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1.0 Introduction 
The growth of surveillance systems started with video-based surveillance systems, i.e., few 
cameras were connected to a smaller number of visual display devices monitored by a 
security agent. The technical evolution led to the development of automatic systems. These 
systems are now capable to draw the attention of a human operator by detecting unusual 
conditions (events) and raising an alarm. Current research in the field is moving towards the 
design of large-scale automatic surveillance systems. Moving object detection and their 
feature extraction refers to the pre-processing requirement of any image or video based 
surveillance system which was carried out in literature survey-1[21] and literature survey-
2[22] respectively. Literature survey-3[23] was based on normal or anomalous event 
recognition.  

 
Figure 1: Flow Chart of Video Based Surveillance System 

Figure-1 depicts the various phases of event recognition in video based surveillance system. 
The first phase of surveillance system processed an input video to produce the image frames. 
These image frames are used for detection of foreground or background objects based on any 
segmentation technique (as frame difference, background subtraction, etc). A morphological 
post-processing (as erosion, dilation, opening and closing) step may be applied to find the 
better representation of detected objects. The morphological operation also helps in feature 
extraction. Image features play a very important role in object segmentation, object 
classification and then analyzing the activity, if the detected objects is nothing but the human. 
Features are used to represent the information relevant to some specific application in image 
processing and computer vision. Different features have their own basis for object 
representations like color is used for histogram based, object region is used for silhouette and 
contour based, etc. There are various image features as; color, edges, lines, corners, texture, 



optical flow, shape features (as the area, eccentricity, elongatedness), rectangular features of 
an integrated image, chains, geometric features as (boundary length, curvature, bending 
energy) may be applied for specific application in any order or combination. 

In the last step of any surveillance system, efficient analysis of human behavior (Event 
detection) in video surveillance scene is a very challenging problem. Most traditional 
approaches fail when applied in real life conditions with challenges like many persons, 
appearance ambiguity, and occlusion. Event detection is an important task in video 
surveillance whether it is applied to private or public place. 

1.1 Parameters of Review 

A video surveillance may be roughly divided into three steps: First step refers to the detection 
of moving objects in video, Second step is to find the trajectory followed by the detected 
object from successive frames and the last step is to analyze the activity or behavior of the 
recognized objects. Recent trend shows a growing interest in semantic analysis of human 
activities in the scene.  

There are lots of methods for object detection and object tracking. But they may differ based 
on their approach to solve the following questions: How to represent an object? What object 
features could be extracted and used? How to model an object shape, motion estimation and 
its appearance? [1]. Answers to these questions depend upon the tracking environment and 
the approach. There are so many algorithms proposed to answer these questions for different 
scenario. We have tried to discuss some answers to these questions through literature survey-1 
[21]. 

Features play an important role in object representation and classification. The image feature 
selection, in any application, requires a clear cognition because every image feature bears 
both the merits and demerits.  We were more concerned to identify, what is the importance of 
selection of feature and its quantity in feature vector? In Literature survey-2 [22], papers were 
reviewed with respect to scalability of the system, reliability, performance efficiency and 
resource requirement (time or memory).    

Next is to analyze the trajectory to understand the activity or behavior of the moving object as 
car, human, etc. In literature survey-3 [23], we have tried to find the possible state-of-arts 
corresponding to event classification and recognition. The opted review parameters are the 
capability of system to resolve the specified research issues, efficient modeling of the 
events/anomalies, accuracy in detection and the recognition of modeled events, estimation of 
learning parameter for classifiers, robustness of the system in different environments and the 
need of camera calibration, etc.  A classifier may be supported by the sufficient amount of 
features for classification of human activity, trajectory or the modeled events in any 
surveillance system. Literature survey-II [22] elaborates the features that may be used for 
classification.  

 



1.2 Research Issues 

1. Segmentation and Feature Selection  
a. Consideration of temporal consistency for feature extraction and classification. 

Temporal consistency is also required for good posture recognition [1, 5, 9, 11, 
16]. Noise in the video may affect the efficiency of the classification [1, 6-10]. 
Complex / abrupt object motion may cause the problem to find the position of 
object in successive frames. 

b. Irregular object shapes [1, 9]. 

c. Selection of threshold value for efficient segmentation [1, 16]. 

d. Selection of a subset of features from the set may loss in original information 
which may reduce the complexity as well as classification accuracy. Therefore 
appropriate feature selection is another issue for [14]: 

i. Object representation. 
ii. Extraction of track information. 
iii. Training of the classifier. 
iv. Appearance based posture representation.  

e. False foreground regions may appear in the scene due to the following reasons: 
i. Relocation of some background objects; the initial background model may 

detect some false foreground objects. 
ii. Initialization with moving objects; if some moving object is occluded with 

background then the created background model may detect some false 
foreground. 

f. Occlusion [1-4, 6-9, 12, 13, 17] may occur due to the following cases: 
i. Due to interaction among moving objects or 
ii. Interaction between foreground and the background pixels. 

            Several problems may arise due to the object occlusion as: 

i. Multiple occluded objects may represent a single huge object and thus it 
may represent single trajectory. 

ii. Segmentation process may be difficult in multiple occluded situations. 
iii. An object may be treated as a lost object as new object may be occluded 

with existing one e.g.; a person exiting from the car. Similarly, an existing 
object may disappear when entered a vehicle. 

iv. Association of labels to each individual is somewhat less feasible in crowd 
with frequent occlusion. 
 

g. Environment: 
i. Indoor or outdoor environment having cluttered background, dynamic 

background [17]. 



ii. Entry or exit of an object from the scene [1, 2, 9, 15-17]. 
iii. Unconstrained videos for example video of a classroom or homemade 

video [1, 4, 9]. 
iv. Sudden illumination changes: 

a. Due to other light sources in the environment. 
b. Due to presence of other moving objects. 
c. Due to a rainy day. The cloudy environment may affect the color 

features of the scene. 
d. May produce the false foreground in the scene. 

v. Shadow detection and removal: 
a. Sharp shadows have similar reflectance ratio with respect to point 

p and p’ belongs to different object in successive frames. 
b. Detection/recognition of false positive shadow [8]. 
c. Varying shadow may result in false foreground detection. 

2. Camera Sensitivity and its Quantity 
a. Handling the calibration of camera(s) to cover large area [14]. 
b. As the area under camera coverage becomes larger, a memory based 

system requires more time to learn the behavior than a model based system 
[12]. Loss of precision due to video to frame or frame to video conversion. 
i. Projection from 3D to 2D may lead to loss of information [1, 2, 9]. 

ii. During event analysis from video processing, the conversion from 2D 
space into 3D space requires a high precision [11, 12]. 

3. Object Representations 
a. Number of objects (level of details to be tracked) including occlusion. 
b. Rendering of useless parts of the image for behavior recognition [12]. 
c. Posture representation may be accomplished by any of the following two ways 

[11]: 
d. Appearance based approach: It uses the color [1, 6, 7, 9]/ intensity 

information. The color information may get affected due to variance in 
illumination, variance in body posture, and the clothing. 

e. Shape based approach:[6,8] It may be further divided into two parts: 
i. Contour based approach: Body parts are located and marked as 

external or internal points. Then a contour is employed using these 
marked points. But due to the limitations of segmentation techniques or 
the human limbs may also be self occluded, accurate detection of body 
parts is still a difficult problem. 

ii. Silhouette based approach: It has as an advantage of robustness to 
image noise disturbance. A temporal evolution of a human silhouette in 
each frame may produce the motion kinematics [14]. 
 



