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Abstract: Most models designed to simulate pedestrian dynamical behavior are based on the
assumption that human decision-making can be described using precise values. This study proposes
a new pedestrian model that incorporates fuzzy logic theory into a multi-agent system to address
cognitive behavior that introduces uncertainty and imprecision during decision-making. We present a
concept of decision preferences to represent the intrinsic control factors of decision-making. To realize
the different decision preferences of heterogeneous pedestrians, the Five-Factor (OCEAN) personality
model is introduced to model the psychological characteristics of individuals. Then, a fuzzy
logic-based approach is adopted for mapping the relationships between the personality traits and
the decision preferences. Finally, we have developed an application using our model to simulate
pedestrian dynamical behavior in several normal or non-panic scenarios, including a single-exit
room, a hallway with obstacles, and a narrowing passage. The effectiveness of the proposed model is
validated with a user study. The results show that the proposed model can generate more reasonable
and heterogeneous behavior in the simulation and indicate that individual personality has a noticeable
effect on pedestrian dynamical behavior.
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1. Introduction

Simulating crowd behavior as an interdisciplinary research field has attracted the keen interest of
researchers and managers from various domains, including safety engineering, robotics, computer
animation, and social psychology, and in recent years, it has been extensively studied and applied
in these fields. For example, crowd simulation technology can be used to predict pedestrian
flow [1–3] and recognize abnormal or normal behavior in safety engineering applications [4–6],
and it has been implemented for autonomous navigation in robotics [7,8] and enhancing the reality
of computer animation [9–11]. The modelling of pedestrian dynamics is a common key issue among
these applications.

Over the past three decades, various pedestrian models have been proposed to simulate realistic
pedestrian dynamical behavior and understand the potential laws underlying complex crowd
phenomena. In general, most of these models can be classified into two main types: macroscopic
and microscopic. The former considers pedestrians as a fluid, and it usually uses Navier–Stokes or
Boltzmann equations to represent the movement variations in density and speed [1,12]. The latter,
which can analyse individual behavior and interactions among members of a crowd, describes a
pedestrian as an object driven by rule [13] or force [2]. Compared with macroscopic models that focus
on the trend of crowd movement, microscopic models can generate fine-grain simulation results to
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reflect individual issues and diversities. As a result, over the past few years, many researchers have
paid more attention to microscopic modelling, such as the social force model [4], cellular automata
model [3], and multi-agent model [14]. However, most microscopic models have been developed based
on the assumption that human perception and decision-making in real time can be described using
precise values, and they consider that the information obtained from environments can be accurately
quantified in a pedestrian perception process and assume that the corresponding behavior can be
predicted with certainty in the next decision process. In fact, this assumption does not conform with
the nature of human behavior because imprecise concepts are attributes of human cognitive abilities.
Therefore, a mathematic formulation with precise values cannot easily describe and predict realistic
pedestrian dynamical behavior.

Inspired by soft computing theory, we attempt to incorporate a fuzzy logic system into a
multi-agent simulation model to solve the above problem. The theory of fuzzy sets proposed by
Zadeh [15] provides a useful modelling tool for many applications when ambiguity is present.
For example, the traffic signal alternatives at a midblock crosswalk are controlled using fuzzy logic
methods in [16,17], and a collision avoidance system for autonomous vehicles using a fuzzy steering
controller is proposed in [8]. The perceptions and decisions of a pedestrian are usually represented by
natural language, such as when the pedestrian attempts to pass through the exit at a fast speed rather
than at 2 m/s. These processes can be formulated by a set of verbal variables and linguistic rules using
a fuzzy logic system. Because of the advantages of accessible input perception-based information and
easily steerable output, fuzzy logic-based methods have achieved great progress in the modelling of
pedestrian dynamics. To the best of our knowledge, most studies using fuzzy logic have focused on
the human ability to perceive their surrounding environments [18–24] and ignored decision-making
processes that are vague and imprecise. Compared with previous works, we propose an approach to
emulate pedestrian cognitive ability from a new perspective that uses the fuzzy logic system to model
subjective decisions. Moreover, a concept of decision preferences is presented to represent the intrinsic
control factors underlying decision-making.

Pedestrian dynamical behavior varies from one individual to another when they are confronted
with similar situations in the real world. Thus, the modelling of heterogeneous behavior plays an
important role in the simulation of a natural and realistic crowd. Among the many factors that
promote variations in pedestrian behavior, such as physiological and psychological characteristics,
personality has a significant impact on the subjective decision of the pedestrian. Personality is a pattern
of behavioral, temperamental, emotional, and mental traits for an individual. People with various
personalities have salient behavior characteristics. To generate the heterogeneity of the pedestrian
cognitive ability, we introduce the well-known OCEAN (Openness, Conscientiousness, Extraversion,
Agreeableness, and Neuroticism) personality model [25] to realize the different decision preferences of
heterogeneous pedestrians in this paper.

The main contribution of this study is the proposal of a novel pedestrian model that incorporates
fuzzy logic theory into a multi-agent system to address cognitive behavior that introduces uncertainty
and imprecision in decision-making. For simulating the heterogeneous subjective decisions of
pedestrians, the OCEAN personality model is introduced to generate the different decision preferences
that represent the intrinsic control factors of decision-making. The experiments show that the
application developed using our model can simulate more reasonable and heterogeneous pedestrian
dynamical behavior in several normal or non-panic situations, including a single-exit room, a hallway
with obstacles, and a narrowing passage. Furthermore, the results reveal the impact of personality
traits on pedestrian dynamical behavior.

