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Abstract. The development of novel techniques for social modeling in
the context of surveillance applications has significantly reduced manual
processing of large and continuous video data. These techniques for social
modeling widely cover crowd motion analysis since the impact of social
modeling on crowd is significant. However, existing crowd motion anal-
ysis methods face a number of problems including limited availability
of crowd data representing a specific behavior and weaknesses of pro-
posed models to explore the underlying patterns of crowd behavior. To
cope with these problems, we propose a novel method based on energy
modeling and social interaction of individual particles in crowd to detect
unusual behavior. Our method describes collective dissipative interac-
tions among particles in a crowd scene. We reveal the changing patterns
about the crowd behavior states, to support the conversion between dif-
ferent social behaviors during evolution. To further improve the perfor-
mance of our method, virtual reality can be considered to consolidate
the acquisition of data associated with a particular behavior. Therefore,
we provide theoretical background of immersive implication considering
virtual reality that can expose individuals to virtual crowds and acquire
useful data on human motion and behaviors in crowds. The experimen-
tal evaluation of our energy and social interaction driven method shows
convincing results.

Keywords: Virtual reality · Crowd analysis · Social modeling ·
Anomaly detection

1 Introduction

Video analysis of crowded scenes in different places such as public parks, uni-
versities, stadiums and stations has received significant interest in surveillance
applications that aim to detect different unusual behavior [25,28]. An unusual
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behavior occurs less frequently and is aberrant from those usual ones that fre-
quently take place in crowd scenes. Manual analysis of surveillance videos to
identify such behaviors is a highly time consuming process. In situations where
a stampede or panic is reported, often many days of recordings need to be
checked. It is, therefore, highly possible that due to manual error such abnor-
malities might cost a lot, and so, automatic systems are particularly beneficial
in such situations. The description of unusual activities in complex crowd scenes
like pedestrian walkways and stadiums is an arduous task, as an unusual behav-
ior can be anything ranging from a panic situation to a stampede. In fact, it
is difficult to develop an exhaustive list of all unusual behaviors. Therefore, a
technique developed for any unusual behavior detection must be significantly
driven by generalization capabilities to handle any such situation.

In the literature, different methods [4,24,26] are proposed for unusual crowd
behavior detection. For instance, Kasudiya et al. [15] proposed the use of a wire-
less sensor network for monitoring the crowd and their behavior. Singh et al.
[23] proposed aggregation of ensembles for detecting an anomaly in video data
showing crowded scenes, which leverage the existing capability of pre-trained
ConvNets and a pool of classifiers. Their method uses an ensemble of different
fine-tuned convolutional neural networks based on the hypothesis that different
network architectures learn different levels of semantic representation from crowd
videos and thus an ensemble will enable enriched feature sets to be extracted.
Behera et al. [3] investigated that the behavior of a dense crowd can be approxi-
mated using well-known physics-based models. They proposed a computer vision
guided expert system with the help of a Langevin equation-based force model
to represent the linear flow of the crowd, particularly in situations when the
density is high. Hatirnaz et al. [12] introduced optical flow based features for
abnormal crowd behaviour detection. They annotated surveillance videos using
a new semantic metadata model based on multimedia standards using semantic
web technologies. In this way, globally inter-operable metadata about abnor-
mal crowd behaviours are generated. Then based on crowd behaviours a novel
concept-based semantic search interface is proposed. Ullah et al. [27] used a mod-
ified variant of the social force model to highlight potential particles of interest
for crowd behavior analysis. Hu et al. [13] proposed a parallel spatial-temporal
convolution neural networks model to detect and localize the abnormal behavior
in video surveillance. For crowd behavior analysis, Cheung et al. [5] proposed
a method composed of two components: a procedural simulation framework to
generate crowd movements and behaviors, and a procedural rendering framework
to generate different videos or images.

Unusual crowd behavior detection is a challenging problem due to com-
plex social relationship among individuals in the form of groups. The methods
we discussed in the literature do not fully exploit social modeling to develop
robust model for unusual crowd behavior detection due to the associated issues.
For instance, interaction modeling is a problem when huge number of objects
are present in a crowded scene. Also, within the same scene, the behavior of
individuals may vary greatly, due to which, distinguishing between anomalies
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and a normal event is a difficult task. To address these issues, we propose a
novel method considering the energy and social interaction based modeling. Our
method is characterized by unique social interaction representation since we
take into account the characteristics of neighboring particles. Our method can
be extended to any type of unusual crowd behavior detection. Additionally, we
present theoretical background related to virtual reality to improve the perfor-
mance of our proposed method. In fact, virtual reality is a powerful platform to
understand the hidden patterns in crowd scenes.