4. Classification and Clustering 
a. Selection of suitable training parameter for optimal clustering [13, 14]. 
b. The selection of training parameter is directly dependent on the number of 

outliers [13, 14]. 
c. Training of classifier with appropriate feature [13, 14]. 
d. A wide range of pose adopted by the human and large variations in clothing. 
e. Rapid training in the presence of outliers. The outliers are the major problem in 

trajectory clustering with a single class support vector machine (SVM) [13]. 
f. Outlier Rejection: False positive should be identified and rejected from the 

tracking [13, 15]. 
g. Trajectory classification is another issue. The hierarchical trajectory 

classification depends on spatial and temporal information [13]. 
h. A classifier based on color histogram do not always differentiates between the 

false positive and true positive [17]. 
i. Most classifiers rely on split and merge concept for classification during the 

occlusion, the split and merge process may increase the computational cost 
[17]. 

5. Event Recognition 
a. Detection of suitable action for an abnormal event in real time [14]. 
b. Recognition of accurate event. 
c. Random event generation in video [16]. 
d. The major drawback of explicit event recognition approach is the need of the 

prior knowledge about event modeling. In the real world with uncontrolled and 
uncooperative environment it implies an exponential growth of a number of 
models [13]. 

6. Multi-Resolution Analysis  

The system should work with varying scale of input frames.  Different resolution of 
input frames must be tested as original size, half-size and quarter size images, etc. in 
order to find the consistency of any proposed system [15]. 

7. Real Time Processing 
A real time performance is the main problem of online surveillance and it highly 
depends on the accuracy and the computational complexity of the automatic 
surveillance systems [11, 12, 17-20]. 

 

 

 

 



2.0 Paper-wise Review: Segmentation and Tracking 
2.1 Review of paper #01: MetroSurv: Detecting events in subway stations [8]. 

In this paper authors have considered a subway station as an environment for surveillance. 
The video sequence of a subway station may have several dangerous situations which were 
required to be detected in real time and warning alarm should be raised. 

2.11 Summary of Approach  

In this paper each track has been classified into the classes as {Human, Train, Unknown, 
Ghost}. Tracking is characterized by the shape of the blob. Blob features as area, perimeter, 
breadth, height, and orientation are determined by consideration of temporal consistency. 
Event detection module is a rule based expert system (CLIPS) that raises a proximity or 
critical alarm corresponding to seven predefined events. CLIPS provide the simple structure 
to define the rules and facts for knowledge base of expert system given as: 

Table 1: Structure of Fact and Rule for CLIPS. 

Fact:  
(deftemplate trackobject 
 (slot label) 
 (slot classification) 
 (multislot centroid)                     
 . 
 . 
 . 
 )  

Example to define a fact: 
(trackobject 
            (Lable 1) 
            (Classification Human) 
            (centroid 55 105) 
            . 
            . 
            . 
) 

Rules: 
(defrule <rule-name> 
         <premise 1> 

<premise 2>          LHS (holds 
conditions) 
……. 
<premise m> 
=> 
<action 1> 
<action 2>              RHS (Takes an 
action)     
…….. 
<action n> 
) 

 

Example to define a rule: 
(defglobal ?*week-days* = 
   (create$ monday tuesday wednesday 
thursday friday saturday sunday)) 
 
(defrule invalid-day 
   (day ?day&:(not (member$ ?day ?*week-
days*))) 
   => 
   (printout t ?day " is invalid" crlf)) 
(defrule valid-day 
   (day ?day&:(member$ ?day ?*week-
days*)) 
   => 
   (printout t ?day " is valid" crlf)) 

 

CLIPS also provide the flexibility to modify or retract the existing fact or include new facts. 
The expert system consists of a rule set that invokes a function to raise alarm. 



2.12 Summary of Experiment 

Two people can be tracked correctly in 93.4% or 99.6% of the time when they are visible 
respectively. Performance of the system degrades up-to 50% when the objects are partially 
occluded. The given algorithm works well for single person with an accuracy of 98% tracking 
rate. Detection of proximity warning was 67%, even fails on some low level vision modules. 
Walking on track is detected with the rate of 83% while trapping in door is always detected as 
climbing.  

2.13 Critical Review of the Approach and Experiment 

Suggestion: A new event could be modeled as “if there are two trains on the same track” 
then the expert system must raise a critical alarm.   

          Let the rule is (defrule ?*xcoordinates*=(create $ -2500:2500)) 
             (defrule ?*ycoordinates*=(create $ 0:500))  
             (defrule Sametrack (y?y&:(member $?*ycoordinates*)); 

Now let the trains labeled as 1 and 2 have their centroid value as (x1, y1) and 
(x2, y2) respectively in the scene. Expert System has to check the fact as given 
below and raise a critical alarm. 

CLIPS> 
(find-fact((?y1 1) (?y2 2)) (= ?y1:ycoordinate 
?y2:ycoordinate)) 
(<Fact-1> <Fact-3>) 
CLIPS> open(“alarm1.dat” critical alarm “r” ) 
CLIPS> 

 Fact-1 and fact-3 should define the trains labeled as 1 and 2 respectively. 

Strength 

1. Real time video based surveillance system. 
2. Always raise an alarm corresponding to anomalous events in the scene with high level 

features. 
3. Tracking accuracy is high for videos with no occlusion. 
4. CLIPS provide the flexibility to modify or retract the existing fact or include new 

facts. 
5. Performance of the system improves with routine feedback.  

Weakness 

1. System fails to track all moving objects. The video has four moving person but system 
was able to detect only two of them simultaneously. 

2. Event like “trapping in door” was always recognized as “climbing”. Therefore event 
recognition system is not reliable. 

3. It does not support the low level vision module. 
4. There is no consideration of fully occluded system. 



5. Increase in rules and facts may lead to the huge memory requirement. 
6. Events and facts are modeled only for subway stations therefore can’t say about 

robustness for surveillance in traffic or sports, etc. 
 

2.2 Review of paper #02: Segmentation and tracking of multiple moving objects for 
intelligent video analysis [9]. 

The paper addresses the need of an automatic surveillance system, mainly focused on a 
cluttered video, which may assist the human operator or may work alone. 

2.21 Summary of Approach 

The authors had considered an outdoor environment having multiple vehicles and moving 
persons through an installed camera with no movement. The object segmentation process was 
implemented with background subtraction method followed by shadow removal technique. 
Shadow detection method uses the color and texture feature, while the shadow removal 
algorithm may result in some distorted object shape. To correct this problem, a greedy 
thresholding followed by morphological dilation is applied to reconstruct the object’s shape 
from the skeleton. 

After this an effective segmentation process (a temporal template based object tracking 
method) is applied to identify the trajectory of each blob. The blob can be generated by using 
8-connectivity component analysis (CCA). CCA is applied to group all pixels. The tracking 
process utilizes some descriptive features as velocity, shape, color, etc. together with the 
variance over time respective to each blob. Kalman filter is used to predict the blob in next 
frame by updating the template by its new features. The newly computed features are updated 
after parallel matching procedure. Scaled Euclidean distance is used as a matching metric. 

Occlusion handling is one major issue in video surveillance. In order to tackle this problem 
some prior knowledge is adopted. During the tracking process, a test on occlusion is carried 
out if an object fails to find its matching blob. 

2.22 Summary of Experiment 

The experimental results were obtained by using two datasets; first one was standard image 
sequence provided by PETS’2001 for benchmarking. I have analyzed the given reference and 
found that it is originally a JPEG image sequence of 768X576 pixels. They are cropped to a 
size of 384X288 pixels and an AVI file has been created for experiments. Second dataset was 
MPEG-1 video having some complex scenario as strong shadows and more moving objects. 

2.23 Critical Review of the Approach and Experiment 

Strength 

1. Use of prior knowledge improves the system’s efficiency to handle the occlusion.  
2. Temporal consistency in object motion improves the tracking result. 



3. The proposed system may handle the shadows and thus the rate of false positive 
detection is reduced. 

4. The proposed system seems to be robust as it has been tested for both indoor and 
outdoor datasets. 

Weakness 

1. When objects are occluded the system generates a new template to track this group 
and decides that individual blobs have been disappeared from scene. Efficiency of the 
system decreases due to frequent occlusion. 

