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Abstract 

 

Anomaly detection in crowded scenes is an important issue in the field of computer vision. Many researches have 

studied and tried to describe crowd behavior. In this paper, we introduce a novel social-based method for detecting 

abnormal events in crowded scenes called Interaction Energy Force. The method is designed for low-level features 

without object extraction and tracking. The force modeling is based on optical flow fields, and its interactions are 

defined by an energy force inspiring energy propagation phenomena that depend on directions and velocities. An 

energy map is designed to represent the interaction forces corresponding to events, where the abnormal events are 

detected using a thresholding method. Our method was evaluated using the well-known UMN dataset. The results 

show the efficiency of our approach with high accuracy in various conditions. It is a technique that is competitive 

with the state-of-the-art methods currently employed. 
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1. Introduction 

 

In dense crowd situations, such as walking streets, concert halls, markets, ritual places and etc., interactions 

among people in a large group may increase the probability of abnormal events. These events may suddenly 

disturb the convergence or divergence of the crowd’s flow, which may result in uncontrollable security issues. A 

feasible solution to this problem is to use automated visual surveillance systems for monitoring the entire scene 

via video camera and analyzing any abnormal events in the crowd. This involves the automatic detection and 

localization of abnormal events within crowds in order to prevent hazardous accidents in real time, which is an 

extremely challenging problem. 

Crowd analysis can be divided in two levels: macroscopic and microscopic [1]. The macroscopic level focuses 

on the global motion of a group of people and ignores the movement of any single individual. The microscopic 

level concerns the movement of each person within a crowd.  

Analysis of crowded scenes could be based on knowledge derived from both vision techniques and dynamic 

models of crowds. Feature extraction using computer vision plays an important role in the crowd scene analysis. 

Motion features are the basis of crowd analysis and can be classified into three types: flow-based features, local 

spatio-temporal features, and tracklet features. Flow-based features are extracted densely at the pixel level. The 

optical motion flow fields between consecutive frames are computed pixelwise instantaneously [2], which is a 

robust method to ascertain the motion of multiple objects. This method is popular for motion detection and 

segmentation [3-5]. Spatio-temporal features, such as the 3D gradient detectors [6 & 7] and HOF descriptors [8], 

are generally used to characterize the structure of object movement in the scene. These features are widely used 

in the analysis of extremely crowded scenes. Tracklet features are defined by the trajectories of objects and are 

suitable for scenes with low crowd density and high resolution. For example, trajectories are used for recognizing 

the human action [9] and learning semantic regions [10]. 

Dynamic crowd modeling is used by many researches to study how/where crowds form and if they exceed a 

critical level. This technique is also used in the modeling of crowd behavior. Dynamic crowd modeling can be 

divided in two major categories: continuum-based approaches and agent-based approaches [11]. The first kind of 

approach uses physics-inspired models [12] in which the crowd is treated as a physical fluid with particles, and 
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physics principles, such as statistical mechanics, thermodynamics, etc., are applied. However, although these 

methods are able detect the group behavior, the movements of each individual in the crowd is ignored. Agent-

based approaches, on the other hand, consider the movements of and interactions among individuals in the crowd. 

A novel model, called the Social Force Model (SFM), has been proposed to define the behavior of crowded scenes 

by focusing on the interactions among individual people [13]. Recently, many SFM-based methods have been 

adopted as basic models for crowd behavior analysis [14] & [15]. However, these SFM methods are developed 

based on physical parameters and do not account for the velocity field of people’s interactions. As a result, they 

cannot detect abnormal events on both the local and global levels simultaneously.  

In this paper, we propose a novel social-based method, called Interaction Energy Force (IEF) inspired by 

energy propagation phenomena, which define interaction force depending on both physical variables and velocity 

fields of people’s interactions. This model is featured from optical flow fields, and its energy map visually 

represents the interaction forces that are later used for detecting abnormal events.  

The rest of this paper is organized as follows: in Section 2, we describe the idea of Energy Force Modeling by 

mathematical formalization; in Section 3, we explain an overview of abnormal detection in crowded scenes; in 

Section 4, we illustrate the experiments and results; finally, we conclude this paper in Section 5. 