The remainder of this paper is organized as follows: Section 2 provides an overview of the related
work. Section 3 describes the details of our model that incorporates fuzzy logic into a multi-agent
system and uses personality traits for heterogeneous pedestrians. Section 4 presents the simulations
and validation of the proposed model. Finally, Section 5 concludes the paper with a summary
and outlook.
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2. Related Work

Over the years, various microscopic models have been presented to simulate pedestrian dynamical
behavior under abnormal and normal situations. These models are usually classified into three types:
cellular automata, social force, and multi-agent. The cellular automata model [3,26,27] describes
pedestrian flow through a discrete arrangement of space into grids of equal cells that have two
states: occupied or unoccupied. According to a set of simple transition rules, the state of cells can
be updated to indicate the movement of pedestrians at each time step. However, the pedestrians in
this model move in discrete time and space; therefore, the simulation result is highly dependent on
the discretization level of time and space, and it is difficult to ignore pedestrian body size and step
time to accurately simulate pedestrian dynamical behaviors. The social force model [2,4] inspired
by Newton’s second law describes the pedestrians’ behavior with a mathematical equation of the
interaction forces that consist of socio-psychological and physical forces. This model can easily
reproduce certain self-organization phenomena in a real evacuation, such as arching, clogging, and the
“faster-is-slower effect”. However, the computational complexity of the model rapidly increases with
the crowd number, and heterogeneous pedestrian behavior is difficult to replicate. The multi-agent
model [6,14,28] proposes a computational methodology in which all individuals are modelled
as autonomous agents that are capable of interacting with each other. Agents are autonomous
software entities with the perception and social ability to perform goal-directed knowledge processing.
The key advantage of a multi-agent system is that it can model the dynamics of real-life complex
systems. Therefore, these systems are particularly suitable for simulating the cognitive process and
behavior of pedestrians. Based on the above discussion, we focus on the multi-agent model for
pedestrian modelling.

To improve the believability of crowd simulations, simulating the uncertainty and imprecision of
human behavior is an important aspect in many scenarios, such as pedestrian steering and emergency
evacuation. A fuzzy logic approach has certain advantages over other approaches, such as its ability to
use perceptual information and human experience and knowledge, and to emulate human thought
processes. Therefore, this approach represents a natural and suitable tool for modelling pedestrian
dynamic behavior. Nasir et al. [18] introduced a fuzzy logic framework to predict the impact of
perceived attractive and repulsive stimuli, within the pedestrian’s field of view, on movement
direction during normal situations. Zhu et al. [19] integrated fuzzy logic with the social force model
and reproduced the dynamical features of pedestrian evacuation. Li et al. [20] presented a fuzzy
logic-based approach for crowd simulation that extracts fuzzy rules from the realistic videos that can
be considered a parameterized behavior model. Dell’Orco et al. [21] proposed a microscopic model of
crowd evacuation defined on a continuous space and used a fuzzy logic technique to reproduce human
reasoning. Nasir et al. [22] proposed a genetic fuzzy system to model and simulate a pedestrian’s
steering behavior in a built environment. Fu et al. [23] proposed a fuzzy theory-based behavioral
model to investigate evacuation dynamics in a cellular space. Zhou et al. [24] proposed a fuzzy logic
approach for simulating pedestrian dynamical behavior, and it integrates the intermediate results of
local obstacle-avoiding behavior, regional path-searching behavior and global goal-seek behavior with
mutable weighting factors. Although the above studies have achieved positive results for pedestrian
dynamics using a fuzzy logic-based approach, the human ability to perceive external information is
considered fuzzy, and the subjective differences among crowds is ignored because all individuals are
treated as homogeneous. Therefore, the differences in decision-making for heterogeneous individuals
are difficult to simulate in these studies.

In order to simulate the different decision-making of heterogeneous pedestrians, researchers have
also proposed some approaches using fuzzy logic theory. Akasaka et al. [29] presented a pedestrian
navigation system using fuzzy measures and integrals for selecting a route based on users’ own
preference for routes. Teknomo et al. [30] integrated multi-states of pedestrian situation and pedestrian
group behavior into the multi-agent pedestrian simulation through the concept of fuzzy inter-personal
spacing. These studies directly simulated pedestrian navigation under some certain conditions from the
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perspective of subjective selection, but neglected the intrinsic factors influencing pedestrian behavior.
In this paper, we attempt to model individual intrinsic characteristics for realizing the different decision
preferences of heterogeneous pedestrians. The behavior of a pedestrian can be mainly influenced by
physiological and psychological characteristics. For the aspect of physiology, Zheng et al. [9] chose four
basic physiological characteristics—gender, age, health, and body shape—to generate heterogeneous
crowd behavior. In terms of psychological characteristics, Durupinar et al. [10] integrated the OCEAN
personality model into HiDAC (High-Density Autonomous) [31] to simulate crowd behavior by
mapping between personality traits and observed behavior types. Guy et al. [11] presented an approach
to simulating a heterogeneous crowd using the PEN (Psychoticism, Extraversion, and Neuroticism)
personality model based on the RVO (Reciprocal Velocity Obstacle) library [7]. These studies showed
that the modelling of pedestrian characteristics plays an important role in simulating realistic and
heterogeneous pedestrian dynamical behavior. However, they are based on the assumption that
human decision-making can be described using precise values. To solve the problem of uncertainty and
imprecision during decision-making, we adopt a fuzzy logic-based approach to map the relationships
between the personality traits and the decision preferences.

