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Abstract – This paper is about developing an Intelligent 

Video System which takes advantage of the latest technology 

and research enhancement. The goal is to let such a system 

automatically recognize an abnormal human behavior. We 

realized it and implemented it with a several scenarios using 

the SVM model. The results were excellent as we reached the 

rate of less than 1% of false positives in certain conditions. 

Many datasets have been developed for such activities like 

the UT-Interaction dataset and the UCR Video web dataset. 

As far as our work was concerned, we used a dataset we 

developed within the university premises containing both 

simple and complex activities. The experimental results on 

real-time video streams show the feasibility of our system and 

its effectiveness in human activity tracking and recognition.  

 

Keywords – Abnormal Behavior, Real-Time Detection, 

Multi-Camera Tracking, Video Surveillance.  

 

I. INTRODUCTION 
 

Modeling activity and understanding behavior are 

fundamental for visual surveillance and for many other 

applications [1, 2]. However, it is unlikely that a global 

solution exists for all the event understanding problems. 

One can rather think of the many methods for abstraction 

and event modeling as a toolbox with each tool being 

called upon to address a specific type of problem [3]. For 

this analogy to be apt, we must have a good understanding 

of both our tools (i.e. methods for abstraction and event 

modeling) and our problems (i.e. various event domains).  

The major challenge in this research area (understanding 

video events) is translating low-level inputs into a 

semantically meaningful event description [4]. Robustness 

of activity detection, tracking and understanding modules, 

and occlusion handling [5]are crucial problems still to be 

investigated in a more systematic manner [6].The 

robustness of a recognition process under challenging 

conditions (lighting change, etc) remains one of the 

recurrent open problems. Also, understanding the scene 

context is essential as it helps considerably obtain a 

meaningful interpretation of a given video event [7]. In 

this context, we realized an IVSS and implemented it with 

a several scenarios using the SVM model. The results 

were excellent as we reached the rate of less than 1% of 

false positives in certain conditions. Many datasets have 

been developed for such activities like the UT-Interaction 

dataset and the UCR Video web dataset. Designing an 

activity recognition system which is able to compensate 

for such low-level failures is an extremely challenging 

task. It is relatively simple to classify a simple action in a 

limited video stream. By opposition, it is now very known 

in the scientific community that a more complex scenario 

in a long video sequence containing multiple activities is 

by far more difficult. In fact, detecting the starting and 

ending points of all occurring activities in the video is 

necessary but hard. As far as our work was concerned, we 

used a dataset we developed within the academic 

environment premises containing both simple and 

complex activities. The experimental results on real-time 

video streams show the feasibility of our system and its 

effectiveness in human activity tracking and recognition. 

This paper is organized as follows: Section 2 gives an 

overview on the state of the art. Section 3 will cover the 

system architecture of our IVSS. The Application of the 

SVM approach to the abnormal behavior recognition will 

be discussed in section 4. Finally, this paper will be closed 

by a conclusion and research directions for the future. 

 

II. STATE OF THE ART 
 

In the intelligent video surveillance systems, the interest 

is in identifying an abnormal activity. An abnormal 

activity could be a forbidden move in a given sport 

discipline; an unacceptable (rule violation for example) car 

move in traffic. Researchers, generally, divide activities to 

different categories based on the complexity or their 

recognition. For example, ‗running‘ or walking could be 

classified as not complex as they do not contain 

extraneous variation, whereas activities like multi-people 

interaction are labeled as complex [7]. The main objective 

of Automated Surveillance Systems in public places 

requires detection of abnormal and suspicious activities as 

opposed to normal activities [8]. It should be able to alert 

the human operator of an existing suspicious activity like 

―A person leaving a bag in a subway station‖. 

