestrian.

and results of the proposed model. Finally, section 4 gives the
conclusion of the work.

II. MODEL DESCRIPTION
The pedestrian model used to study pedestrian dynamics is
described in this section. In our model, each pedestrian i is
characterized by its current position EXi = (xi, yi) and velocity
Evi = (vi, θi). For simplicity, the projection of the pedestrian’s
body on the horizontal plane is represented by the circle of
radius r . Each pedestrian is additionally characterized by his
comfortable walking speed vdes and his or her destination
pointD. Therefore, the most important for capturing pedestri-
ans’ behaviors is to describe walking speed vi and direction θi.
Next, we will describe the direction and magnitude of the
pedestrian’s velocity in the model respectively.

A. THE DIRECTION OF VELOCITY
According to the actual experience, pedestrians will react
according to other objects and the environment within the
field of their view, and the impact out of view on the pedes-
trian behavior is very small [5], [18]. Pedestrians will make
reasonable decisions based on the current environment and
select the destination and the optional path dynamically in
the process of movement, bypass the obstacle ahead and
avoid collision. Based on this characteristic, Moussaid et al
proposed a heuristic mechanical method [29], [30]. However,
there are still some problems such as higher computational
complexity.

In our model, wemake some improvements in this method,
and use it as the selection rules for the direction of the
velocity. Assume that the shape of the pedestrian is round,
the length of pedestrian visual field is l, and H represents the
direction of velocity at current moment, which devised the
current vision domain. The vision field of pedestrian ranges to
the left and the right all byϕ with respect to the line of sightH .
α represents the walking direction in which pedestrians will
walk. Fig.1 is the schematic diagram of a pedestrian vision
domain.

Empirical evidence suggests that pedestrians seek a walk-
ing direction without block, but dislike deviating too much
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from the direct path to their destination [41]. In reality, pedes-
trians adapt their behavior to select the more fluent walking
route to the destination. In order to solve the problem of
this method, the vision of the pedestrian will be divided into
discrete N parts, and the longest distance which can be went
free will be estimated in each direction. The pedestrian can
choose the smallest part deviated from the destination as the
walking direction that taking into account the presence of
obstacles. The minimum value of d(α) under normal walking
situations is given by formula (1) according to Ref [29].

d2i (α) = D2
+ f 2i (α)− 2 · D · fi(α) · cos(α − α0) (1)

In this formula, α represents the angle between the middle
line of the pedestrian in each region and the direction of the
destination, D represents the distance between the pedestrian
and destination. fi(α) represents the maximum length which
pedestrian can walk in this area. By using trigonometric func-
tion formula, we can get the minimum value of di(α). And
at this point pedestrian i will walk along the direction of α.
If the distance between the pedestrian and the destination
is less than l, the distance between this pedestrian and the
destination is regarded as the length of the pedestrian’s visual
field.

There are two special cases, causing unintentional move-
ments that are not determined by the above heuristic method:

(1) In case of the destination is not in the scope of the
pedestrian’s view, the pedestrian will not be able to perceive
its location. And he will select a nearest position to the target
point in the field of view as a temporary target point.

(2) In case of overcrowding, physical interactions between
bodies may occur. Indeed, at extreme densities, it is necessary
to distinguish between the intentional avoidance behavior
of pedestrians adapting their motion according to perceived
visual cues and unintentional movements resulting from
interaction forces caused by collision with other bodies.
Under these circumstances, the pedestrian will move along
the angle bisector of the pedestrian-to-target line and reverse
extension line which along the two pedestrians centers.
As shown in Fig.2, two solid lines with arrows represents
the direction in which pedestrian i and pedestrian j will walk
respectively when they contacted each other physically. And
pedestrian j is the nearest to pedestrian i. The angle relation-
ship as shown in formula (2).

α1 = α2 (2)

B. THE MAGNITUDE OF VELOCITY
In addition to the direction of the velocity, another important
factor in walking process of the pedestrian is the magnitude
of the velocity. The four state in Ref [43] are not suitable
for describing pedestrian movement in crowd. In the model
built in this paper, we will combine it and real pedestrian’s
behavior to select the walking speed vi.
Based on the empirical observation of the crowd, pedes-

trian pace state Si is divided into four discrete states including
S1, S2, S3 and S4, representing static, walking, jogging and

FIGURE 2. The changes of pedestrians’ direction in physical collision.