In this paper, we propose a new pedestrian model that incorporates fuzzy logic theory into a
multi-agent system. Our model can emulate pedestrian cognitive ability that introduces uncertainty
and imprecision during decision-making. Inspired by previous works, we choose the OCEAN
personality model to simulate the individual characteristics for generating the different decision
preferences of heterogeneous pedestrians. To describe the fuzzy attributes, a fuzzy inference system is
adopted for mapping the relationships between the personality traits and the decision preferences.

3. Model Description

In this section, we first introduce an overview of our proposed model for simulating microscopic
pedestrian behavior based on multi-agent systems. Next, we describe the well-known Five-Factor
personality model, which is also known as the OCEAN model and used in this study to drive
the heterogeneous behavior of individuals within a crowd. Then, we present a concept of decision
preferences and define the meanings of these parameters. Finally, a fuzzy logic-based approach is
presented to represent the relationship between the personality traits and the decision preferences of
agents for addressing uncertainty and imprecision during decision-making.

3.1. Overview of the Proposed Model

Human behavior is a complex phenomenon that is difficult to capture via computers performing
mathematical equations. In addition, crowd behavior is not a simple collection of individual behaviors
in the crowd but also includes the interactions between people. To generate heterogeneous crowd
behavior and understand the complicated motion features of pedestrians, we adopt a framework
based on a multi-agent system to model and simulate pedestrian movement. A multi-agent system is
an extension of agent technology where a group of loosely connected autonomous agents act in an
environment to achieve a common goal [32]. In this framework, each human individual is modelled
as an autonomous agent who interacts with a virtual environment and other agents. We believe that
such a framework is particularly suitable for simulating individual cognitive processes and behavior
in pedestrian dynamics.

In our proposed simulation framework, the virtual environment mainly includes agents,
obstacles, and open spaces. The agent consists of three basic components: perception module,
decision-making module, and action module.

• Perception module: This module of an autonomous agent is included to perceive the surrounding
information from the virtual environment, and it has an important role as the information portal
of the agent that interacts with the external environment. The perceived information of an agent
mainly includes (1) the location of other agents and obstacles; (2) the distance from itself to other
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agents and obstacles; (3) the speed of other agents; and (4) the range of obstacles. Because of the
limited range of the visual field, each agent has a limited sensing capability.

• Decision-making module: This module is designed to represent the cognitive and reasoning
processes associated with the movement of a pedestrian. The perceived information is used as
input in this module for an agent making decisions on steering behavior. The publicly available
RVO2 library is used to implement the reasoning process, and the decision preferences are
defined using the following five parameters: (1) NeighborDist; (2) MaxNeighbors; (3) TimeHorizon;
(4) Radius; and (5) PrefVelocity. A detailed description of these parameters is presented in
Section 3.3. The multi-agent system consists of heterogeneous agents, or agents with different
decision-making capabilities.

• Action module: In this module, the actions of an agent include the agent’s ability to walk,
run, turn, and stop, which are the basic locomotion capacities of a pedestrian in a real-life
environment. In this article, we use two main variables—the speed and direction of movement—to
express the basic actions in the steering activity. Actions driven by decision-making can vary
considerably among agents presented with the same perceived information.

To simulate the uncertainty and imprecision of pedestrian dynamical behavior, we incorporate a
fuzzy logic system into a multi-agent simulation framework to model the decision-making process
of an agent. Compared with previous works, we focus on the different decision-making abilities of
heterogeneous agents in this paper. For the sake of simplicity, we use the decision preferences as fuzzy
variables to describe qualitative cognitive behaviors in pedestrian decision-making. According to the
fuzzy relationship between personality traits and human behavior [33], we introduce the OCEAN
personality model to represent heterogeneous pedestrians with various characteristics, such as
openness, conscientiousness, extraversion, agreeableness, and neuroticism. In addition, the mapping
between personality factors and decision preferences is determined by a fuzzy inference system.

The overall framework of our proposed model is shown in Figure 1. In the following sections,
we describe the personality model, decision parameters, and a fuzzy logic-based approach in
more detail.
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3.2. Modelling of Personality

Research in social science and human psychology defines personality as representing the pattern
of a person’s thoughts, feelings, and behaviors, which distinguish one person from another and persist
over time and situations [34]. To exhibit a natural and realistic simulation effect, personalities should be
considered an important aspect of modelling heterogeneous pedestrian behavior because pedestrians
with different personalities may react differently to the same situation. In addition, understanding
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how varying personality factors affect the walking behaviors of pedestrians is important for
many applications.

Many mature models have been proposed by psychologists to describe the spectrum of
personalities, such as Eysenck’s three-factor model [35] and the Five-Factor model [25]. In this paper,
we choose the famous Five-Factor personality model, which is also known as the OCEAN model,
to characterize the personality traits of autonomous agents. This model categorizes personality into
five orthogonal factors based on a factor analysis of user studies in which participants use common
language adjectives to describe the behavior of people. The five factors have been defined as Openness,
Conscientiousness, Extraversion, Agreeableness, and Neuroticism [36]. These factors are explained
as follows:

• Openness reflects the degree of curiosity and creativity and preferences for novelty and variety.
• Conscientiousness describes the level of organization and care exhibited in collective activities.
• Extraversion is related to the degree of energy, sociability, and outgoingness.
• Agreeableness is a tendency to exhibit compassion and cooperation rather than suspicion and

antagonism towards others.
• Neuroticism is the tendency to experience unpleasant emotions easily, such as anger,

anxiety, depression, or vulnerability, and is the opposite of emotional stability.