2. System fails to track some abrupt motion of an object. 
3. Entry and exit of any object in video was also not considered. 
4. Very long cast shadows were not removed completely and it may produce false 

positive. Therefore it is less reliable. 
5. System fails in complete removal of shadows. 
6. There was no evidence for computation of greedy threshold value for shadow removal. 
7. We found that the benchmark video has the duration of 32 seconds only having 800 

frames with 25fps. There is no discussion on size of another captured video. Thus 
can’t say about scalability of the system. 

 

2.3 Review of paper #03: RVM-based human action classification in crowd through 
projection and star skeletonization [10]. 

This paper addresses the key aspect to recognize the activities of people in a crowded 
environment for video surveillance system.  

2.31 Summary of Approach 

In this paper, the activity is divided in to two categories; one is normal activity such as 
moving, seating and another is abnormal activity such as running, waving hand, jumping, 
bending, walking, and fighting with other in a crowd. The authors emphasized to classify such 
activities in real time video surveillance using appropriate features and a classification 
technique with high accuracy. 

Neural networks (for example radial basis function networks, support vector machine, nearest 
neighbor algorithm, etc.) may be used for training a classification system. In this paper, a 
Relevance Vector Machine (RVM) is used to classify the human activity. At the end of this 
paper, a comparative study of classification accuracy of RVM with the SVM is given. 

2.32 Summary of Experiment 

Authors had considered nearly 6 data sets containing 4 actions performed by 9 people 
resulting in 36 videos for comparative analysis between SVM and RVM. The benchmark data 
sets provided to by IBM, CMU, CAVIAR, etc and the captured video dataset within a college 
campus are used. The data set contains the various activities as mentioned earlier. Tables are 



used to show the result of RVM classifier with skeleton features. It produces very few 
relevance vectors for training than the SVM with PCA features and SVM with skeleton 
features. Another comparative chart shows that RVM has less error rate than the SVM for 
every data set either benchmark or self prepared video. The classification results are also 
given as a chart which indicates a maximum of 93.53 % of accuracy by the proposed method 
while the linear SVM classifier gives an average result of 84.67%. 

2.33 Critical Review of the Approach and Experiment 

Strength 

1. The experimental result was supported by the various standard dataset. 
2. RVM has lesser error rate and better performance than a linear SVM. 
3. RVM is found to be robust as it has been tested on different datasets as neuro-image 

analysis, facial expression recognition, and pose recognition. 

Weakness 

Authors had tried to give a framework which requires a less number of feature vectors so that 
the computation cost may be reduced as compared to some standard classification method. 
But the proposed model has certain drawbacks identified as: 

1. As we have mentioned earlier that if the number of features not appropriate then the 
classification result may get affected and classifier became less reliable. Similar is 
found in this paper, the dataset for bending and pulling both are classified as an 
individual’s walking action i.e. an abnormal action has been classified as normal 
action in case of some group activity.      

2. Only partial occlusion has been considered so that each individual can be segmented. 
3. The experimental results are obtained from the videos having duration of 90 seconds 

only. 

 

3.0 Paper-wise Review: Feature Extraction for Object Representation and 
Classification 

3.1 Review of paper #04: Detecting Pedestrians Using Patterns of Motion and 
Appearance [3]. 

In this paper authors have implemented an algorithm for pedestrian detection using motion 
features and the appearance feature both. The detector is basically trained using AdaBoost 
(Adaptive Boosting) algorithm which utilizes these two feature vectors. 

3.11 Summary of Approach 

Classifiers in cascade architecture are used to find the output in minimum error.  AdaBoost 
algorithm is used for training process which selects a subset of features and constructs a 
classifier (which has the linear combination of selected features). In cascade architecture, the 



simplest classifier with very few features is placed at first position, then next classifier having 
some more features than its preceding classifier and so on. Thus the last classifier produces 
the efficient result with minimum error rate. 

3.12 Summary of Experiment  

A data set of eight video sequence have been used for the experimental result, where six of 
them are used as training set and rest two are used for test set. At each stage of classifier 2250 
positive and 2250 negative samples were used for training. The negative samples do not 
contain any pedestrian. The proposed detector takes about 0.25 sec to detect a pedestrian in 
the image of 360X240 pixels using a 2.8 GHz P4 processor in a video of 2.54 minutes. 

3.13 Critical Review of the Approach and Experiment 

Strength 

To prove the robustness of the system, the challenging environment as rainy and snow 
conditions are considered which may cause the noisy environment and some dark appearance. 
It is difficult to detect the pedestrian in such environment. But the algorithm successfully 
detects the pedestrian in such complex environment.  

Weakness 

a) Method does not handle the occlusion. The efficiency of the system degrades 
due to the occlusion. 

b) Partial appearance as object entry and/or exit is also not supported by the 
detector. 

c) Threshold selection, for classification or for feature extracted, was based on 
observations only therefore efficiency of pedestrian detection may get affected 
for some other benchmark dataset.  

d) In the cascade structure a sequence must be evaluated through the last 
classifier even if the sequence has no error and thus it may consume a lot of 
time. 

e) Performance of the system highly depends on the presence of outliers. 
 

3.2 Review of paper #05: A novel approach for recognition of human actions with semi-
global features [4]. 

In this paper authors have proposed a novel approach to recognize the daily life activity of 
human using semi global characteristics. It is known that state-of-arts corresponding to object 
detection and action recognition are mostly extracting the features from successive pair of 
frames, while in this paper a concept of semi global characteristic(features are extracted from 
3 dimensional space-time micro-volumes) is used.  

 



3.21 Summary of Approach 

The 3 dimensional space-time micro-volume is generated by the combination of silhouette of 
a person in each image frame. Action dynamics are also generated by this combined silhouette 
structure. Action recognition for the segmented objects has been accomplished with matching 
process using Hidden Markov model. 

Following steps have been proposed to get the efficient output: 

a) Use a single stationary camera for data set creation. 
b) Modeling of reference image by mixture of Gaussian distribution. 
c) Apply shadow removal. 
d) Extraction of motion features from binary image, and  
e) Action recognition using HMM. 

3.22 Summary of Experiment 

Total 37 HMMs are created with respect to 37 actions. Each one of 37 actions is executed by 
7 people and repeated 6 times on average. Thus total 1614 sequences were there in database. 
The maximum recognition rate is 89% with respect to window length equals to 7 and 3 states 
of HMM while minimum recognition rate is 81.5%. It has been observed that recognition rate 
varies according to the appearance of a person too. The experimental result varies from 70.3 
% to 95.3 % due to varying gesture. So it is very important that a clear binary silhouette may 
give better result. Authors have focused about the feature selection by stating that it is not 
possible to examine whole set of features. Therefore few features were eliminated which give 
low recognition rate. With the help of various graph and charts it was shown that 90.2% 
recognition rate could be obtained with only 10 dimensional feature vector rather 14 
dimensional feature vector drawn initially.  Even it is observed that the system is highly 
dependent on clothing of the human due to which an action from silhouette may not be clearly 
extracted. 

3.23 Critical Review of the Approach and Experiment 

Strength 

a) The robustness of the system has been verified by use of various datasets from 
different environment as hand gesture recognition, activity recognition, and speech 
recognition. 

Authors show the advantage of global characteristics of micro-volume as: 

b) No need to use point correspondence as in frame to frame common feature 
detection. 

c) Binary silhouette contains dynamics of action which is not present in successive 
frame description. 
 



Weakness 

a) Performance of the system degrades due to the variation in appearance. The fit 
clothing appearance may only produce correct gesture. 

b) The system is less reliable due to following reason: 
i. ‘To sit down’ action was confused with to ‘jump’ action. 

ii. ‘To sit up’ action was sometimes confused with ‘get up from bending’ 
action. 

c) The proposed system is time consuming.  
 

3.3 Review of paper #06: New Object Detection Features in the OpenCV Library1 [5]. 

In this paper authors have considered an open source computer vision (OpenCV) library for 
object detection and general machine learning problems.  