The rest of the paper is organized as follows: Sect. 2 illustrates the proposed
methodology and describes the working of each of the components. In Sect. 3,
we present the theoretical background about the use of virtual reality to improve
the performance of our proposed method. In Sect. 4, we describe the experiments
performed for the validation of the proposed model and compare its performance
with other reference methods. Section 5 concludes our proposed method.

2 Crowd Analysis

We present an energy model inspired by [18] to calculate the energy of the
interacting particles. Our interaction model takes into account the collisions
that occur in unusual crowd behavior. This model is based on the concept to
describe collective dissipative interactions among particles in a crowd scene. Our
modeling of particle interactions in the regime of crowd analysis redefined the
entropy through information theory. This broadened the picture and allows the
concept of entropy to permeate the area of crowd motion analysis.

We initialize a set of particles over the video frame. The particle initial-
ization represents the localization of pixels positions uniformly spread over the
video. We then track the initialized particles using the Lucas-Kanade optical
flow technique. Since we are interested only in the particles associated with the
moving entities instead of static regions, we propose an energy model in Eq. 1
for retaining the moving particles.

η =
1

|p − 1| (|1 −
N∑

i=1

(p)qi |) +
N∑

i=1

sin(qi)
2sin|qi − p| (1)

In the equation, p represents the velocity of central particle and qi repre-
sents the velocity of a neighboring particle in a localized region. In fact, our
model moves away from the traditional way of handling interaction and energy
dissipation related to unusual crowd behavior. Our model is well-defined for
particle interactions and it gives physical meaning to the associated parameters.
We assume that the crowd scene is associated with N particles. An individual
particle moves with a velocity p. According to Eq. 1 we filter out static particles
and retain particles associated with motion in crowd scene. Our model resem-
bles with the model of kinetic theory of gases; the collisions of particles with
each other are elastic. If we consider crowd as a system, then this crowd system
with unusual behavior would be totally out of equilibrium system. The initial
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state and all subsequently intermediate states of the crowd system are a non-
equilibrium thermodynamic system. The particles interact with each other and
we will simplify that interaction by assuming that they only do it by collisions
since we are targeting unusual crowd behavior. In general, in this system the par-
ticles lose and gain energy just by the collisions. Considering the forced state to
the equilibrium state, these particles will collide with each other multiple times
in such a way that they can lose energy. Then, those particles dissipate energy
to the surroundings due to the shocks, but we will assume that the interaction
is made in a peculiar way; when they collide with different energies there is no
loss of energy, this is when the difference exceeds a certain amount.

The benefits of interaction can drive the evolution of a crowd structure that
represents different behaviors. The social interaction of individuals in a group is
an emerging methodology to research the theory of crowd behavior. In light of
this, we mimic group theory, and then develop our method to solve the complex
problems associated with unusual crowd behaviors. Group theory is based on
the studies of collective phenomena such as flocks of birds, colonies of ants, and
swarms of bees to model biological swarms. These models have been applied as
nature-inspired algorithms for solving complex problems in the real world. In
fact, the influence of biological analogies is attested by subfields of computer
science, such as artificial neural networks, genetic algorithms, and evolutionary
computation. For example, the particle swarm optimization (PSO) model [16]
is inspired by the social behavior of bird flocking, the ant colony model (ACO)
[8] is based on the division and cooperation of ants foraging, the artificial bee
colony (ABC) model [14] is constructed by mimicking the cooperative behavior
of bee colonies, and the social spider optimization (SSO) model [7] is based on
the simulation of cooperative behavior of social-spiders. Each of these algorithms
has its own characteristics. Their modeling processes and effective mechanisms
inspire us when developing our own method for crowd behavior detection.

We consider the retained particles according to Eq. 1 to find out particles
representing unusual crowd behavior. For this purpose, our proposed method
is based on social behavior modeling [10] to detect unusual crowd behavior.
We model the mechanism between Leaders and Followers particles to infer local
dynamics. In this way, our method reveals the changing patterns about the crowd
behavior states, to support the conversion between different social behaviors dur-
ing evolution, to demonstrate crowd behaviors from social grouping perspective,
and to avoid the integration of one crowd behavior with another. In fact, our
model analyzes the behavior of social groups, the changing patterns of different
behaviors, and to set the changing patterns as behavior’s criterion of a crowd
state. In addition, the mathematical model of our method is deduced from the
group theory, crowd dynamics, and the crowd motion pattern theory.