To satisfy the goal of generating realistic and heterogeneous crowd behavior, we must model all
agents with either salient characteristics or non-characteristics. Each factor of the OCEAN model is
bipolar and consists of several traits [37]. We divide each factor into three types, namely, negative,
neutral, and positive types, and describe them via descriptive adjectives. The details of the personality
factors in our study are given in Table 1, where −, =, and + mean negative, neutral and positive.

Table 1. Personality factors—Hierarchical types—Descriptions of characteristic.

Factor Type Characteristic

Openness
− cautious, narrow, conservative
= occasional curiosity, moderate creativity
+ curious, inventive, explorer

Conscientiousness
− careless, rude, changeable
= spontaneous, reasonable order
+ persistent, organized, dependable

Extraversion
− shy, withdrawn, introvert
= neutral, self-conscious
+ social, energetic, outgoing

Agreeableness
− competitive, negative, harsh
= somewhat gentle, moderately tolerant
+ cooperative, compassionate, friendly

Neuroticism
− calm, secure, confident
= occasional anxiety, basically stable
+ sensitive, fearful, nervous

This model describes the personality characteristics using a set of five factors rather than separate
factors. Therefore, we use a five-dimension vector to model an agent’s personality P:

P = (V(O), V(C), V(E), V(A), V(N)) (1)

V(i) ∈ [−100, 100], i ∈ {O, C, E, A, N}

where O, C, E, A, and N represent Openness, Conscientiousness, Extroversion, Agreeableness,
and Neuroticism, respectively. The default personality of agents is configured with P = (0, 0, 0, 0, 0).
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3.3. Decision Preferences

Our main goal is to generate realistic and natural pedestrian dynamic behavior by simulating
human cognitive ability with uncertainty and imprecision in movement, and the critical step is
determining the method of describing the subjective decision-making of pedestrians. We consider
that the parameters representing the influence factors of the decision must satisfy the following
requirements:

• The content of these parameters can be associated with the perceptual information obtained from
the environment;

• The personality of an individual has a significant impact on the range of these parameters;
• These parameters can directly reflect the differences in decision-making between pedestrians.

To meet the above requirements, we present the concept of decision preferences to represent the
intrinsic control factors of decision-making. In this paper, we choose five parameters—NeighborDist,
MaxNeighbors, TimeHorizon, Radius, and PrefVelocity—as the decision preferences based on the RVO2
library. The RVO2 library provides an easy-to-use implementation of the optimal reciprocal collision
avoidance (ORCA) formulation [38] for multi-agent simulations. Recently, many multi-agent-based
approaches have used these or similar parameters to calculate the locomotion of agents in pedestrian
simulation scenarios. These parameters are described below.

• NeighborDist is the maximal distance of other agents that the agent considers during
path-planning. Here, we use this parameter to represent the spatial scope that the agent must
consider when making decisions.

• MaxNeighbors is the maximum number of neighbours affecting the steering behavior of an agent.
These neighbours are selected by the rule of nearest in spatial distance. The mutual interactions
between agents are an important aspect of the simulation in this study. We use MaxNeighbors to
describe whether the movement of an agent is susceptible to other agents.

• TimeHorizon is the minimal amount of time for which the simulated agent velocities are safe with
respect to other agents and obstacles. This parameter is used to describe the planning horizon in
the path-planning process. Larger TimeHorizon values correspond to greater foresight of the agent.

• Radius is the personal space maintained by the agent to avoid collisions in motion. Agents attempt
to preserve this space when other agents are around. In normal circumstances, the agent also
tends to wait for available personal space before moving.

• PrefVelocity is the preferred velocity of the agent that is used if no other agents or obstacles are
present. We use this parameter to express the expectation of the pedestrian to achieve the goal.
Different individuals may have different velocities when faced with the same situation.

Guy et al. [11] studied the mapping from simulation parameters to the perceived behavior of agents,
and they obtained a range of effective parameter values via a data analysis. In this paper, we use their
results as empirical data to define the range of the decision preferences. The range and default values
of these parameters are shown in Table 2.

Table 2. Range of the decision preferences and their default values.

Parameters
Value

Unit
Min Max Default

NeighborDist 3 30 15 m
MaxNeighbors 1 100 10 (n/a)
TimeHorizon 1 30 10 s

Radius 0.3 2.0 1.0 m
PrefVelocity 1.2 2.2 1.45 m/s
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3.4. Fuzzy Inference System

In most decision-making processes, the capacity for addressing uncertainty and imprecision is
a key issue and influences the quality of the decisions. The decision preferences reflect the cognitive
ability of an individual with subjective differences. Precisely determining the values of these parameters
is difficult because imprecise concepts are attributes of human cognitive abilities. For example,
pedestrians are frequently described as attempting to move at a ‘fast’ speed rather than at ‘2 m/s’.
In addition, the OCEAN personality model introduced in Section 3.2 is defined based on linguistic
variables. Compared with the traditional methods [10,11], the mapping relationships with uncertainty
and imprecision between the personality traits and the decision preferences can be easily determined.