3.31 Summary of Approach  

Object detection is applied based on mixture of multi-scale deformable part models. A multi-
scale deformable model relies on discriminative training with SVM (Support Vector 
Machine). Latent SVM is the modification of multiple instance support vector machine. An 
object model is a set of root filter, part filter, anchor and some coefficients of quadratic 
functions; where root filter is used to represent common portion in objects, part filter defines 
separate parts of objects, anchor is used for relative root position and coefficients define the 
deformation cost for each possible placement of part relative to the anchor position. 

A discriminative image feature at different image resolution level of original image is 
included for object detection algorithm. Even matching of deformable model in the image 
also utilizes the same feature pyramid. 

3.32 Summary of Experiment 

The object detection method of OpenCV library was compared with the Matlab 
implementation with a standard benchmark data set VOC2007, where OpenCV method gives 
the similar result in most cases.  

The training data contains 15660 pedestrian samples in two sizes 48X96 and 18X36 pixels, 
and 6744 negative samples of 640X480 pixels. The test data consists of 21790 images with 
56492 manually labeled moving vehicles.  

3.33 Critical Review of the Approach and Experiment 

Strength  

1. This system seems to be scalable as the training results are carried out by applying a 
varying resolution of pedestrian samples. Also the number of frames in video dataset 
varies from 6744 to 70000. 



2. Training on varying scale of sample size increases the classification learning. 
3. It uses the simple normalized histogram of gradient orientation which is easy to 

implement. 
4. GBT (Gradient Boosting Tree) is more flexible than SVM as it is capable to handle the 

missing data and transformation invariant too. 
5. GBT gives high detection rate and lesser false positive than SVM as depicted in this 

paper. 
Weakness 

1. Authors have used the urban outdoor environment for pedestrian detection and forgot 
to discuss about shadow detection and removal. The presence of shadow may affect 
the obtained performance. 

2. Shadow may affect the said procedure during object segmentation process. A complex 
object either due to its actual appearance or due to wrong segmentation always result 
in poor efficiency.   

3. SVM is tested with C=0.01 only, while it might be possible to have some other value 
of C that may produce a different result from the depicted. 

 

3.4 Review of paper #07: Appearance Models for Occlusion Handling [6].  

This paper emphasized the concept of occlusion handling in some real world complex 
environment. A video sequence captured for video surveillance may have partial or full 
occlusion. The authors have tried to present a method for object tracking under occluded 
scenario using the appearance model.  

3.41 Summary of Approach 

Following alternate solutions may be applied to overcome the problem of occlusion: 

a. To place the camera at a high angle so that focuses towards down the plane of motion 
of objects. 

b. Fusion of multiple camera inputs. 
A key solution for aforementioned problems is provided here as an appearance model of an 
object. The authors have utilized the image features as gray-scale texture, shape information 
and temporal color for tracking multiple occluded objects. 

An appearance model is used to track the same object in each frame. The same appearance 
model is used to resolve objects merge and split scenario. The authors used the RGB model 
with probabilistic mask for appearance model. The appearance model is gradually updated in 
order to handle gradual changes such as scale and orientation changes, while the probability 
mask is slowly updated to reflect the observation probability of given pixel. Euclidean RGB 
distance is used to minimize the object localization. Update of appearance model is also able 
to prune the spurious foreground regions due to some environmental variations as noise or 
light variations.   



Once an object is detected it is required to be classified. For object classification, following 
features are considered as: size, shape, dispersedness (a ratio of the perimeter squared to the 
area), and ratio of width to height. 

3.42 Summary of Experiments 

We found that out of seven correct tracks four were correctly detected while three were 
merged to generate single track. Five spurious tracks were generated by the failure of 
background subtraction.  

3.43 Critical Review of the Approach and Experiment 

Weakness 

1. There is no evidence about width to height ratio threshold selection for rule based 
system. 

2. Selection of threshold for track distance matrix is also not discussed. 
3. The system does not support continuous background model estimation which results 

in object area error. 
4. Ground truth marking tool requires the user interaction and therefore the system may 

be less reliable to support the real time application. 
5. Background subtraction was carried out at 9 fps but same is not performed on live data 

by dropping the frames for performance measure. 
6. The dataset of PETS2001 is having duration of only 30 seconds therefore the GTM 

tool may give some diverse result for a dataset /live video with larger duration of 
minutes or more.  

 

3.5 Review of paper #08: A Hierarchical Approach to Robust Background Subtraction 
using Color and Gradient Information [7].  

Object detection in some adverse condition is a challenging part of the computer vision. Most 
of the surveillance system uses the concept of background subtraction technique for this 
purpose. The background subtraction technique requires a static background model for 
segmentation.  

3.51 Summary of Approach 

In this paper, authors have proposed a bottom to top hierarchical process for object detection 
in three different level; point level, region level, and frame level. Each level utilizes the 
features as color and the gradient information of the image. 

3.52 Critical Review of the Approach and Experiment 

Strength 

1. Authors produced a flash spot light to create a local illumination changes. Color based 
subtraction identified it as a foreground while gradient based subtraction was able to 



completely eliminate it. The system is flexible to adapt the sudden illumination 
changes. 

2. Result was also successfully tested by changing the background scene. 

Weakness 

1. The proposed method may consume more time in object segmentation due to layered 
processing and thus it may affect the overall surveillance efficiency. 

2. Due to time consumption in segmentation only the system may not be applied to a real 
time environment. 

3. The obtained result was not compared with some well known segmentation process 
like background subtraction technique, etc. and hence it is very difficult to conclude 
about the complexity and efficiency of the system. 

4. The experimental results are obtained through the outdoor environment only. 

The paper is really helpful for object segmentation by utilizing the image features. We found 
that selected threshold was Tg=0.001 and Pb=0.2 plays an important role in this paper but 
there is no discussion on how it is computed? Or why these specific values were selected? 

 

4.0 Paper-wise Review Based on Event Recognition 

4.1 Review of paper #09: Automatic video-based human motion analyzer for consumer 
surveillance system [11].  

This paper is based on an automatic human motion and activity analysis for consumer 
surveillance system. A single monocular camera is used to capture the surveillance video for 
semantic analysis of human motion and behavior is the motive of this paper. 

4.11 Summary of Approach  

The proposed system uses the trajectory and posture recognition to obtain the improved 
automated semantic analysis of human behavior. The system may be divided into four 
subsections as: 

A) Pre-processing level: At this level, every human body needs to be segmented as 
foreground. This foreground region is further used to produce the human silhouette. It 
is assumed here that the camera is stationary and the lighting condition is intact. GMM 
(Gaussian Mixture Model) is employed for the background subtraction with removal 
of shadows. Then K-nearest neighbor (KNN) classifier is used to classify a person. 
The KNN uses the area [6, 8] and the ratio of the width to height [6] of the bounding 
box of the objects as features. 

B) Object based level: Object tracking and posture classification are performed at this 
level. Mean shift algorithm and double exponential smoothing operator are used to 



track the moving object. The mean shift algorithm works on an appearance model of 
an object represented by color histogram [1, 6, 7, 9].  After detection of trajectory, a 
shape based approach (HV-PCA: Horizontal Vertical Principal Component Analysis) 
applied to recognize the posture type (left pointing, right pointing, squatting, raising 
hands overhead, and lying). A normalized template of 180X80 pixels is used to detect 
the person silhouette. Then horizontal and vertical projections are applied to obtain the 
feature vector. The Baum Welch forward algorithm was used to obtain the 
observational probability. The model with maximum observational probability is 
selected for high recognition rate. 

C) Event based level: In this level, an interaction model is presented to infer the multiple 
person events. Temporal logic is used to represent the relationships of sub-events. 
Seven temporal relationships (TR) are given as: after, meets, during, finishes, 
overlaps, equal, and start. These are used to link the events with sub-events. The 
semantic analysis of these events and sub-events are used for human activity 
recognition. 