Furthermore, the ―false alerts‖ and ―unresponsiveness to 

real threats‖ should be brought to minimum. During the 

last 2 decades, thankful efforts were made by the research 

and engineering communities in order to develop 

successful Intelligent Video Surveillance Systems (IVS) 

[9], either for commercial or research purposes, in order to 

answer to those specifications and challenges.  The 

―Visual Surveillance and Monitoring (VSAM)‖ [10], the 

―Annotated Digital Video for Intelligent Surveillance and 

Optimized Retrieval(ADVISOR)‖ [11],or the ―Smart 

Surveillance System (S3) of IBM‖ [2]are good examples 

of such systems. Unfortunately, these works and others in 

this field are generally seen as sets of pieces that act 

separately to detect specific events in particular scenarios 

far from a global analysis [12]. It is well established in the 

computer vision community that some outputs of research 

efforts in the topic of human behavior understanding could 

also be used in other interesting fields like healthcare 

(elderly and children real-time monitoring), human-

computer interaction [13], intelligent environments [14], 

the entertainment industry and robot learning and control 

[15]. Researchers have focused on developing various 

recognition algorithms using space-time representations to 
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correctly match volumes, trajectories, or their features [4]. 

Activity recognition is done by matching the model with 

the volume constructed from inputs. Neighbor-based 

matching algorithms (i.e. discriminative methods) have 

also been applied widely. In the case of neighbor-based 

matching, the system maintains a set of sample volumes 

(or trajectories) to describe an activity. The recognition is 

performed by matching the input with all (or a portion) of 

them. Finally, statistical modeling algorithms have been 

developed, which match videos by explicitly modeling a 

probability distribution of an activity [16]. An interesting 

fact has to be pointed out though: Efforts have been and 

continue to be done towards liberation from segmentation 

and tracking in activity analysis [17]. If, for example, the 

tracking algorithm does not extract the object of the focus 

of attention, recognition of the activity being performed 

becomes more difficult. 

 

III. SYSTEM ARCHITECTURE 
 

Video surveillance is increasingly found in academic 

institutions [18]. It is used to oversee the safety of faculty 

members, staff and students, as well as to protect assets 

from vandalism and theft. Moreover, the campuses may be 

extensive, especially in the case of universities, and be 

comprised of several buildings, accesses and parking lots 

to monitor. Since educational institutions often have an IP 

network infrastructure, it is beneficial to set up digital 

video surveillance systems [19]. Due to the above reasons, 

we have implemented our IVSS in our University for 

testing. Basically, the system is composed of a set of 

wireless IP cameras plugged directly in the local network 

hub. The main advantage of such architecture is its 

flexibility. It enables a single human operator to monitor 

activities over a broad area using a distributed network of 

wireless IP-cameras.  

Our approach is to model time and space linking multi-

camera activities by tackling three problems in multi-

camera activity understanding: 

1. Estimating the spatial topology and importantly the 

temporal topology of a camera network. 

2. Facilitating more robust and accurate person re-

identification between different camera views, by 

resolving ambiguities and uncertainties that arise due to 

large and unknown separation between cameras both 

spatially and temporally. 

3.  Performing activity-based temporal segmentation by 

linking visual evidence collected from different camera 

views. 

The architecture of our proposed system focuses on a 

reliable link between image processing and video content 

analysis as seen on Figure 1. Hence, integration of image 

processing within the digital video networked surveillance 

system itself is inevitable. The proposed IVSS system 

contains all the modules (video capture, image analysis, 

image understanding, event generator and field 

experience). Moreover, it contains an auto-learning 

module and another module about video retrieval. 

 

 

 
Fig.1. System Architecture 

 

The video capture module is responsible of managing 

the video input data from different IP-cameras over a LAN 

where each camera can be accessed by its IP address. 

Accordingly, this module generates report about failures in 

the video capture process or in the network itself. 