 

2. Energy Force Modeling 

 

2.1 Optical Flow Estimation 

 

The optical flows are estimated to define the motion of objects between any two consecutive frames, which 

represents the transition from time t-1 to t. Its quantities, magnitude and direction, can be defined as vectors. Thus, 

the motion of the object with respect to time can be described as follows: 

 

 𝐫⃑(𝑡) = 𝐱(𝑡) − 𝐱(𝑡 − 1)         (1) 

 

where 𝐱(𝑡) = [
𝑥
𝑦]

𝑡
and 𝐱(𝑡 − 1) = [

𝑥
𝑦]

𝑡−1
 

Pedestrians usually walk in a targeted direction 𝐱(𝑡)with a certain desired speed 𝑣⃑(𝑡). The acceleration can, 

thus, be described by the equation: 

 

 𝑎⃑(𝑡) =
𝑣⃑⃑(𝑡)−𝑣⃑⃑(𝑡−1)

∆𝑡
         (2) 

 

2.2 Distance Energy 

 

Distance energy describes the propagation of velocity as energy propagation from its origin with regard to 

distance. The closer to the origin, the more energy is gained, and the farther from the origin the less energy is 

gained. For example, if people were to walk into a scene, their distance energy would be low. By contrast, if they 

were to run into the scene, their distance energy would be high. The concept is implemented into a model as 

expressed by the equation below: 

 

 𝐕(‖𝐫⃑(𝑡)‖) = 𝑘1
1

√2𝜋
𝑒−

(‖𝐫⃑(𝑡)‖)2

2𝜎         (3) 

 

where ‖𝐫⃑(𝑡)‖ = √(𝑥𝑡 − 𝑥𝑡−1)2 + (𝑦𝑡 + 𝑦𝑡−1)2 , 𝐕(‖𝐫⃑(𝑡)‖) is the distance energy with respect to 𝐫⃑(𝑡), and 𝑘1 is 

constant value. The 𝜎 value is estimated at double the size of the pedestrian in the scene at 𝐕(‖𝐫⃑(𝑡)‖) = 0.1. The 

distance energy forms a Gaussian distribution, in which the maximum value is one. 

 

2.3 Spreading Energy 

 

Spreading energy is defined as the propagation of velocity from its origin into the surroundings regarding the 

principal direction of the movement. Our model is inspired by the propagation of energy from its source. The 

spreading direction of energy’s ray depends on its velocity. Lower speeds of movement influence a wider angle 

of energy propagation, conversely higher speeds produce a closer angle. Spreading energy is defined as: 

 

 𝛽(𝑣(𝑡)) = 𝑘2𝑒−𝑘3𝑣(𝑡)         (4) 

 

where 𝛽(𝑣(𝑡)) is the angle of spreading energy ranging from 0 to 180 degrees, 𝑘2, 𝑘3 are constant values, and 

𝑣(𝑡) is the velocity of movement. 
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The propagation of energy will be spread out uniformly over the direction of pedestrian flow, depending on 

the degree of angle and velocity, which is defined as the Gaussian distribution shown in Figure 1. 

 
Figure 1. The energy distribution of a flow. 

 

The energy distribution of flow is defined as follows:  

 

 𝐔(𝛼)𝛽(𝑣(𝑡)) = 𝑘4
1

√2𝜋
𝑒

−
(𝑟 cos

𝛽
2 tan 𝛼)2

2𝑟 sin
𝛽
2         (5) 

 

where 𝐔(𝛼)𝛽(𝑣(𝑡)) is the energy distribution of flow with respect to 𝛽(𝑣(𝑡)) at angle 𝛼 = [0 … 𝛽], and 𝑘4  is 

constant value. 

 

 
Figure 2. Overview of anomaly detection in crowded scenes. 

 

 
Figure 3. Perspective transformation: a) the original scene, b) the scene after using the perspective 

transformation 

 

2.4 Interaction Energy Force 

 

In the previous sections, the distance and spreading energies are defined for an optical flow in the field. Each 

optical flow will have a total energy called Interaction Energy Force (IEF), as defined in the following equation: 

 

 𝐅 = 𝐕(‖𝐫⃑(𝑡)‖)𝐔(𝛼)𝛽(𝑣(𝑡))         (6) 

 

A pedestrian in the field could be represented by more than one flow, and our model must be able to unify the 

energy of these flows. On the other hand, the optical flow from different pedestrians must be distinctive and able 

to characterize possible conflict or abnormal events. We define the combination of the Interaction Energy Force 

(IEF) at a certain point in the scene by the following equation: 

 

 𝐓 = ∑ 𝐅𝑖
𝑁
𝑖=1           (7) 
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where N is the number of optical flows. 