D) Visualization level: The last phase of this surveillance system is to visualize the 
scene. It is done by 2 dimensions to 3 dimensions mapping. Camera calibration is 
nothing but a geometric transformation which maps the points in the image domain to 
real world co-ordinates. After this mapping, position and speed of the human is 
estimated. 

4.12 Summary of Experiment  

A data set of 10 video sequences of 15 frame/sec containing single/multiple persons is used 
for training while 15 similar video sequences are used for testing. The proposed system 
achieves 98% of accuracy in object detection, 96% accuracy in tracking and 86% accuracy 
rate in posture recognition. The 90% of accuracy for robbery detection is found in a simulated 
video. This system was also tested for real time surveillance at a rate of 6 fps for 640X480 
pixels resolution. The posture classification result varies from 76% to 92%.  

4.13 Critical Review of the Approach and Experiment 

Certain strength and weakness of this system have been identified as: 

Strength 

1. Silhouette based posture representation is used which has an advantage of robustness 
to image noise disturbance. Temporal combination of silhouette may produce the 
motion kinematics which is not affected by the illumination changes. 

2. The proposed system supports a real time surveillance system at a rate of 6 fps with 
640X480 pixels resolution. 

Weakness 

1. Occlusion problems are not yet handled. 



2. Motion kinematics generated by the silhouette is highly dependent on segmentation 
and the clothing appearance of the human. Due to this, efficiency may get affected.  

3. There was no discussion on total time consumed for camera calibration to posture 
recognition. The camera calibration may consume a lot of time. Therefore the 
proposed classification system may also be validated with system where no camera 
calibration is required. 

4. The result obtained is based on individual posture rather multi-person interaction in 
scene.  

5. Less reliable classification as event of lying was confused with some other event and 
hence not classified successfully.  

6. Partial information about the dataset has been given and therefore we can’t say 
anything about the scalability of the system. 

 

4.2 Review of paper #10: Memory-Based Attention Control for Activity Recognition at a 
Subway Station [12]. 

This paper aims to provide a visual surveillance system and monitoring the human behavior 
and vehicles. The authors have proposed a memory based distributed vision system which is 
free from camera calibration requirement and contextual information. 

4.21 Summary of Approach 

It is found that surveillance projects are based on a common strategy to detect the moving 
objects in the image frames by background subtraction techniques. Then calibrated cameras 
are used to track the detected objects. Such strategy requires more contextual information. 
The authors have proposed a memory based distributed vision system which is free from 
camera calibration requirement. The proposal was named as “Digital City Surveillance” 
sponsored by Japan Science and Technology Agency Core Research for Evolutional Science 
and Technology (JST-CREST). The JR Kyoto subway station concourse was used as 
environment where 28 cameras with special mirrors are installed. The mirror provides 
undistorted wide-view image. 12 cameras were used in concourse and 16 on the platform. The 
concourse cameras are covering the path, ticket vending machine, ticket gates, and stairs. The 
system is supported by nine SVMs (Support Vector Machines) corresponding nine actions. 

4.22 Summary of Experiment 

This paper uses only the data captured through 12 cameras installed in the concourse. The 
system recognizes the human activity with average success rates of 80% for testing data. The 
classifier is trained from 100 to 5000 training samples. The average computation time for 
training the SVM with attention control is about 0.5% of the average computation time for 
learning without attention. False positive and false negative were equally prevalent about 13% 
for testing data. 



4.23 Critical Review of the Approach and Experiment 

Strength 

a) It is more flexible as it does not require camera calibration i.e., the system handles 
camera data without referencing the camera position, viewing angle, or field of view. 

b) Scalable to as new camera can be easily added to the existing distributed setup of 
cameras. 

c) The training of SVM with 1000 training samples takes a computation time of 5 
seconds with attention system and 961 seconds without it. The proposed system 
outperforms with attention system. 

d) It can easily recognize the unusual events with the help of SVM while they are not 
included in the training data.  

e) An attention control system based on features is used to improve classification 
accuracy that accelerates the learning too. 

This system has following merits over a memory based system: 

f) It uses the low level features and online learning of target behaviors. 
g) The system is not dependant on prior knowledge of the scene under investigation. 
h) Reduced number of cameras up to one fourth of the ADVISOR. 
i) After segmentation, the system learns the discriminated features. A trainer with no 

technical background can train the system. 
j) It is capable to function in any unknown environment with minimum online 

instructions fed to the system. 

Weakness 

The proposed system has several advantages over the model based system with approximate 
equal performance but it has certain dependencies too: 

a. Proper recognition of events and appropriate announcement are dependent on the 
reliability threshold value (0.7 in select environment). 

b. All the results depicted in the paper are based on only first three tasks and there is no 
evidence for the claim of performance result for remaining six events. 

c. The performance of the system varies with respect to the number of training samples. 
As the sample increases so the performance. 

d. The performance of the surveillance system is also task dependent. 
e. Task number 3 “walking from the ticket machine to gate” had not been recognized 

even after 10000 training samples. 
f. Robustness to handle the different environment is quite doubtful here because the 

events in this case are modeled for subway stations only.  

 

 



4.3 Review of paper #11: Trajectory-Based Anomalous Event Detection [13]. 

This paper addresses the event analysis based on anomaly detection by analyzing the 
trajectory of the moving objects. An advance classifier named as Support Vector Machine 
(SVM) has been used to classify the normal and anomalous events in the scene. 

4.31 Summary of Approach 

The recent trend of surveillance system works in event analysis based on two major 
techniques: First is the explicit event recognition based on semantic analysis of video 
sequences, while the second approach is not only to recognize the event but the detection of 
anomalies differing from typical patterns. The proposed work in this paper addresses the 
second approach by analysis of the trajectory followed by the moving objects. The 
experimental results are carried out on the traffic videos. The system is supported by a single 
class support vector machine (SVM) clustering. 

In order to tackle the problems as event recognition and trajectory classification, an approach 
to trajectory analysis for anomaly detection using SVM is given. This algorithm does not 
require the prior knowledge about the events that should be recognized. The event models are 
automatically built by the system itself in an unsupervised way. Also a hypothesis of Gaussian 
distribution was applied to avoid the explicit computation of training parameter in presence of 
outliers. 

4.32 Summary of Experiment 

The overall computational time depends on the time required for training of the SVM which is 
O (n3), where n is the number of elements in the training data.  

1. An experimental result with supervised SVM classifier gives classification error 
ranging from 0% to 0.04% for 10 classes. Each class contains 100 trajectories.  

2. The classification result for true positive was 85.6% to 99.6% while false positive 
result varies from 0% to 0.01%. 

3. The validity of the proposed system was evaluated on a synthetic data and a real life 
data. A synthetic data set of 50 experimental cases randomly generating training sets 
of 100 normal trajectories with 2 clusters. 1 to 50 anomalies were added to this data-
set. SVM training parameter is set to 0.2. The proposed approach found nearly 90% of 
true positive during 10 iterative applications. The maximum number of false positive 
detection was 2. 

4. The proposed algorithm has been applied with mean=3 on the real world video of 51 
minutes long sequence at 320X240 pixels containing 715 trajectories,. The system 
has correctly analyzed two U-turns as anomalies and rest as normal trajectory. 

 

 

 



4.33 Critical Review of the Approach and Experiment 

Strength 

1. The proposed system is strongly scalability as results are obtained by a long duration 
video (about 51 minutes with resolution of 320X420) of real world scenario.  

2. The system does not need the prior knowledge about the environment for event 
detection. 

3. The classification error and the false positive detection are about to zero as compared 
to the result of true positive classification. 

Weakness 

1. The selected training parameter is 0.2. While the authors had stated that 10% of 
outliers implies that parameter value should be approximately 0.1. But practically, 
there is no prior knowledge about the amount of outliers. So the arbitrary selection of 
learning parameter may lead to some poor result. 

2. The experimental result has been carried out with the single class SVM classifier 
which depends on the outliers. There was no evidence found about the performance if 
the training/testing data set has the outlier.   