FIGURE 3. Pedestrian state transition diagram.

running states. For each pace, there is a set of possible speeds
and changes of direction. The pedestrian will continue for a
period of time called step time τ in each state. According to
the current state and the state transition matrix, the pedestrian
will decide the state of the next moment, and its basic idea is
that the action of the pedestrian is only related to its recent
behavior.

In the process of pedestrian movement, the change of the
pace state can be expressed in Fig.3. The arrow indicates
that the pedestrian can be changed from one state to another
state directly, and two states which have no arrow connection
between them cannot be converted directly, but the transi-
tion can be accomplished through the intermediate state. For
example, S1 cannot be converted to S3 and S4 directly, it needs
S2 as an intermediate state. Under normal circumstances, S1
and S2 can be converted to each other, S2 and S3 can be
converted to each other, S3 and S4 can be also converted
to each other. However, in some larger population density
and the environment more complex cases, there are some
transitions between states will be limited.

Each state corresponds to a velocity interval. Through the
observation of the crowd movement, and compare with the
experience data, we can describe the speed distribution in
Tab 1. In formula (3), P is the transition probability matrix,
and physical meaning of Pij represents the transition prob-
abilities from state i to state j. The sum of the probability
accumulation in each line is 1. If the current state of the
pedestrian is the same with the previous state, we will keep
the speed value of the previous state. Once the state changed,
a speed value randomly in the corresponding interval of the
speed range combing with the truncated Gauss function after
determining the state will be selected [22]. The truncated
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TABLE 1. Correspondence between state and velocity.

Gaussian function is shown in formula (4), the truncated place
said the value range of the speed corresponding to each state,
the pedestrian will randomly select a speed value according
to the probability density within the scope of this value range
after selecting state. Where η is a compensation constant,
which makes the value of CDF (Cumulative Distribution
Function) be 1 in the point that the speed is maximize. vavg
is the average value of the speed range corresponding to each
state. σ is the standard deviation of Gaussian function.

P =


P11 P12 P13 P14
P21 P22 P23 P24
P31 P32 P33 P34
P41 P42 P43 P44

 (3)

f (v) = η ·
1

√
2π · σ

· e−
(v−vavg)2

2·σ2 (4)

In order to avoid contact and collision, the pedestrian will
slow down andmaintain a certain distancewhen he facedwith
the nearest obstacle in the current direction [41]. The change
in walking step size vi under normal walking situations is
given by formula (5).

vi = min(vm, veds,
d
τ
) (5)

where vm represents the speed value selected by the pedes-
trian state and the truncated Gaussian function and veds is
the desired speed. d represents the longest distance which the
pedestrian canwalk in current direction, and τ is the step time.
We choose the minimum of these three speeds to ensure that
pedestrians do not collide with other pedestrians or obstacles
during movement.

C. MOVEMENT STEPS
Under these rules, the steps of the pedestrian walk path are
follows.

(1) The initial state S and the initial position EXi = (xi, yi)
of the pedestrian are selected;

(2) Every step time τ , based on current state and the
state transition matrix, pedestrian state will have a transition.
Then according to the truncated Gaussian function and the
collision avoidance rules, the pedestrianwill choose the speed
of movement vi. According to the rules of heuristic method,
the pedestrian will select its movement direction θi and con-
tinue to move;

(3) Repeat step (2) until the pedestrian reaches the
destination.