In this paper, we incorporate a fuzzy logic system into the multi-agent simulation framework to
handle the imprecise and uncertain issues of cognitive abilities on pedestrian dynamics. The fuzzy
inference process includes four parts as follows:

• Under fuzzification, a crisp value of input variables can be transformed into a fuzzy value with
membership degree by their membership functions;

• A rule base is the collection of the domain expert knowledge, and it is usually expressed as a set
of ‘IF-THEN’ rules that are used to capture the relationship between inputs and outputs;

• During fuzzy inference, various fuzzy logic operations are used, and all fuzzy rules are triggered
and combined to acquire a fuzzy consequence for each output variable;

• Under defuzzification, each fuzzy consequence must be transformed into a crisp value before the
results can be used in simulation.

The structure of the proposed fuzzy logic system is shown in Figure 2, and more details are
presented in the following section.
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3.4.1. Fuzzy Membership Functions

In a fuzzy logic system, fuzzy sets and their membership functions should be defined for each
input and output. Let U represent the universe of discourse, with elements of U denoted by x. A set
A is a fuzzy subset of U. The degree to which an element x belongs to set A, which is a real number
between 0 and 1, is called the membership value A(x) in the fuzzy set A. The meaning of a fuzzy set
A is characterized by a membership function µA that maps elements of a universe of discourse U to
their corresponding membership values A(x):

A(x) = µA(x) ∈ [0, 1], x ∈ U. (2)

The fuzzy membership function µ can be represented by a variety of shapes, such as triangles
and trapezoids, depending on how the expert relates different domain values to belief values.

In our proposed fuzzy logic-based approach, we consider each of the personality factors and
decision preferences as linguistic variables. The inputs are the OCEAN personality factors Openness,
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Conscientiousness, Extraversion, Agreeableness, and Neuroticism. The outputs are the decision preferences
NeighborDist, MaxNeighbors, TimeHorizon, Radius, and PrefVelocity. According to the description of the
personality factors in Section 3.2 and the decision preferences in Section 3.3, we determine fuzzy sets
of inputs and outputs as shown in Table 3, and their corresponding fuzzy membership functions are
shown in Figure 3.

Table 3. Fuzzy attributes of inputs and outputs.

Name Universe of Discourse Fuzzy Sets Membership Function

Inputs Each factor of OCEAN [−100, 100] Negative Trapezoidal
Neutral Trapezoidal
Positive Trapezoidal

Outputs NeighborDist [3, 30] Near Trapezoidal
Moderate Trapezoidal

Far Trapezoidal
MaxNeighbors [1, 100] Small Trapezoidal

Medium Trapezoidal
Large Trapezoidal

TimeHorizon [1, 30] Short Trapezoidal
Moderate Triangular

Long Trapezoidal
Radius [0.3, 2.0] Small Trapezoidal

Medium Triangular
Large Trapezoidal

PrefVelocity [1.2, 2.2] Slow Triangular
Moderate Triangular

Fast Trapezoidal
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3.4.2. Fuzzy Rules

As the most widely applied reasoning pattern, a set of ‘IF-THEN’ rules are used by the fuzzy
rule-based method to obtain the relationship between inputs and outputs. The antecedent of a
fuzzy rule is a logical combination of fuzzy propositions, which is usually in the form of ‘x is A’.
The consequence of a fuzzy rule is calculated by the degree to which the antecedent is satisfied.
In general, fuzzy rules are formulated by the domain expert based on empirical knowledge, and they
can be gradually improved with further use. An example of the ‘IF-THEN’ fuzzy rule is as follows:

IF (Extraversion is Positive) AND (Agreeableness is Positive) THEN Radius is small.
The accuracy of a fuzzy inference system is affected by the number of linguistic fuzzy sets that

cover the universe of discourse. However, the size of fuzzy rules grows exponentially with the number
of input fuzzy sets of the antecedent. To obtain a trade-off between the computational complexity and
accuracy, we select two personality factors as the major impact factors for each decision parameter.
In this study, we construct a rule base containing fuzzy rules on the relationship between the OCEAN
personality factors and the decision preferences based on previous studies [10,11]. The details are
summarized as follows:

• NeighborDist is related to Openness and Conscientiousness. Pedestrians with positive Openness are
more curious about their surroundings; therefore, they explore a larger scope in the path-planning
process. Pedestrians who have a positive Conscientiousness trait notice individuals in the distance
because they are predictable and self-disciplined.

• MaxNeighbors is related to Openness and Neuroticism. Pedestrians with positive Openness are likely
to observe the behavior of more people around them. An important facet of the Neuroticism factor
is sensitivity, with sensitive individuals more easily affected by others.

• TimeHorizon is related to Conscientiousness and Agreeableness. To maintain the orderly pedestrian
flow, individuals with positive Conscientiousness tend to be prepared for upcoming events in
advance. The Agreeableness factor describes the cooperative tendency of people. Pedestrians with
a stronger cooperative tendency will respond earlier to avoid a collision during path-planning.

• Radius is related to Extraversion and Agreeableness. Individuals with positive Extraversion
are outgoing and sociable and maintain a small territory in which they feel comfortable.
Friendly individuals who have a positive Agreeableness trait usually do not react harshly when
others are too close.

• PrefVelocity is related to Extraversion and Neuroticism. An individual’s energy level is the key factor
that determines their preferred velocity. In generally, extroverts tend to be more energetic and thus
have a fast PrefVelocity, whereas introverts are more lethargic and present opposite characteristics
to that of extroverts. Pedestrians with positive Neuroticism are prone to be anxious and tense
when congestion occurs; therefore, they try to pass at a fast speed.

Because the antecedent has two input variables and each personality factor has three fuzzy sets,
a total of 45 (or 5× 32) ‘IF-THEN’ rules are established to deduce the decision preferences of pedestrian
dynamical behavior. In Table 4, we report several sample fuzzy rules.
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Table 4. ‘IF-THEN’ fuzzy rules for the decision preferences.