According to the social model [10], the position and velocity of a central
particle pi are xpi(t) and vpi(t), respectively. The position and velocity of a
surrounding particle qj is xqj(t) and vqj(t). In the (t+1)th iteration, the position
and velocity of particle i will be updated as,
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vpi(t + 1) = w × vpi(t) + (
1
N

N∑

j=1

vqj(t) − vpi(t)) (2)

xpi(t + 1) = xpi(t) + (vpi(t + 1) × δ(t)) (3)

In the equation, w is a parameter which is set equal to a fixed value during
the experiments. The above equations do not take into account the orientation
information of particles. The particle status process belongs to the exploration
behavior of the central and surrounding particles. This process reveals the change
rule of social population in term of localized crowd, and supports the conversion
between different social behaviors during evolution. Therefore, such equations
should be adjusted to include velocity, position, and angle. To consider all the
information into a unified equation (Mp,q), the modeling is performed as pre-
sented in Eq. 4,

Mp,q =
N∏

j=1

p,qj∫
p,qj

2wvpi + (ϕ + sinθ)dθ

4d2
(4)

where N is the total number of surrounding particles qj and vpi is the velocity
of the central particle pi. ϕ is the prior average orientation information of all
the surrounding particles qj . θ is the angle between the central particle pi and
a surrounding particle qj . d is Eucleadien distance between particle pi and qj .
Equation 4 classifies each particle pi as belonging to unusual crowd behavior or
normal crowd behavior. This equation renders the classification characteristics
of each particle. Therefore, it could be treated as features to identify and detect
crowd behavior as a whole.

3 Crowd and Virtual Reality

Mathematical modeling of social behaviors of crowd present significant success
in the field. However, some limitations still exist to fully characterize crowd
representing different behaviors. These limitations include limited availability
of crowd data representing a specific behavior, weaknesses of proposed models
to explore the underlying patterns of crowd, the perception and understanding
of an unusual crowd behavior from first person point of view to ensure people
safety, and the impact of varying densities of crowd on individuals. To improve
the performance of proposed models and to cope with the key challenges, virtual
reality platforms can be exploited since virtual reality has been successfully used
for wide range of applications including medical education [2], rehabilitation
[11], and data visualization [9,17] to name a few. In fact virtual reality is a
powerful platform to acquire useful data on human motion and behaviors in
crowds. It allows exposing individuals to virtual crowds: only one individual is
required to observe holistic behavior in crowded situations. In the virtual reality,
stimuli can be properly controlled and repeated over several individuals. These
characteristics have made virtual reality a significant tool to perform experiments
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in socio-psychology, spatial-cognition, and motion control. In fact, this platform
is an effective tool to study how we navigate in crowds. To effectively use virtual
reality platform, we have to ensure the validity of obtained data in various crowd
situations, perform proper modeling so that locomotion trajectories in virtual
environment are similar to reality trajectories, minimize the affect of interaction
loop in virtual reality on user behavior, and ensure that the visual feedback in
virtual reality enables participants to make realistic navigation decisions.

To address the aforementioned limitations considering virtual reality, two dif-
ferent approaches can be considered to deal with unusual crowd behaviors. The
macroscopic approach considers the crowd as a single entity and the microscopic
approach considers that global crowd pattern emerge from local interactions
between individuals. The use of virtual reality in analyzing crowd motion have
a wide range of applications, from training personnel to ensure people safety in
crowd, to architecture in building analysis and emergency evacuation studies.
The significant impact of virtual reality can be used to extract more and more
realistic crowd patterns to enlarge the available patterns associated with a par-
ticular crowd behavior. In this context, we define realism as a match between
extracted crowd patterns from virtual environment and real patterns extracted
from real crowd data. To provide realism to crowd motion analysis for unusual
behavior identification, there is a need to understand and model how humans
move and behave during local interactions with their neighborhood in virtual
conditions. To extract patterns from virtual environment, we have to consider
the underlying modeling of human motion and interactions in various situations
(several kinds of motion or interactions) and take into account multiple factors
such as sociological or psychological ones.