III. SIMULATION AND RESULTS
Microscopic behavior can lead to macroscopic phenomena.
Complex collective dynamics of pedestrian movement often

derive from the combination of simple actions. The Markov
pedestrianmodel which this paper built can predict pedestrian
walking path and then discover the crowd’s characteristics
and collective phenomena in different scenes. But before
that, it is necessary to verify the validity of the proposed
model. We can conduct some computer simulations to mea-
sure pedestrian velocity and find velocity change in differ-
ent situations, and collect experimental data to validate our
model. As a commonly used strategy, the computer simu-
lations is to compare with the famous collective phenom-
ena or adjust the parameters and components of the models
until a similar trend between the simulation results and the
fundamental diagrams are satisfied [15]. In the following,
we will introduce the simulation results of typical cases. And
the simulation results are presented as the collective patterns
of pedestrian motion and fundamental diagram. In the simu-
lations, the length of the pedestrian field is 5 m, and the field
view angle 2ϕ is 180 degrees, that is, the pedestrian field is
a semicircle. Given that the average step rate is 2 steps/s at
walking pace [32], the step time is set to half a second. The
desired speed is set to 1.8m/s according to Weidmann [44].

A. VALIDATION OF THE MODEL
In order to improve the accuracy of the model, we test it
in the context of simple interaction situations involving two
pedestrians avoiding each other and compare the walking tra-
jectory with the experiment data from Ref [30]. In Ref [30],
the experiment corridor was 7.88 m long and 1.75 m wide to
record the trajectories of this subjects. We made the simula-
tion under the same conditions. One person is stationary in
the middle of the corridor and the other moves from the left
side to the right side and has to evade the standing person.
In the process of obstacle avoidance, the walking path of
the pedestrian is observed when N takes different values
(The direction which the pedestrian can walk in his vision).
We can also obtain that the predicted path (black line) by
our model lies within the standard deviation (blue dashed
lines) of the real human paths [30] when the value of N is
from 3 to 20. Some of these results are shown in Fig.4(a)–(c).
By comparison, when the value of N is 17, the movement
trajectory is most accurate to allow pedestrians to avoid other
pedestrian or obstacle. Therefore, in the following simulation
experiments, this value is chosen as the division value of
pedestrian visual field.

A 4 m× 20 m hallway scenario, see Fig. 5, is designed to
measure the speed-density and flow-density relationship of
unidirectional pedestrian flow. Pedestrians enter the corridor
at the ends of left side at random positions with the flow
of randomly generated 2 to 5 persons per second. A mea-
surement section of 4 m × 4 m representing with green
solid box is set in the center of the hallway. The global
density of the hallway is controlled by adjusting the state
transition matrix, and the number of pedestrians in hallway
is varied from 20 to 135. A fixed number of pedestrians with
random directions and velocities are scattered in the hallway
without overlapping each other. We use the measurement
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FIGURE 4. The effect of N on the pedestrian path. (a) N = 16. (b) N = 17.
(c) N = 18.

FIGURE 5. Snapshots of unidirectional flow.

methods presented in the references. The average velocity
v and the density ρ of pedestrian n are obtained at a time
interval. Through constant adjustment of the state transition
matrix, the flow-density or velocity-density diagram obtained
in the experiment is consistent with the experiment data. After
analyzing the experimental data, the relationship of speed-
density expressed by bright red stars are shown in Fig.6. And
the measured results for the fundamental diagram of density
against specific flow (bright red stars) are shown in Fig.7.
We can also observe that the basic diagrams given by Weid-
mann [44], Helbing et al. [10], and Mri and Tsukaguchi [27]
who all use the empirical measurements to describe themove-
ment of pedestrians. From the two figures we can find that
when the density is less than 1, pedestrians can move at a
free speed because of the enough space and minor effects of
other pedestrians and obstacles. Thus, the crowd almost kept
stationary state when population density exceeds the critical
range.

The state transition matrix can also be obtained through
constantly adjusting the parameters. In our model, the state of
pedestrians is restricted by the environment, so three different
state transition matrices are applied, and according to the
real-time environment, pedestrian will decide which state

FIGURE 6. Measured speed-density relationship contrasting with
experimental results.

FIGURE 7. Measured speed-flow relationship contrasting with
experimental results.

transfer matrix to be used according to the population density
within the scope of vision domain. When the population
density is less than 1 p/m2 (people per square meter), the state
transition matrix shown in formula (6) is used. When the
density is greater than or equal to 1 p/m2 and less than
3.5 p/m2, the state transition matrix shown in formula (7) is
used. When the population density is greater than or equal
to 3.5 p/m2, we use the state transition matrix shown in
formula (8).