3. The results are obtained by the outdoor datasets only. 

 

4.4 Review of paper #12: Performance evaluation of local features in human 
classification and detection [14]. 

This paper presents an experimental study on pedestrian using local feature extraction and 
support vector machine (SVM). The classifier performance of three different pedestrian 
detection algorithms as region covariance, histogram of oriented gradients (HOG) and local 
respective fields (LRF) feature descriptors are evaluated.  

4.41 Summary of Approach 

In this paper an experimental study on the state of art pedestrian detection technique LRF, 
HOG and region covariance along with SVM was performed. Selection of SVM as classifier 
was supported by the following three points. 

1. SVM outperforms on the local features as LRF, HOG, and region covariance. 
2. It is an advance classifier.  
3. Easy to train as compared to the neural network. 

The authors have pointed to that the local features are commonly used in computer vision as 
color, texture, and shape. In this paper three local features are evaluated namely LRF, HOG, 
and Region Covariance. 

 
 



Table 2: Pedestrian Detection Techniques 
LRF HOG Region Covariance 

Extracted using (ANN) 
multilayer perceptions by 
using hidden layers. 

Uses histogram, describes 
oriented gradient 
information. 

Computation of covariance 
from low level features as 
intensities and gradients. 

Pruning is done at training 
level. 

It is SIFT (Scale invariant 
feature transform) 

The feed forward Neural 
Network is applied. 

Normalization of histogram 
introduces the SIFT 
properties. 

First order derivative is 
used in horizontal & 
vertical directions, 
magnitude, and edge [1, 5, 
7] orientation. 

Named LRF because the 
information extracted only 
from a limited region of 
input. 

Assumptions made to 
reduce the illumination 
changes. 

Second order derivative of 
vertical direction is 
computed. 

 

4.42 Summary of Experiment 

To obtain a comparative performance of these state of art, SVM is trained by the obtained 
features as: in case of LRF, receptive fields of 5X5 pixels, shifted to 2 pixels over the input 
image of size 18X36 are used, In case of HOG, combined normalized block descriptors are 
tested to form a feature vector and in case of region covariance, only the upper triangular part 
of an 8X8 matrix of covariance descriptor is used. All covariance descriptors are combined to 
form feature vector. Now these feature vectors are used to train SVM. 

In this paper, three different benchmark data set as “DaimlerChrysler”, “MIT CBCL”, and 
Institute National de Recherché de Informatique et Automatique (INRIA) has been used. The 
overall result shows that covariance features with a combination of LRF gives better result. 

4.43 Critical Review of the Approach and Experiment 

Strength 

1. Use of an advance classifier, SVM, which take less time for training than a neural 
network. 

2. Uses the three local features for pedestrian detection which may result in low 
computational complexity. 

Weakness 

1. Square block size fails to capture entire body of human and hence activity analysis 
may not be applied. 



2. If multiple size blocks are used for activity analysis, it may increase computation 
task of training and classification. 

3. Fixed block size of 8X8 as test gives better results for DC, while 16X18 for INIRA. 
It seems that block size may vary according to the data set. 

4. With limited amount of memory, training the nonlinear SVM may vary in 
classification result. 

5. A nonlinear SVM may have many parameters and parameter tuning process may be 
tedious and time consuming. 

6. High computation time of nonlinear SVM. 

 

4.5 Review of paper #13: Ensemble Tracking [15]. 

In this paper, the most dominant phases of computer vision in surveillance system named as 
object detection and tracking is modeled as a binary classification problem. In this approach a 
weak classifier is trained online to evaluate a strong classifier so that it could easily 
differentiate between the foreground and background. 

4.51 Summary of Approach 

Ensemble tracking can be assumed as an extension of the traditional mean shift tracking and 
the ensemble technique removes the various drawbacks of the MST algorithm. 

The proposed algorithm works as: 

 Step-1: Maintain the ensemble of weak classifiers. 

Step-2: Train the weak classifier using positive and negative samples online to 
distinguish the background and foreground.   

Step-3: The ensembles of weak classifiers are combined to produce strong one. It is 
done with the help of AdaBoost (Adaptive Boosting) Algorithm. 

Step-4: Label the pixels in the next frame as either foreground or background using a 
strong classifier. 

Step-5: The peak of the confidence map represents the new position of the object 
identified using mean shift. 

Step-6: Repeat the steps 1 to 5 until the last frame of the video sequence. 

4.52 Summary of Experiment 

The proposed algorithm was implemented in MATLAB and tested over various video 
sequences. An experiment was conducted to handle the color sequences, gray scale, and IR 
images and occlusion. The first version of the ensemble tracking contains 5 weak classifiers 
with 11 dimensions feature vector. The feature vectors are consists of 8 bin local histogram of 
oriented gradients calculated on 5X5 window as well as for RGB pixels separately. The weak 



classifiers are trained with sequence of 200 frames of color images with resolution of 
240X320 pixels. AdaBoost outperforms ensemble tracking by at most 8%. 

Sequence of 225 frames of grayscale with 9D feature vector is used. The same grayscale test 
was performed on standard data set of PETS to track a ZODIAC Boat in a 671 frame long IR 
sequence. The tracker only handles a partial occlusion while a long period of occlusion was 
not considered. The classification score was found to be 0.9 and to drop to about 0.5 in case of 
occlusion. 

4.53 Critical Review of the Approach and Experiment 

In-spite of these results, the proposed tracker has several strength and weakness as given 
below: 

Strength 

1. Ensemble tracking easily resolves the problems in mean shift tracking algorithm as: 
a. Mean shift tracking uses the histogram of RGB colors, because gray scales do 

not provide sufficient information for tracking. 
b. The exponential memory requirement to model the RGB histogram. 

Note: Ensemble tracking avoids both the problems as it can handle gray scale 
images by introducing the neighborhood information and not necessary to 
work with histogram which requires a large memory. 

c. Mean shift represents the foreground objects using most recent histogram or 
same ad hoc combination of first and last frames. 

2. Multi-Resolution Tracking:  Ensemble tracking makes it possible to work with 
varying scale of input frames. Different resolution of input frames is tested as original 
size, half-size, and quarter size images. 

3. Third drawback of MST is resolved as ensemble tracking ensures the integration of 
classifiers with respect to time. In addition to these, an ensemble tracking has 
following advantages too: 
a. Less computation for training classifiers. 
b. Automatic weight adjustment of classifiers, trained on different feature spaces. 
c. Integration of classifiers improves the stability of the tracker so that to handle the 

partial occlusion, illumination changes.  

Weakness 

1. It uses the AdaBoost classifier which is highly sensitive to those of outliers. Therefore 
performance may get affected in presence of outliers. 

2. It fails to work with rapid change in distribution in data hence not robust. 
3. Tracker was not designed to handle full and long term occlusion. 
4. The selected feature space does not consider the spatial information. 



5. Varying size of input dataset has been used to obtain the result but none of that dataset 
was greater than the duration of 40 seconds. 
 

4.6 Review of paper #14: A framework for a video analysis tool for suspicious event 
detection [16].  

The paper aims to detect the events by gathering the information via video analysis. The 
authors have proposed a framework for a suspicious event detection system. Scale invariant 
events are classified as similar events. The selection of optimal classifier is supported by the 
experiments. 

4.61 Summary of Approach 

A manual analysis of the long duration (let say about 24 to 48 hours) video sequence is quite a 
tedious task as the analyst (Human operator) has to sort the many hours video and then 
identify the events for appropriate action. The manual analysis of video became more difficult 
if the surveillance system may be supported to by 10s or 100s cameras. An automated 
surveillance system, trained to learn the environment to extract the events, may be the 
solution of this problem. Any approach which may solve this problem, must consider the 
following questions. Which low level of features (e.g. Color [1, 6, 7, 9], texture [1, 6, 9], 
shape [6, 8]) would be extracted? How events should be represented? And how unlabeled 
events should be classified? 