In our abnormal detection, the optical flow will be estimated in a grid-based manner. Then, the Interaction 

Energy Force (T) will be computed at every grid. 

 

3. Abnormal Detection using IEF Model 

 

In this section, we introduce an abnormal detection technique using the IEF model described above. The system 

is summarized as consisting of three main steps: calibration, IEF modeling, and abnormal detection, as shown in 

Figure 2. 

The perspective distortion due to the angle of the camera has a significant effect on the images captured, which 

eventually influence the IEF modeling and the abnormal detection process. We fix this problem by using the 

homography technique (Figure 3), which is able to reconstruct the images using perspective distortion. The 2D 

homography as homographic transformation is defined by a 3 × 3 homogeneous matrix (H) that maps any points 

𝑝(𝑥, 𝑦) on plane 𝜋 to their corresponding points 𝑝′(𝑥′, 𝑦′) on 𝜋′as follows: 

 

 𝑝′ = 𝐇 ∙ 𝑝          (8) 

 

 (
𝑤𝑥′

𝑤𝑦′

1

) = (

𝑎   𝑏   𝑐
𝑑   𝑒   𝑓
𝑔   ℎ   𝑖

) (
𝑥
𝑦
1

)         (9) 

 

 

After applying the distortion removal to each frame, we used the IEF model to represent the interaction 

between people in the crowded scene. For each frame, the motion information was estimated via optical flow field 

using grid-based particle advection. The optical flows are necessary to calculate the energy force for every grid 

of the frame. The size of the grid is an important factor that needs to be chosen carefully in order to reduce time-

consumption and increase the accuracy of the system. We intuitively applied the Shannon sampling theory [17] 

to estimate the maximum of sample rate at which motion information can be extracted with low error probability. 

Then, the number of optical flows were extracted and limited to twice of channel bandwidth, assumed to be twice 

the size of the relevant moving object. If the grid size is greater than the size of people being tracked, motion 

information will be lost. When the energy force of each frame is ready, abnormal detection can proceed. In this 

study, the decision method used for detecting abnormal events is based on a thresholding technique in order to 

emphasize on the capacity of the IEF model. Thus, a frame is detected as containing an abnormal event only if its 

maximum IEF energy is greater than the threshold. In the next section the optimal thresholds are empirically 

estimated based on experiments. 

 

4. Experimental Results 

 

Our method was implemented using C++ and open source library for Computer Vision (OpenCV). All 

experiments were tested on a PC with 4GB RAM and 3.10GHz CPU. 

 

4.1 Simulation of the IEF Model 

 

Figure 4 shows the simulation results of the IEF model relating to the objects in the scene moving at different 

speeds and directions, computed among consecutive frames. This figure represents the possible directions of 

movement and depicts the energy field obtained from our method at a specific angle and various speeds, where 

its velocities are 5, 10, 15, and 20 pixels/frame. A color map of is used to represent the energy values. Blue color 

represents low energy whereas green, yellow, and red colors each represent consecutively higher energy levels. 

We can observe that an energy force with low speed can have a wide spread and propagate at a short distance. 

Conversely, higher speeds will have higher energy that propagates at a narrow angle and long distance. 

 

4.2 Simulation of IEF Model Experimentation with the UMN Dataset 

 

We evaluate the performance of our technique for abnormal event detection in crowds using the UMN dataset, 

which is well-known and publicly available as a benchmark [16]. This dataset consists of eleven videos taken at 

three different locations, including indoor and outdoor scenes. The scenario is set up as follows: initially the 

pedestrians are walking slowly, and then they suddenly panic and begin running in different directions. This 

dataset contains 7739 frames. 
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Figure 4. The simulation results of IEF energy model. 