P1 =


0.1 0.9 0 0
0.1 0.3 0.6 0
0 0.1 0.8 0.1
0 0.05 0.15 0.8

 (6)

P =


0.1 0.9 0 0
0.1 0.8 0.1 0
0 0.15 0.8 0.05
0 0.35 0.6 0.05

 (7)

P =


0.8 0.2 0 0
0.15 0.8 0.05 0
0 0.9 0.05 0.05
0 0.9 0.05 0.05

 (8)
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FIGURE 8. Snapshots of crowd evacuation.

B. SIMULATIONS OF PEDESTRIAN EVACUATION
In the past few decades, more and more attention has been
paid to the personal safety of the people at the time of
emergency evacuation. Pedestrian evacuation has become an
meaningful and important societal issue. In this study, we use
the establishedMarkov pedestrianmodel to predict the pedes-
trian evacuation process, and observe the phenomenon in the
process of evacuation. Data of the pedestrian flow can also be
analyzed and obtained. The scenario is a square room of size
15 m × 15 m with an exit which wide is 1 m. This standard
is the same with the adoption by Helbing et al. [12]. The exit
is located at the middle position of the east wall. Pedestrians
are assumed to be scattered in a random positions without
overlap between each other. The initial state of the pedestrian
is randomly selected from four states and the pedestrian target
direction for export.

From the observation, the whole evacuation process can be
divided into three stages. Fig.8(a)–(c) display the snapshots
of the crowd evacuation initially with 60 pedestrians at time
step 10, 40 and 160 respectively. In the first stage of the evac-
uation, the pedestrians move from the initial position to the
target point, the density of the crowd in the room is lower, and
the pedestrian state is mostly in state S3 and state S4. At this
two states, pedestrians have a greater speed than other states.
By the middle stage of the evacuation, most of the people
gather at the door with the arching and clogging of crowd
occurs, and only a few pedestrians who approach the exit have
enough space through the export. At this time, the pedestrian
is mainly in state S1 and state S2. The speed of the pedes-
trians is very low. By the last stage of the evacuation, most
pedestrians have passed through the bottleneck, leaving only
a few pedestrians remaining in the room. Compared with the
middle stage of the evacuation, the density becomes smaller,
most pedestrians are in state S2 and state S3. Fig.9 shows that
the variation of the number of people in the room with the
evacuation time. We can find that in the early stage of the

FIGURE 9. The number of people in the room over time.

evacuation, the evacuation rate is relatively fast. When it got
to the middle stage, a large number of pedestrians gathered
together at the doorway, so the evacuation rate slowed down.
But at the later stage, with the decrease of the number of
pedestrians in the room, evacuation rate increases again.

After observing the pedestrian flow phenomenon which is
obtained by the evacuation experiments of the Markov pedes-
trian model, and analyzing the data as well as comparing with
empirical data, we can find that the Markov pedestrian model
can reproduce the evacuation path of the real pedestrian very
well.

C. SIMULATION OF BIDIRECTIONAL PEDESTRIAN FLOW
As a most common traffic-organization form, the bidirec-
tional pedestrian flow is more complex than unidirectional
pedestrian flow because of its complicated interactions and
head-on conflicts between counter pedestrians. Understand-
ing the characteristics of bidirectional pedestrian flow is very
important to improve the efficiency of emergency evacuation
and transport infrastructure.

A simulation of bidirectional pedestrian flow is presented
in Fig.10(a)–(c), which shows the results of a simulation with
a corridor which wide is 4 m and long is 20 m. Pedestrians
enter the corridor at the ends of each side in random posi-
tions with the flow of randomly generated 1 to 3 persons
per second. Those intending to walk from the left side to
the right side are represented by red hollow circle, whereas
pedestrians intending to move into the opposite direction are
represented by blue solid circle. The model uses periodic
boundary conditions, that is, if pedestrians cross the hallway
from left to right, and reenter the hallway from left-hand
boundary once they exited from the right-hand boundary.
Pedestrians who are walking to the left are treated in the
same way. In our model, the pedestrian will choose the proper
route to avoid collision with others at a suitable by selecting
different states.