A framework for a suspicious event detection system was proposed. This method projects all 
events, captured through various cameras on the temporal dimension. Similar events which 
differ slightly in scale, translation, rotation, and color (due to clothing) are classified as the 
same event. 

The proposed framework may be divided into following modules: 

A. Extraction of low level features: In this module one labeled video and multiple 
unlabeled video sequences are provided as input. It produces the visualization of the 
new video (unlabeled) as output to the user. The user can accept the events as per 
their preferences. 

B. Event Representation: Events like running, walking, waving, etc. will have similar 
distributions of change. The tool must effectively measure the quantity and type of 
changes within the scene. A video event is represented as a set of x, y, and t intensity 
gradient histograms over several temporal scales. 
Four temporal scales are used for extraction of 3 dimensional intensity matrix of the 
gradient of x, y, and t directions. Normalized histograms are computed and smoothen, 
this minimizes the local mismatch.   

C. Event Comparison: 12 histogram representations are compared with other 
representations to determine the similarity in events. A squared distance measure is 
used for comparison. Lower the value of distance, closer the event. 



D. Event detection and classification: In this paper, two different videos are used for 
event detection and classification. First video contains the single known event while 
the second contains multiple unknown events. In first video a classifier easily 
recognizes the event and classify. In the second video the event may be anywhere in 
the tape and duration of an event may also vary. A fixed length sliding window is 
used to solve such problems. 

E. XML annotation: XML annotation is used to assign the description of events. 
F. Video Analysis Tool: This tool takes the annotations as its input and produces the 

suspicious events in the video to assist the human analyst. 

4.62 Summary of Experiment 

Different machine learning algorithms/classifiers are used to evaluate the experiments as: 
nearest neighbor algorithm, neural network, and decision tree.  

4.63 Critical Review of the Approach and Experiment: 

Following strength and weakness of the proposed system has been identified: 

Strength 

1. Overcomes the manual sorting of event in a long duration video. 
2. The system correctly classified all the events with different appearance/outfits. 
3. The system utilized the low level features. 
4. Nearest neighbor classification using histogram distance measure gives good results. 

Weakness 

1. Lack in Flexibility: use of the fixed size of sliding window is unrealistic as the events 
may be of varying length. 

2. The performance of the system not evaluated if the size of the video segment increases 
and training clips are more variable. 

3. Comparison of events by histograms of the feature vectors may degrade the 
performance. 

4. The proposed system may also be evaluated with the SVM like advance classifiers. 
5. Histograms are compared with the assumption based threshold. 
6. No consideration of any overlapping events. 
7. The proposed framework is only based on a single camera. A distributed environment 

may increase the computational complexity. 
8. Only low level feature as RGB color is used. The result may also be verified with the 

variety of colors as CMYK, HSV, etc. 
9. The authors have pointed to that there is no reliability metric used for measuring the 

accuracy of video description. 
10. The used input video has the duration of 10 seconds only. 

 



4.7 Review of paper #15: Online multiperson tracking-by-detection from a single, 
uncalibrated camera [17]. 

The method for detecting and tracking a variable number of persons automatically in complex 
scenes using a monocular, moving, and un-calibrated camera was proposed in this paper. The 
authors have proposed a novel approach for multi-person tracking-by-detection in a particle 
filtering framework. 

4.71 Summary of Approach 

The algorithm supports to detect and track dynamically moving people in complex scenes with 
occlusion. It does not rely on background modeling. There is no requirement of camera or 
ground plane calibration. Hence, it has few restrictions as prior knowledge required to model 
the background. And it is suitable for online applications. 

It is found that most existing multi-person tracking methods are still limited to specific 
application scenarios. They require multiple camera input, scene-specific knowledge, a static 
background, depth information, or do not support the online processing. But the proposed 
system resolves the above said conditions using a single rotating camera only. 

4.72 Summary of Experiment 

The authors have proposed the ISM (implicit shape model) trained on side views of persons 
with size 80X200 pixel, operating on Hessian-Laplace interest points. The HOG detector is 
trained on an INIRIA person data set and resized to 48X96 pixels for better correspondence 
between training and testing samples. The experimental results are carried out on the various 
benchmark dataset as ETHZ Central, TUD campuses and TUD crossings, i-Lid LabsAB, UBC 
Hockey, and PETS2009, etc.   

a. The ISM detector is more suitable for the TUD campus dataset. Every person in the 
data set successfully detected and tracked. 

b. The majority of people in TUD crossing datasets have the similar size and appearance 
but with the confidence map all the people successfully tracked through the long inter-
object occlusion. 

c. In the AVSS i-Lid data set, occlusion is more frequent due to the use of elevated 
camera. Also the visible size of the persons varies significantly. In such challenging 
situation HOG causes many false positive cases. 

d. The data set of PETS’09 from view-1 is only considered here. All the persons are 
tracked successfully. The HOG detector finds about 80% of all people throughout the 
sequence, while about 50% of all detections are false positive. 

The proposed system was built on C++, without the use of any GPU processing. A computer 
with an Intel C2D 2.13 GHz and 2 GB RAM takes a processing time of 2 to 0.4 frames per 
second. The variation in processing time depends on the number of detections and targets in a 



sequence. The authors have suggested that the current system with a GPU can be used for real 
time processing too. 

4.73 Critical Review of the Approach and Experiment 

Strength 

1. The authors increased the robustness of the tracker by detecting reappearing persons 
that temporally left the scene. 

2. A generic class-specific object detector and particle filtering for robust multi-person 
tracking is combined to support online applications. The algorithm addresses the 
specific problems caused by the unreliable output due to occlusion. 

3. To handle false positive detections, classifiers are trained at runtime. 
4. To handle missing detections, continuous confidence density output of detectors and 

classifiers are used. 
5. An experimental validation of the method is carried out on a large variety of highly 

dynamic scenarios. A quantitative comparison of the method is carried out with 
other algorithms.   

Weakness 

1. The experimental result was indeed supported by a variety of input datasets, but there 
are few challenges remain unresolved by the proposed framework as: 

a. Failure in detection and tracking due to the noisy data. 
b. Occlusion at entry or exit of a long duration. 
c. When the appearance of the target changes, the system couldn’t detect it as the 

same object. 
2. UBC hockey/soccer video provides some challenging problems as:  

i. Motion estimation of objects because the capturing cameras are also moving. 
So the relative movement of the target should be resolved to absolute 
movement. 

ii. Player motion may vary more abruptly which makes data association in next 
frame more tedious. 

iii. Additional zoom in camera focus makes more intersections between objects and 
hence the data association may get affected.    

iv. Less reliable: Due to the occlusion, rapid identity switching is possible.  
3. The output of the ISM detector is very noisy for the ETHZ Central data set; the 

classifier produces many false positive as the dataset contains many occluded 
situations. Performance of the system may get affected due to the presence of false 
positives. 

 

 



5.0 Discussion 

The video surveillance may be applied at different complexity level as to detect and track the 
objects, recognition of suspicious activity, or event recognition, etc. Many research issues 
may arise during a surveillance application, but crowd handling is the prompting issue among 
all.  

5.1 Segmentation and Tracking 

Through the above study we realized that most of the papers uses the background subtraction 
technique [1, 6-12, 13, 14] for object segmentation. The background subtraction technique has 
certain merit like faster processing than other segmentation process as frame to frame 
differencing, region split and merge, local or global thresholding, etc. But the background 
subtraction technique also has some limitations as it requires a steady background model, a 
slow variation in environment, etc. The Gaussian Mixture Model (GMM) with temporal frame 
difference may be applied for segmentation and motion detection [21]. The GMM has the 
capability to handle the rapid changes in the scene and it has no effect of illumination changes 
too. Tracking of these detected objects may be accomplished with some iterative or non-
iterative process. Mean shift tracking, Bayesian model, and optical flow are commonly used 
for tracking. But these techniques have few demerits as halt in local minima, prior knowledge 
of the object, and time consumption respectively. Therefore frame to frame object 
correspondence may be applied to track the object [4, 9]. But in this approach temporal consistency 
must be considered. 