Rule Number
IF-THEN Statements

Antecedent Consequence

R1 IF (O is Negative) AND (C is Negative) THEN NeighborDist is Near
R2 IF (O is Negative) AND (C is Neutral) THEN NeighborDist is Near
R3 IF (O is Negative) AND (C is Positive) THEN NeighborDist is Moderate
R4 IF (O is Neutral) AND (C is Negative) THEN NeighborDist is Moderate
R5 IF (O is Neutral) AND (C is Neutral) THEN NeighborDist is Moderate
R6 IF (O is Neutral) AND (C is Positive) THEN NeighborDist is Far
R7 IF (O is Positive) AND (C is Negative) THEN NeighborDist is Moderate
R8 IF (O is Positive) AND (C is Neutral) THEN NeighborDist is Far
R9 IF (O is Positive) AND (C is Positive) THEN NeighborDist is Far
. . . . . . . . .
R44 IF (E is Positive) AND (N is Neutral) THEN PrefVelocity is Fast
R45 IF (E is Positive) AND (N is Positive) THEN PrefVelocity is Fast

3.4.3. Inference Method

Three types of fuzzy inference methods are available: Mamdani, Larsen, and Takagi–Sugeno. In this
paper, the Mamdani inference method [39], which includes aggregation, activation, and accumulation steps,
is selected to calculate the fuzzy output of each decision parameter based on the Sup-Min composition.

The fuzzy rules proposed in Section 3.4.2 are a multidimensional multiple fuzzy reasoning model.
The general format is as follows:

A11, A12, · · · , A1n → B1

A21, A22, · · · , A2n → B2
...

... · · ·
...

...
Am1, Am2, · · · , Amn → Bm

A∗1 , A∗2 , · · · , A∗n
B∗

(3)

where Aij and A∗j are the fuzzy subsets of Uj; Aij represents the jth input of the ith fuzzy rule in a
fuzzy inference model; A∗j represents the jth input of an actual antecedent; Bi and B∗ are the fuzzy
subsets of V; Bi represents the output of the ith rule; B∗ represents the composite output of an actual
antecedent (i = 1, 2, · · · , m; j = 1, 2, · · · , n); m is the number of fuzzy rules for a fuzzy inference model;
and n is the number of antecedent inputs of an ‘IF-THEN’ fuzzy rule. In this study, V and Uj are the
universe of discourse of one decision preference and its corresponding personality factor, respectively.

The inference process is written as follows:

A1(x) = min{A11(x1), A12(x2), · · · , A1n(xn)}
A2(x) = min{A21(x1), A22(x2), · · · , A2n(xn)}

...
Am(x) = min{Am1(x1), Am2(x2), · · · , Amn(xn)}

A∗(x) = min
{

A∗1(x1), A∗2(x2), · · · , A∗n(xn)
}

B∗1 (y) = ∨
x∈U

[A∗(x) ∧ A1(x) ∧ B1(y)]

B∗2 (y) = ∨
x∈U

[A∗(x) ∧ A2(x) ∧ B2(y)]
...

B∗m(y) = ∨
x∈U

[A∗(x) ∧ Am(x) ∧ Bm(y)]

B∗(y) = B∗1 (y) ∨ B∗2 (y) ∨ · · · ∨ B∗m(y)

(4)



Symmetry 2017, 9, 239 12 of 19

where xj (j = 1, 2, · · · , n) is the input value of the personality factor, and B∗i (y) (i = 1, 2, · · · , m) is
the intermediate result of each ‘IF-THEN’ rule, with m = 9 and n = 2. The operators ∧ and ∨ take
the minimum and maximum values of the membership functions, respectively; B∗(y) represents a
composite fuzzy set of output decision preferences.

3.4.4. Defuzzification Method

Because the consequences of the fuzzy rule set are also fuzzy subsets, these subsets must be
transformed into crisp values through the defuzzification process. For defuzzification, several methods
are available, including the mean of the maxima, average of the maxima, and centroid. Because of the
accuracy of these methods, the most frequently used centroid method is adopted in this paper. The
formula is given as follows:

y f inal =

∫
V

B∗(y)ydy∫
V

B∗(y)dy
(5)

where y f inal is a final output of the fuzzy inference system, i.e., each one of the decision preferences.
In order to depict the relationship between inputs of personality factors toward the output of

decision preferences, we show the surface plots of input and output of the fuzzy simulation in Figure 4
generated in Matlab.
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4. Simulation and Validation

To test the proposed pedestrian model, we have developed a Visual C++ application based on
publicly available Open GL and RVO2 [40] libraries to perform a variety of pedestrian simulation
scenarios. All experiments are executed in real time by a PC (Dell OptiPlex 9020) with an Intel Core 3.6
GHz i7-4790 processor, an 8 GB memory and an AMD Radeon R5 240 graphics card with 1 GB memory.
In this paper, we focus on the modelling and prediction of heterogeneous pedestrian dynamical
behavior under normal or non-panic situations. Therefore, we simulated pedestrians with various
personalities in several typical scenarios, including a single-exit room, a hallway with obstacles, and a
narrowing passage. Furthermore, the effectiveness of our proposed model is validated by a user study.
Although the distribution of personality traits in the population is closer to the normal distribution,
we artificially set the distributions in our experiments, in order to obviously demonstrate different
behaviors between heterogeneous pedestrians with various personalities.