As shown in Fig.10(a)–(c), three simulation results are
obtained. Fig.10(a) is the early stage of the simulation, it can
be seen that there is a clear lane formation phenomenon,
which is a typical characteristic feature of complex, self-
organizing pedestrian system. Fig.10(b) is the middle stage
of the simulation, the right line of the people are mainly dis-
tributed in two ends of the corridor, while the left pedestrian
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FIGURE 10. Snapshot of bidirectional flow.

is mainly distributed in the middle of the corridor. As the
simulation continuing, Fig.10(c) is the latest stage of the
simulation, pedestrians in different directions are moved to
both sides of the corridor. After several tests, we found that
in the later stage of the experiment, the probability of one-way
pedestrians moving to the upper or lower side of the channel
is equal, so this is also consistent with the stratification of
pedestrians in real scene flow.
Remark 1: The most advantage of Markovian jump

approach method is to speed up the simulation, which is very
important problem in analysis and simulation of pedestrian
dynamics.

IV. CONCLUSION
In this paper, by describing the selection mechanism of
the pedestrian’s speed and direction, and combining vision
domain of the pedestrian, a micro-Markov pedestrian model
based on heuristic method is built. Through simulation exper-
iments, a series of self-organization phenomena of pedestrian
flow are obtained, including the arching and clogging phe-
nomenon and the lane formation phenomenon. According to
the analysis of the data which are obtained in the simulation
process, we get the fundamental flow-density and velocity-
density diagram. The correctness of the model is verified by
comparing the simulation data with the experiment data.

Compared with some existing pedestrian models, Markov
random walk model has its own advantages. First of all,
the model is continuous in space, the speed and the direction
of pedestrians are selected by different methods, whichmakes
the walking path of pedestrians more realistic. Secondly,
pedestrian walking behavior is divided into four different
states, and pedestrian will use the state transition matrix and a
collision avoidance rules to choose the speed of walking. This

fully reflects the randomness of pedestrians in the process of
movement. Thirdly, the pedestrian can make full use of the
perceptual information obtained in the field of view andmake
the best choice, which can intelligently detour the obstacle
appearing in the visual field. Finally, the model is discrete
in time, so it is computationally efficient in the simulation
process.
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[27] M. Mōri and H. Tsukaguchi, ‘‘A new method for evaluation of level of
service in pedestrian facilities,’’ Transp. Res. A, Gen., vol. 21, no. 3,
pp. 223–234, 1987.

[28] M. Muramatsu, T. Irie, and T. Nagatani, ‘‘Jamming transition in pedestrian
counter flow,’’ Phys. A, Stat. Mech. Appl., vol. 267, nos. 3–4, pp. 487–498,
1999.

[29] M.Moussaïd, D. Helbing, and G. Theraulaz, ‘‘How simple rules determine
pedestrian behavior and crowd disasters,’’ Proc. Nat. Acad. Sci. USA,
vol. 108, no. 17, pp. 6884–6888, 2011.

[30] M. Moussaid, D. Helbing, S. Garnier, A. Johansson, M. Combe, and
G. Theraulaz, ‘‘Experimental study of the behavioural mechanisms under-
lying self-organization in human crowds,’’ Proc. Roy. Soc. Biol. Sci.,
vol. 276, no. 1668, pp. 2755–2762, 2009.

[31] K. Nishinari, A. Kirchner, A. Namazi, and A. Schadschneider, ‘‘Extended
floor field CA model for evacuation dynamics,’’ IEICE Trans. Inf. Syst.,
vol. E87-D, no. 3, pp. 726–732, 2003.

[32] S. J. Older, ‘‘Movement of pedestrians on footways in shopping streets,’’
Traffic Eng. Control, vol. 10, no. 4, pp. 43–48, 1967.

[33] W. Qi, G. Zong, and H. R. Karimi, ‘‘Sliding mode control for nonlinear
stochastic singular semi-Markov jump systems,’’ IEEE Trans. Autom.
Control, to be published. doi: 10.1109/TAC.2019.2915141.

[34] E. L. Quarantelli, ‘‘Statistical and conceptual problems in the study of
disasters,’’Disaster PreventionManage., vol. 10, no. 5, pp. 325–338, 2001.