Data can be extracted from virtual environment if we consider uncertainties
on people states and motivations and other uncontrolled factors. The virtual
environment [21] is based on local interactions between individuals. Many inter-
actions occur between walkers, with many factors of influence. There is a need
for observations of individuals facing interactions in crowds to better understand
them and improve the level of realism in virtual environment. Considering the
presented information about virtual reality in the context of crowd behavior
analysis, virtual reality can be used as an experimental tool to perform such
observations with an accurate control of experimental conditions.

4 Experiemental Evaluation

We assess the performance of our social interaction based method for unusual
crowd behavior detection on a standard dataset available publicly that is UMN
[1]. The UMN dataset (as shown in Fig. 1) from the university of Minnesota
consists of videos representing unusual crowd behavior. There are three differ-
ent indoor and outdoor scenes showing 11 different scenarios of unusual crowd
behavior. In total, there are 7739 frames and the resolution of each frame is
320× 240 pixels. The initial part of each video consists of normal behaviors of
pedestrian walking and standing.
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We compare the results with four closely related reference methods: spatio-
temporal anomaly model (STAM) [20], abnormal behavior model (ABM) [6]
and crowd influence model (CIM) [22]. For quantitative evaluation of unusual
crowd behavior detection, the equal error rate (EER) for frame-level and the
detection rate (DR) for pixel-level analysis are calculated to measure the over-
all performance. In the literature, the frame-level criterion is mostly used by
researchers. The frame-level criterion only measures temporal localization accu-
racy. It could cause errors due to lucky detection of unusual crowd behavior.
Therefore, it assigns a perfect score to a model that detects unusual behavior at
a random location of a frame. By considering this fact, it seems that the pixel-
level criterion is much better evaluation criterion. Therefore, we use both the
temporal and spatial accuracies to rule out random detection. Both criteria are
based on true-positive rates (TPR) and false positive rates (FPR). The presence
and absence of unusual behaviors are represented by a positive and a negative,
respectively. This is compared to the frame level ground-truth, to determine the
number of true and false-positive frames. Similarly, pixels related to the unusual
crowd behavior are compared to the pixel-level ground-truth to determine the
number of true-positive and false-positive.

Fig. 1. UMN dataset. Four different scenes are shown representing unusual crowd
behavior where people are running in different directions randomly.
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Table 1. UMN dataset. Equal error rate (EER) and detection rate (DR) for the
reference methods and our proposed method are presented in the first row and the
second row, respectively. Lower EER and higher DR represent better performance.

Dataset STAM ABM CIM Prop.

UMN 21 34 19 17

55 61 68 71

For quantitative performance, we calculated the average EER and average
DR for UMN dataset reported in Table. For better performance, the EER rate
should be lower and the DR rate should be higher. As can be seen in the table,
our proposed method outperforms all the reference methods: STAM [20], ABM
[6], and CIM [22]. These results show that there is a significant advantage of
our proposed method that uses energy and interaction based modeling bringing
forth strong generalization capabilities. In fact, the reference methods based on
shallow features cannot cope with the adaptively changing sparse movement of
the people flows where dynamic motion and occlusions exist. Also the reference
methods finds raw features without taking into account the appearance infor-
mation. Furthermore, STAM [20], ABM [6], and CIM [22] fail to encode unique
motion patterns because informative movements only occur in specific regions of
the videos. Our proposed method represents high quality description of unusual
crowd behavior with the energy and social interaction components. Therefore,
we outperform the reference methods in both frame-level and pixel-level analysis.
Presenting results based on both criteria reveal the effectiveness of our method.

To use virtual reality for crowd behavior analysis, Unity [19] cross-platform
engine can be considered as a powerful tool for crowd behavior research. It can be
explored for the ability to create three-dimensional visual scenes and to measure
responses to the visual stimuli for testing the hypotheses in a manner and scale
that were previously unfeasible (Table 1).

5 Conclusion

We proposed a novel method for unusual crowd behavior detection. Our proposed
method represents high quality description of unusual behavior in term of energy
and interaction modeling. We also provided the background of using virtual
reality platform to improve the performance by extracting of crowd patters from
virtual environment. The performance of our proposed method is tested on a
standard dataset and compared to three closely related reference methods. The
performance metrics EER and DR show that our method outperforms all the
reference methods in both frame-level and pixel-level analysis.

As a future work, we would also extend our proposed method to take into
account the benefits of virtual reality platforms.
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