Moreover, the image understanding module represent the 

master piece of the IVSS, it includes all AI techniques to 

figure out the meaning of the scene. Among its tasks: 

detecting abnormal behavior of human and other moving 

objects in the scene. The abnormal behavior is forwarded 

to the event generator module, which generates an alarm 

for the user and helps the image analysis module to tune 

the image processing tasks to enhance the behavior for 

easier perception and monitoring. The detected events 

based on abnormal behaviors can be modeled and stored in 

the field experience module for easier access and future 

detection [20]. This requires temporal and spatial 

coordination between the cameras to ensure that the same 

object is being tracked in each, as well as to merge 

statistical information about the tracked object into a 

coherent framework. 

 

IV. SVM APPROACH TO ABNORMAL ACTIVITY 

RECOGNITION 
 

The SVM model was finally selected to follow 

somehow the directions we reached in the literature 

review. Compared to other classification strategies, the 

SVM model was chosen based on the following reasons: 

 So much work has been invested in the SVMs because 

of its earlier introduction.   

 The SVMs are often called black-box classifiers. 

Compared to other classifiers such as Decision Trees for 

example, the user doesn't need to make many decisions. 

This could be seen as a short-coming point, but it is an 

advantage as the main objective is to reach the goal of 

discriminating some basic human actions.  

 When combined with kernels, SVMs can learn a non-

linear hypothesis while keeping the objective convex. 

This cannot be done with the Logistic Regression 

strategy for example. 

 The decision boundary is determined only by a subset of 

the training data points whereas some other strategies 

like the Kernelized Logistic Regression, the boundary is 
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determined by all the training points. This affects the 

training and test time alike.  

 SVMs are able to deal with very high-dimensional data.  

Consequently, even if the SVMs have some 

shortcomings like the ―blackboxiness‖ and not being 

suitable for ―unsupervised learning‖, all the other positive 

aspects mentioned above made them the better choice for 

our work. The practical approach to implement the SVM 

on our application is by following these steps. We give a 

―falling person‖ event as an example here: 

Decide about the features which will allow the 

differentiation between falling and non-falling events: f1 

fn. The most discriminating as found in the literature 

[21] are: 

AR: Aspect Ration = (boundary rectangle width)/ 

(rectangle length) 

FA: Fall Angle = between the ―boundary ellipse long 

axis‖ and the ―horizontal direction‖ 

CS: Center Speed. Rather stable but change in case of 

occlusion 

HS: Head Speed. More visible but less stable than CS. 

Other features to consider eventually: 

Post-fall information: The convenient example here is 

―lying on the ground‖. 

Appearance-based features like posture. 

Multiple cameras: info integration. 

We can add another characteristic which can be 

quantified using a camera. A good example is ―body shape 

change‖. In fact, the human shape will progressively and 

slowly change during usual activities, while during a fall, 

it will change drastically and rapidly [22]. 

Build a dataset 

Training:  Select 75% of the dataset to use in the 

training phase.  

Test: The other 25% will be used for test. In the C++ 

Machine Learning API of OpenCV, training and test data 

is given as a cv::Mat matrix.  

In the machine learning library of OpenCV each row or 

column in the training data is a n-dimensional sample. The 

default ordering is row sampling and class labels are given 

in a matrix with equal length (one column only, of course). 

 Falling Person Scenario 

As an example of using the SVM in understanding the 

human behavior and specifically detecting abnormal ones, 

we used a well-known case of unusual event: a falling 

person. Even if the case looks trivial in the first glance, it 

is a lot more complex when it comes to let the machine 

understand it. In fact, many parameters could trigger false 

alarms or let pass some real falls. Many researchers tried, 

using different methods, to address this issue  [23]. The 

results are globally related to the environment and the 

―falling type‖.  

As per classifying cars and other objects other than 

humans (cars, bags, etc.), we developed the cars part but 

we decided not to include it and purposely omitted all the 

objects except the human as we concentrated on the indoor 

university environment where cars, for example, are 

inexistent. The tracking part, in contrary, has been largely 

applied in our project. Otherwise how can we understand 

the human behavior without tracking him?  