[35] H. Ren, G. Zong, and T. Li, ‘‘Event-triggered finite-time control for
networked switched linear systems with asynchronous switching,’’ IEEE
Trans. Syst., Man, Cybern. Syst., vol. 48, no. 11, pp. 1874–1884, Jan. 2018.

[36] H. Ren, G. Zong, and H. R. Karimi, ‘‘Asynchronous finite-time filtering of
Markov jump nonlinear systems and its applications,’’ IEEE Trans. Syst.,
Man, Cybern. Syst., to be published. doi: 10.1109/TSMC.2019.2899733.

[37] A. Schadschneider, ‘‘Cellular automaton approach to pedestrian
dynamics—Theory,’’ 2001, arXiv:0112117. [Online]. Available: https://
arxiv.org/abs/cond-mat/0112117

[38] M. M. Shuaib, ‘‘Preserving socially expected crowd density in front of an
exit for the reproduction of experimental data by modeling pedestrians’
rear perception,’’ J. Stat. Mech. Theory Exp., vol. 2014, no. 10, 2014,
Art. no. P10037.

[39] H. Sun, Y. Li, G. Zong, and L. Hou, ‘‘Disturbance attenuation and rejection
for stochastic Markovian jump system with partially known transition
probabilities,’’ Automatica, vol. 89, pp. 349–357, Mar. 2018.

[40] Y. Tajima, K. Takimoto, and T. Nagatani, ‘‘Pattern formation and jamming
transition in pedestrian counter flow,’’ Phys. A, Stat. Mech. Appl. vol. 313,
no. 3, pp. 709–723, 2002.

[41] A. Turner and A. Penn, ‘‘Encoding natural movement as an agent-based
system: An investigation into human pedestrian behaviour in the built envi-
ronment,’’Environ. Planning B, PlanningDes., vol. 29, no. 4, pp. 473–490,
2002.

[42] M. H. Vainstein, J. J. Brito, and C. Brito, ‘‘Percolation and cooperation
with mobile agents: Geometric and strategy clusters,’’ Phys. Rev. E, Stat.
Phys. Plasmas Fluids Relat. Interdiscip. Top., vol. 90, no. 2, pp. 860–877,
2014.

[43] C. F. Wakim, S. Capperon, and J. Oksman, ‘‘A Markovian model of
pedestrian behavior,’’ in Proc. IEEE Int. Conf. Syst., Man Cybern., vol. 4,
Oct. 2004, pp. 4028–4033.

[44] U. Weidmann, ‘‘Transporttechnik der fussganger,’’ Strasse und Verkehr.,
vol. 78, no. 3, pp. 161–169, 1992.

[45] D. Yang, G. Zong, and H. R. Karimi, ‘‘H∞ refined anti-disturbance control
of switched LPV systems with application to aero-engine,’’ IEEE Trans.
Ind. Electron., to be published. doi: 10.1109/TIE.2019.2912780.

[46] X. Yao, J. H. Park, L. Wu, and L. Guo, ‘‘Disturbance-observer-based
composite hierarchical anti-disturbance control for singular Markovian
jump systems,’’ IEEE Trans. Autom. Control, to be published. doi: 10.1109/
TAC.2018.2867607.

[47] X. Yao, L. Wu, and L. Guo, ‘‘Disturbance-observer-based fault tol-
erant control of high-speed trains: A Markovian jump system model
approach,’’ IEEE Trans. Syst., Man, Cybern. Syst., to be published.
doi: 10.1109/TSMC.2018.2866618.

[48] X. Yao and L. Guo, ‘‘Composite anti-disturbance control for Markovian
jump nonlinear systems via disturbance observer,’’ Automatica, vol. 49,
no. 8, pp. 2538–2545, 2013.

[49] X. Yao, L. Guo, L. Wu, and H. Dong, ‘‘Static anti-windup design for
nonlinear Markovian jump systems with multiple disturbances,’’ Inf. Sci.,
vol. 418, no. 24, pp. 169–183, 2017.