 
Figure 5. Results of scene 1: a) Examples of abnormal frames, b) Maximum energy, c) Examples of normal 

frames 

 
Figure 6. Results of scene 2: a) Examples of abnormal frames, b) Maximum energy, c) Examples of normal 

frames 
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Figure 7. Results of scene 3: a) Examples of abnormal frames, b) Maximum energy, c) Examples of normal 

frames 

 

In our experiments, we used the optimal constant values of 𝑘1 to 𝑘4  as follows: 2.5, 180, 0.25, and 2.5. Figures 

5a, 6a, and 7a show the experimental results of abnormal events with their energies. Figures 5c, 6c, and 7c depict 

examples of frames and interaction energy when there are no abnormal events. In Figures 5b, 6b, and 7b, the blue 

curve shows the maximum energy of every frame, representing the behavior of peoples in the scene. The values 

of maximum energy are normalized, ranging from 0 to 255. The red curve is the ground truth representing 

abnormal events (at energy level 255) and normal events (at energy level 0). The optimal threshold value to 

classify the frame as containing either a normal or abnormal event is represented by the green line. For example, 

in Figure 5 (videos 1 and 2 of scene one), the 250th and 1100th frames are normal events, where people walk 

slowly and have very few interactions among them, which means their maximum energies are low. By contrast, 

in a panic event, the speeds and interaction forces among people in the crowd will be higher than in a normal 

event. In this manner, the 512th and 1313th frames were detected as panic events. 

We used the standard measurement Receiver Operating Characteristic (ROC) for evaluating our abnormal 

event detection technique in experiments. The ROC curve was computed at a frame-level measurement in the 

three scenes in the UMN dataset. Table 1 shows the experimental results in terms of ROC curve based on energy 

force. 

 

Table 1. The comparison of our technique with the state-of-the-art methods for anomaly detection in the UMN 

Dataset.  

Method Area under ROC 

Optical Flow [14] 

Social Force [14] 

Proposed method in scene 1 

• Video 1 

• Video 2 

Proposed method in scene 2 

• Video 3 

• Video 4 

• Video 5 

• Video 6 

• Video 7 

• Video 8 

Proposed method in scene 3 

• Video 9 

• Video 10 

• Video 11 

Proposed method in all scenes 

0.84 

0.96 

 

0.985 

0.976 

 

0.97 

0.971 

0.962 

0.978 

0.969 

0.96 

 

0.986 

0.976 

0.98 

0.974 
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We noticed that the performance of the proposed method was better on scenes 1 and 3 than on scene 2. This 

is likely because scene 1 and 3 are outdoor scenarios with crowds of pedestrians whose movements are mostly 

localized and clear. On average, the accuracy of this method in both scenes was about 0.98. The highest levels of 

accuracy were in video 1 of scene 1, and video 9 of scene 3, at 0.985 and 0.986 respectively. We found that the 

inaccurate results in some videos of scene 1 and scene 3 were due to the shadows and slow velocities at the end 

of the video, where the ground truth is always defined as abnormal events. The overall accuracy of our proposed 

method is 0.974  (the ROC is illustrated in Fig. 8), which is slightly higher than the conventional methods (0.84 

for the optical flow and 0.96 for the social force). With scene 2, our method was almost 1.3% less accurate than 

on scenes 1 and 3, at a 0.968 in average, but still boasted a 12% improvement over optical flow, and was 

comparable to the social force method. The lower accuracy on scene 2 was caused by some aspects of the indoor 

setting, such as shadow, low contrast, changing illumination due to door opening, cloth color (with regard to the 

background where the motion detection is erroneous), and unexpected individual movements. 

Finally, we found that the accuracy of our proposed method depends on grid sizes and threshold values. 

Experimentally, the appropriate grid size is fixed proportionally to the size of pedestrians in the scene. 

Consequently, the suitable grid sizes for scene 1, scene 2, and scene 3 are 20, 16, and 20 pixels, respectively. We 

defined three different threshold values for the three scenes by practices in order to obtain good results. The 

environment of the scene affected the selection of parameters. 

 

 
Figure 8. The ROC for abnormal detection in the UMN dataset: a) our method, b) the state-of-the-art method [14] 

 

5. Conclusion 

 

We proposed a new social-based method, called an IEF model, to be used for anomaly detection in crowded 

scenes. Our technique is inspired by energy propagation phenomena. The model of interaction force and its 

characteristics are thoroughly described. We use a thresholding method for anomaly detection in order prevent 

bias in the efficiency of our proposed model. We tested our method on a UMN dataset, by which abnormal events 

can be detected at a high accuracy of around 0.98 on average, regardless of conditions such as occlusion or 

interaction among pedestrians. Our technique is competitive with the state-of-the-art methods. 
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