4.1. Simulation of Heterogeneous Pedestrians

Figure 5 shows the motion trajectories taken by the highlighted agents in a single-exit
room scenario. From left to right, the highlighted agents represent the pedestrians with positive
(i.e., V(i) = 80) Openness (blue), Conscientiousness (green), Extraversion (red), Agreeableness (orange),
and Neuroticism (black) traits. The non-highlighted agents (grey) are given the default personality.
The blue agent tends to choose more daring routes and takes a wavy trajectory. The green agent takes
a fairly direct trajectory and moves in an orderly way behind the other agents. The red agent moves
quickly and often tries to weave through others in the crowd. The orange agent can slightly adjust the
direction of movement to avoid collision with the grey agents and thus takes a less direct trajectory.
The black agent also moves quickly but takes a tortuous route when congestion occurs near the exit.
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Figure 5. Motion trajectories of agents with default personality factors, although only one factor
is positive. From left to right, the traits are (a) Openness, (b) Conscientiousness, (c) Extraversion,
(d) Agreeableness, and (e) Neuroticism. All trajectories are displayed for an equal length of time.

With the same configuration above, Figure 6 demonstrates the different trajectories of five
agents with distinct personality traits in the hallway with obstacles scenario. The agent with a
positive Extraversion or Neuroticism trait can clearly be distinguished from the crowd. The agent
with a positive Extraversion trait can pass through the crowd at a faster speed than others. The agent
with a positive Neuroticism trait is easily deflected by the movement of the other agents. As for the
remaining types, they take relatively straight trajectories and have no obvious differences under a
non-congested situation.
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Figure 6. Comparison of motion trajectories among five agents with different personality types
in the hallway with obstacles scenario. The agents with positive Openness (blue), Conscientiousness
(green), Extraversion (red), Agreeableness (orange), and Neuroticism (black) traits are highlighted.
The non-highlighted agents (grey) have the default personality traits.

In addition to comparing motion trajectories among agents with five personality traits, we have
simulated the behavior of agents with a different level of each personality trait. Here, agents are
simulated with a positive (i.e., V(i) = 80) or negative (i.e., V(i) = −80) Extraversion trait in the
narrowing passage scenario as an example. Figure 7 shows the results at the same time from two
simulations in which the red agents are assigned a positive Extraversion trait on the left and a negative
Extraversion trait on the right. Agents with a positive Extraversion trait tend to move quicker and closer
to others than those with the negative trait. Furthermore, more agents simultaneously pass through
the exit on the left. Agents with a positive Extraversion trait exit more efficiently in the narrowing
passage than those with the negative trait.

Symmetry 2017, 9, 239  14 of 19 

 

the exit on the left. Agents with a positive Extraversion trait exit more efficiently in the narrowing 
passage than those with the negative trait. 

 
Figure 7. Comparison between (a) red agents with positive Extraversion and (b) red agents with 
negative Extraversion in the narrowing passage scenario for an equal length of time. 

Figure 8 shows a comparison between homogeneous and heterogeneous pedestrian simulations 
in a single-exit room scenario. In the left simulation, all agents have the default personality. In the 
right simulation, the agents have a variety of personalities that are randomly generated. At the 
beginning of the two simulations, the agents are randomly distributed and have no significant 
differences as shown in Figure 8a. When the congestion phenomenon begins to occur (Figure 8b), the 
heterogeneous agents display various behaviors because of their different personality traits. For 
example, most of the agents with a positive Extraversion trait (red) walk at the front of the crowd and 
try to quickly exit by weaving through others. We can see from Figure 8c that the results of the 
homogeneous simulation are symmetrical and artificial when the congestion becomes serious. In 
contrast, the heterogeneous simulation is more reasonable and natural. In the final stage of the 
heterogeneous simulation as shown in Figure 8d, the agents with a positive Conscientiousness trait 
(green) are the majority of individuals who have not yet left the room. This result is consistent with 
the characteristics of self-disciplined pedestrians. 

 
Figure 8. Comparison between homogeneous and heterogeneous pedestrians grouped by 200 
individuals in a single-exit room scenario. The left panels show homogeneous pedestrians, and the 
right panels show heterogeneous pedestrians. 
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negative Extraversion in the narrowing passage scenario for an equal length of time.

Figure 8 shows a comparison between homogeneous and heterogeneous pedestrian simulations
in a single-exit room scenario. In the left simulation, all agents have the default personality. In the right
simulation, the agents have a variety of personalities that are randomly generated. At the beginning
of the two simulations, the agents are randomly distributed and have no significant differences as
shown in Figure 8a. When the congestion phenomenon begins to occur (Figure 8b), the heterogeneous
agents display various behaviors because of their different personality traits. For example, most of the
agents with a positive Extraversion trait (red) walk at the front of the crowd and try to quickly exit by
weaving through others. We can see from Figure 8c that the results of the homogeneous simulation
are symmetrical and artificial when the congestion becomes serious. In contrast, the heterogeneous
simulation is more reasonable and natural. In the final stage of the heterogeneous simulation as
shown in Figure 8d, the agents with a positive Conscientiousness trait (green) are the majority of
individuals who have not yet left the room. This result is consistent with the characteristics of
self-disciplined pedestrians.
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Figure 8. Comparison between homogeneous and heterogeneous pedestrians grouped by
200 individuals in a single-exit room scenario. The left panels show homogeneous pedestrians, and the
right panels show heterogeneous pedestrians.