[50] X. Yang, H. Dong, Q.Wang, Y. Chen, andX. Hu, ‘‘Guided crowd dynamics
via modified social force model,’’ Phys. A, Stat. Mech. Appl., vol. 411,
pp. 63–73, Oct. 2014.

[51] Y. Xia, S. C. Wong, M. Zhang, C. Shu, and W. H. K. Lam, ‘‘An efficient
discontinuous Galerkin method on triangular meshes for a pedestrian flow
model,’’ Int. J. Numer. Methods Eng., vol. 76, no. 3, pp. 337–350, 2008.

[52] S. Zhang, C. Zhu, J. K. O. Sin, and P. K. T. Mok, ‘‘A novel ultrathin
elevated channel low-temperature poly-Si TFT,’’ IEEE Electron Device
Lett., vol. 20, no. 11, pp. 569–571, Nov. 1999.

[53] X. Zheng, L. Du, and H. Wang, ‘‘Research on pedestrian escape route
without visibility based on Markov chain model,’’ Frontiers Chem. Eng.
China, vol. 4, no. 3, pp. 283–289, 2010.

[54] G. Zong, R. Wang, W. Zheng, and L. Hou, ‘‘Finite-time H∞ control for
discrete-time switched nonlinear systems with time delay,’’ Int. J. Robust
Nonlinear, vol. 25, no. 6, pp. 914–936, 2015.

XIUMING YAO was born in Heze, Shandong,
China, in 1981. She received the B.E. degree
in measurement, control technology and instru-
ment from North China Electric Power University,
Baoding, China, in 2005, and the Ph.D. degree
in control science and control engineering from
the Harbin Institute of Technology, Harbin, China,
in 2010. From 2010 to 2011, she was a Research
Associate with the School of Computing and
Mathematics, Western Sydney University, Aus-

tralia. From 2011 to 2014, she did her postdoctoral research at the National
Key Laboratory on Aircraft Control Technology, Beihang University. Since
2015, she has been an Associate Professor with Beijing Jiaotong Univer-
sity. Her current research interests include train operation control systems
for high-speed railways, pedestrian dynamics, the Markovian jump hybrid
systems, and anti-disturbance control.

YUE LIAN received the B.S. degree from the
College of Electric and Information Engineer-
ing, Anhui University of Technology, Ma’anshan,
China, in 2017. She is currently pursuing the M.E.
degree with the College of Electronic and Informa-
tion Engineering, Beijing JiaotongUniversity, Bei-
jing, China. Her current research interests include
the semi-Markovian jump systems, and distur-
bance attenuation and rejection.

CHENGJIE WEI received the B.S. degree from
the College of Automation Engineering, Qingdao
University, Qingdao, China, in 2015, and the M.E.
degree from the State Key Laboratory of Rail
Traffic Control and Safety, Beijing Jiaotong Uni-
versity, Beijing, China, in 2018. He is currently
with Qingdao Hisense TransTech Company, Ltd.
His current research interests include the Marko-
vian jump systems, pedestrian dynamics, model-
ing, and simulation, and applications in pedestrian

crowd systems.

VOLUME 7, 2019 87815

http://dx.doi.org/10.1007/s11071-019-04790-4
http://dx.doi.org/10.1007/s11071-019-04790-4
http://dx.doi.org/10.1109/TAC.2019.2915141
http://dx.doi.org/10.1109/TSMC.2019.2899733
http://dx.doi.org/10.1109/TIE.2019.2912780
http://dx.doi.org/10.1109/TAC.2018.2867607
http://dx.doi.org/10.1109/TAC.2018.2867607
http://dx.doi.org/10.1109/TSMC.2018.2866618

	INTRODUCTION
	MODEL DESCRIPTION
	THE DIRECTION OF VELOCITY
	THE MAGNITUDE OF VELOCITY
	MOVEMENT STEPS

	SIMULATION AND RESULTS
	VALIDATION OF THE MODEL
	SIMULATIONS OF PEDESTRIAN EVACUATION
	SIMULATION OF BIDIRECTIONAL PEDESTRIAN FLOW

	CONCLUSION
	REFERENCES
	Biographies
	XIUMING YAO
	YUE LIAN
	CHENGJIE WEI