Many approaches have been used to solve the problem 

of detecting a falling person. Some of them are listed in 

[24]. We focus here on how to solve this problem by using 

a single video camera. The disadvantage of this approach 

is the big number of false positives. This means that a big 

number of alerts are not correct. Figure 2 shows the 

proportion of each type of events in a dataset they used. 

 
Fig.2. Some of the positions which can be falls or 

considered as such by an IVS. 
 

Our idea in this study is to use the SVM statistical 

model to reduce the false positives. Our system detection 

accuracy using SVM goes from 0.92446 to 0.997602. This 

means that whatever strategy or combination of strategies 

we have chosen; the false positives are below 10% which 

is very respectable. The best one, which is obtained when 

combining the AR (Aspect Ration) and the FA (Falling 

Angle) strategies, goes even below 1%. Figure 3 shows 

some of the possible positions in the activity of falling. 

(a)                                                  (b) 
 

 
(c) 

Fig.3.a-c: Some of the ―fallings‖ positions detected by the 

IVS. 
 

In this research work, 3 types of features have been used 

to give more chance for a fall to be detected. 

 AR: Aspect Ratio 

 CS: Center Speed 

 FA: Falling Angle  

Beside the detection of the falling action, we managed 

to get the directions of the movement. It could be 

―forward‖, ―backward‖, ―left‖ and ―Right‖. In opposition 

to ―Falling‖, we added also ―standing‖. In the following, 

we will show some of the results we obtained as frames 
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depending on the directions and the position of the person 

(standing or falling). Later, we will show the very 

interesting accuracy results we got when using the SVM 

and depending of the feature extraction strategies we 

combined. The three figures around the person represent 

the three different strategies. The rectangle indicates the 

Aspect Ratio, the ellipse represents the Center Speed, and 

finally the cross represents the Falling Angle.  

A. Accuracy 
The following table shows the system accuracy when 

using the SVM. This is calculated when comparing the 

prediction to the training results. Notice the discrepancy in 

the results depending on the combination done between 

the strategies. The accuracy is calculated as follows: 

Accuracy =
Tue positives

true positives + false positives
 

In the following, Table 1 gathers the system accuracy 

depending on the strategies and the combination chosen.  

Table 1: The different accuracy results obtained when 

combining different strategies 

Strategy Accuracy 

AR+CS 0.992806 

AR+FA 0.997602 

FA+CS 0.983213 

AR+CS+FA 0.924460 
 

Of course and as the table shows, the best results are 

obtained when combining the AR and the FA strategies. 

The data used for our experiments are video shots we took 

in our university college.  

B. Graphical Representations of the SVM results: 
The graphics displayed in Figures 4, 5, and 6 below 

compare between training and prediction. 75% of the data 

was used for training whereas the remaining 25% was 

used for test and prediction. In all the cases, the SVM was 

able to categorize the data into 2 categories: The ―Falling‖ 

in red and the ―standing‖ in green. . The best result is 

obtained using the combination of AR and FA.  

 
Training Data      Predication SVM 

Fig.4. AR and CS combination: Training vs Prediction 
 

 
Training Data      Predication SVM 

Fig.5. AR and FA combination: Training vs Prediction 

 
Training Data      Predication SVM 

Fig.6. CS and FA combination: Training vs Prediction 

 

C. Dataset 
Many computer vision datasets exist on the Internet 

[25]. All of them are related to specific environments. As 

our system is mainly destined to academic institutions 

(universities, etc), we decided to develop our own dataset 

which summarizes the major falling positions which can 

occur in that specific environment. The area contains 

mainly class-rooms and corridors. The only detail which 

could be interesting to look at is detecting an abnormal 

human behavior in a crowd. Specialists know that is not an 

easy task and this can be considered as an independent 

project. In fact, there is an interesting number of 

investigators who focus on that part which is known as 

―human behavior understanding in a crowds‖ [26].  

a) Backward-To-Forward falling: 
This means that the person falls while coming towards the 

camera as illustrated in Figure 7.a to f below. 