4.2. Effect of Different Personalities During Evacuation

To reveal how holistic crowd behavior is influenced by different personalities, we have simulated
a pedestrian evacuation in a single-exit room by changing the percentage of pedestrians with a
certain personality trait. Similar to the scenario described above, the scenario is a square room sized
20 m × 20 m with a 1.5 m wide exit in the middle of the wall. The total number of agents is 200, and their
initial locations and directions are given at random in the room. Here, we choose the following five
types as an illustrative example: including agents with positive Openness (O+), Conscientiousness (C+),
Extraversion (E+), Agreeableness (A+), and Neuroticism (N+). Except for these agent types, the other
agents all have the default personality.

In Figure 9, we plot the evacuation time versus the percentage of a certain type of agent in the
crowd. The blue line indicates that the proportion of O+ agents in the crowd has little effect on the total
time of evacuation, and the green and orange lines show that with more C+ or A+ agents in the crowd,
the evacuation can be more effective. The evacuation time decreases with an increasing proportion
of E+ agents in the crowd when the proportion is not very large. Nevertheless, the evacuation time
increases if the proportion is larger than approximately 60%. This result is related to the limitation
of exit width and the occurrence of congestion, thus reflecting the well-known ‘faster-is-slower’
phenomenon. The black line shows that a greater proportion of N+ agents leads to a significant
increase in evacuation time.
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4.3. Validation of the Proposed Model

Evaluating the simulation results for pedestrian dynamical behavior influenced by human
personality is a challenge. Here, the user study method is used to validate the proposed model
because the real data are difficult to obtain and identify. This method has been proven feasible and
effective by previous works [5,10,11]. A user study was completed by 72 participants (33 females and
39 males, ages 16 to 51) who had no previous knowledge of the experiment. Moreover, we repeated
the same test three times to all participants, using new video examples for each time, to avoid testing
them on best-case simulation scenarios only. Before the evaluation, participants were given a brief
explanation of each factor of the OCEAN personality model. We designed a user study consisting of
two sections (the first contains 5 questions and the second contains 10 questions).

The first section was designed to evaluate how well the different levels of each trait of the OCEAN
model could be reproduced by our model. For each question, we created a pair of videos that simulate
the movement of agents with a certain trait in the narrowing passage scenario. In each pair of videos,
the simulations are generated by the highlighted agents with the positive and negative types of the
trait. After watching the videos, the participants were asked to choose which simulation displayed
the positive type trait in question. Figure 10 shows that the success rate for distinguishing between
different levels of personality traits is high, especially for Neuroticism and Extraversion, which are
95.8% and 94.4% respectively, and the rates for Agreeableness, Conscientiousness and Openness are
81.9%, 79.2% and 73.6%, respectively. To test the statistical significance of these results, we use a
two-tailed binomial test to calculate the statistical p-values. The results indicate that the participants
could correctly distinguish the positive and negative traits at a statistically significant rate (p < 0.05).
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The second section was intended to reflect the degree to which the five personality traits could be
distinguished in the simulation by our model. All five positive traits have been compared with
each other; thus, 10 videos presenting evacuation behavior in a single-exit room scenario were
created. In each video, two highlighted groups of agents were assigned different personality traits
(e.g., O+ and C+). In a corresponding question, the participants were asked to select which group was
O+ and which was C+. The results are summarized in Table 5, which shows that most of the OCEAN
personality traits could be correctly distinguished by the participants at a statistically significant rate
(p < 0.05). Among these traits, the E+ and N+ traits were easily distinguished from the other traits.
However, the participants had difficulty distinguishing between the C+ and A+ traits because of their
similar characteristics in movement.

Table 5. Accuracy and p-values for distinguishing traits.

Distinguishing Traits Accuracy p-Value

O+ and C+ 72.2% 2× 10−4

O+ and E+ 78.8% 2× 10−6

O+ and A+ 76.4% 8× 10−6

O+ and N+ 87.5% 4× 10−11

C+ and E+ 91.7% 8× 10−14

C+ and A+ 66.7% 6× 10−3

C+ and N+ 95.8% 2× 10−15

E+ and A+ 79.2% 7× 10−7

E+ and N+ 84.7% 2× 10−9

A+ and N+ 95.8% 2× 10−15

5. Conclusions

In this paper, we propose a new pedestrian model that incorporates fuzzy logic theory into a
multi-agent system to address cognitive behavior that introduces uncertainty and imprecision during
decision-making. This model can describe the imprecise subjective decisions of a pedestrian while
steering. Subjective decisions vary for pedestrians confronted with similar situations. To simulate
heterogeneous pedestrians, the OCEAN personality model is introduced to model the psychological
characteristics of a pedestrian, and it can generate the different decision preferences that represent
the intrinsic control factors of decision-making. The fuzzy relationships between personality traits
and decision preferences are determined by a fuzzy inference system. Finally, a variety of simulations
and validation experiments are implemented in our developed application. The experimental results
show that the proposed model can exhibit more reasonable and heterogeneous behavior in various
scenarios and improve the credibility of the simulation; thus, it can be used to analyse how different
personalities influence the crowd phenomena.

In the future, we intend to consider the aspect of physiological characteristics when simulating the
heterogeneous pedestrian behaviors because pedestrian decision-making in movement is always
subject to physiological conditions. Accordingly, the simulation effect of pedestrian dynamical
behavior can be improved by combining psychological characteristics with physiological characteristics.
Moreover, we intend to study pedestrian behavior in abnormal or unusual situations by adding
an emotion model for the agents because emergent behavior can be profoundly influenced by
instantaneous emotions.
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