 
(a)                                   (b) 

 

 
(c)                                   (d) 

 

 
(e)                                   (f) 

Fig.7a-f: Backward To Forward Falling 

 

b) Forward-To-Backward falling: 
This means that the person falls while going away from 

the camera as illustrated in Figure 8.a to f  below. 
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(a)                                   (b) 

 

 
(c)                                   (d) 

 

 
(e)                                   (f) 

Fig.8.a-f: Forward To Backward Falling 
 

c) Left-To-Right falling: 
This means that the person falls from the left to the right 

of the camera vision field as illustrated in Figure 9.a to f 

below.  

 
(a)                                   (b) 

 

 
(c)                                   (d) 

 

 
(e)                                   (f) 

Fig.9.a-f: Left To Right Falling 

d) Right-To-Left falling: 
This means that the person falls from the right to the left 

of the camera vision field as illustrated in Figure 10 below.  

 
(a)                                   (b) 

 

 
(c)                                   (d) 

 

 
(e)                                   (f) 

Fig.10. Right to Left Falling 

 

V. OVERVIEW OF THE SYSTEM 
 

Our system contains a few steps which can be 

summarized to detection of the Region of Interest (ROI), 

feature extraction and fall detection. Figure 11 gives a 

more detailed scheme. 

 
Fig.11. The different steps the system should go through to 

detect the falling event 

 

In the following, we enumerate the different steps we 

have gone through to analyze, design and implement the 

IVS.  

1. Model the background scene.  

2. Obtain the existing blobs by separating the foreground. 

3. Find the largest blobs in the scene (likely humans in 

our university environment), remove any noise 

(shadow, etc), and extract feature vector for each blob 

at time t.  

Foreground 

Detection 

Shadow Removal 

ROI 

Feature Extraction 

Fall Detection 

Alarm 
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4. Convert features into symbols by applying the k-means 

algorithm. 

5. Aggregate symbol sequences and store for batch cluster 

analysis.  

In the behavior clustering phase, for the set of all 

discrete symbol sequences, we performed the following 

steps: 

1. Apply dynamic time warping to the set of sequences to 

construct a similarity-based distance matrix. 

2. Run agglomerative hierarchical clustering on the 

distance matrix to get a tree diagram. 

3. Perform SVM to model the typical behaviors in the 

scene. 

 

VI. CONCLUSION 
 

In this paper we presented a method for recognizing 

falling abnormal behavior in a wireless IP-multi-camera 

network given initial observations of activity in the 

monitored region.  Both deterministic and stochastic 

methods were considered in order to understand the 

human activity. However, scientific communities in 

general and senior researchers in particular show more 

enthusiasm to using statistical methods. The same 

enthusiasm is shown towards the hierarchical approaches. 

For example, activities with structured scenarios (e.g. most 

of surveillance scenarios) require hierarchical approaches, 

and they are showing the potential to make a reliable 

decision probabilistically. Hierarchical approaches 

together with strong action-level detectors need to be 

explored more systematically for reliable recognition of 

complex activities. A good idea is to combine the 

advantages of these approaches and those of semantic 

models. In fact, the drawback of the statistical models is 

the complexity increase when they attempt to better 

capture the structure of the events being modeled. The 

semantic models do well in that job but lack uncertainty, 

thus inefficient in the recognition phase. Consequently, the 

combination of the two showed better event models. In 

fact, very interesting accuracy results were obtained when 

using the SVM and depending of the feature extraction 

strategies we combined. Our system detection accuracy 

using SVM goes from 0.92446 to 0.997602. This means 

that whatever strategy or combination of strategies we 

have chosen; the false positives are below 10% which is 

very respectable. The best one, which is obtained when 

combining the AR (Aspect Ratio) and the FA (Falling 

Angle) strategies, goes even below 1%. Future work is to 

generalize the approach to other abnormal behaviors. 
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