To represent a segmented object certain features must be drawn for various applications for 
example; to classify the objects or to estimate the accurate motion or activity recognition, etc. 
Variations in feature may affect the performance of the algorithm.  

5.2 Feature Extraction for Object Representation and Classification 

Feature selection is a very important task to make the visual appeal of the object. Through the 
literature survey it is observed that image features play as important role in almost every 
phase of video surveillance system. Following features are considered in reviewed papers [21, 
22] from a variety of image features: 

1. Color: [1, 6, 7, 9] Color is the most effective feature for histogram based object 
representation. Illumination and the surface reflectance may influence the color of an 
object.  

2. Edges: [1, 5, 7] In the image processing, the edge can be the sharp changes in 
intensities. It also defines the object boundary.  The edges are less sensitive to the 
illumination changes therefore it is most suitable feature than color. 

3. Optical Flow: [1, 3, 8, 9] This feature is widely used in motion based segmentation 
and tracking.  

4. Texture: [1, 6, 9] It is used to quantify the surface properties as the smoothness and 
regularity. It is used to quantify the intensity variation. 



5. Motion features by star skeleton for posture determination [10]. 
6. Semi global features extracted from space-time micro-volume for action recognition 

[4]. 
7. Classifiers are mostly using the shape based features [6, 8].  
8. Dispersedness and width to height ratio are also used for appearance model [6].  

Following observations are about the image feature: 

1. Feature choice highly depends on the problem domain. 
2. Selection of features should be simple enough so that it could be extracted 

easily. 
3. It should be transformation invariant, for example texture varies with respect to 

rotations. 
4. It should not be insensitive to noise. 

Application of image features even varies according to input images as: 

5. Features applied to binary image differ from features applied to a grayscale 
image or color image. 

6. Either they are visible features or invisible features. 
7. To discriminate them about local features or global features. 

Selection of specific feature depends on state-of-arts, while the number of features in feature 
vectors is more about subjective process. The selected feature must be insensitive to noise as 
well as transformation invariant. It is also found that almost all proposed methods do not rely 
on complex combination of features. A small number of features are sometimes sufficient to 
obtain a good result. The new trend reflects the use of the most simplified and reduced feature 
set [2, 4], merely representing the appearance of objects can be sufficient to identify and 
track, optimizing the processing time and making possible a real time processing of the scene. 

5.3 Event Recognition 

Event detection and tracking, trajectory analysis, and human action recognition are some 
advance module in the surveillance system. It is observed that an object detector and classifier 
have its importance in the efficient surveillance system.  There are so many review papers on 
comparative analysis of the performance of classifiers in different applications. There are so 
many classifiers (Motion based technique [1], shape based classification [4], neural network 
[16], SVM [1, 5, 10, 12-14], AdaBoost [3, 12, 14, 15], RVM [10], GBT [5], RT [5], and KNN 
[11]) as a machine learning tool. Limitations of these classifiers are listed in table 3. Out of 
them AdaBoost [3, 12, 14, 15] and SVM [1, 5, 10, 12, 13] has many variations. These two are 
the most suitable classifier for the surveillance systems monitoring the traffic video, human 
activity analysis, sports video, and a crowded environment [23]. But it is observed that the 
classifiers are dependent on certain factors as: 



1. The environment where the classification is required. A complex or cluttered 
environments always affect the performance of most classifiers. 

2. Outliers are also affecting factors. The most dominating classifier named 
SVM also performed poorly in the presence of outliers [11-17]. 

3. The learning parameter value is also another factor [10, 12, 13, 15].  
4. Occlusion [11-17] not only affects the segmentation process but also affects 

the clustering process.   
5. Many of the classifiers are based on local feature vectors but the right 

selection of features and the right selection of feature quantity also matters in 
the performance of classification [2]. 

6. A feature also plays an important role in modeling the events. 
 

6.0 Conclusion 

Through the above study we found that the Gaussian Mixture Model with temporal frame 
difference may be applied for segmentation and motion detection. Then some local features or 
the reflectance model could be applied to detect the false foreground due to shadows. Frame to 
frame correspondence may be applied for object tracking in video or the behavior of the 
detected object may be analyzed by the application of some classifier. There are many 
variations in the classifiers as a machine learning tool. Out of them AdaBoost [3, 12, 14, 15] 
and SVM [1, 5, 10, 12, 13] has many variations. These two are the most suitable classifier for 
the surveillance systems monitoring the traffic video, human activity analysis, sports video, 
and a crowded environment. But the performance of a single class SVM and the AdaBoost 
classifier also suffer from the presence of the outliers. Therefore during the application of any 
of these two classifiers in any environment, following points must be considered for high 
performance: 

1. Outlier rejection [13, 15]/handling must be adopted before training the classifier. 
2. Estimation of learning parameters [13] in presence of outliers. 
3. Feature vector must produce high performance with minimum training of the 

classifier. Therefore types and quantity of features play an important role here. 

6.1 Relevance to the proposed research 

The various phases of an image/video based surveillance system may be realized through 
following modules listed below in table 3(comprised from the literature survey-I, II, and III):  

 

 

 

 

 



Table-3: Various modules in surveillance system. 

  

Modules Possible Methods Weakness Remarks 

1. Segmentation 
and Motion 
Detection 

Temporal Frame 
Difference [1, 3-5, 8] 

Requires temporal consistency. 

 
Gaussian Mixture 
Model: is able to adopt 
the rapid changes in 
scene. No effect of 
illumination changes. 

Optical Flow based 
motion Detection [1, 8] 

Requirement of long processing 
time. 

 

Background Subtraction  
[1, 6-12, 14] 

Initial Background Model; 
When no people are visible, 
when model do not adopt rapid 
changes 

Gaussian Distribution on 
Color [1, 8, 9, 11, 13] 

 

2. Shadow 
Removal 

Model based technique 
[1, 8, 9, 12] 

 

Model based requires some 
prior knowledge about scene 
then only can estimate the 
shadow. 

Reflection model [8] 
may be used that 
describes the physics of 
light and shadow 
formally. Property Based 

Technique; uses the basic 
properties of shadow as 
(local-color, brightness, 
spatial-edge, texture, 
geometric features to 
remove false positive, 
temporal features) [1, 4, 
7, 8, 10, 11, 14] 

Local features as color and 
brightness may produce false 
positive as they depends on 
illumination changes. 

3. Tracking Iteration: gradient based 
(mean shift) to locate and 
object’s position [1, 6-8, 
11, 15] 

Sometimes get stuck in local 
minimum. 

 

Frame to frame object 
correspondence may be 
applied to track the 
object [4, 9].  

Caution: Temporal 
consistency required Probabilistic: Non-

iterative & rely on 
Bayesian theory that uses 
the dynamic changes in 
observation [1, 8, 10, 13] 

Bayesian theory requires some 
prior knowledge for object 
tracking. 



 

6.0 References 
[1]. A. Yilmaz, O. Javed, and M. Shah, “Object tracking: A survey”, ACM Comput. Surv., vol. 38, 

no. 4, pp.1-45,  Dec. 2006.  
[2]. Paolo R., A Sergio, G L Foresti, Mohan Trivedi, “Novel concepts and challenges for the next 

generation of video surveillance systems”, Springer-Verlog, Machine vision and applications, 
vol-18, no. 6, pp. 135-137, May 2007. 

[3]. Paul Viola, Michael J. Jones, and Daniel Snow, “Detecting Pedestrians Using Patterns of 
Motion and Appearance”, International Journal of Computer Vision, vol-63, no. 2, pp. 153-
161, Feb. 2005. 

4. Object 
Classification 

Motion Based Technique 
[1] 

In motion based technique, 
human motion should be 
periodic with temporal 
consistency. 

Shape based features 
may be applied to rule 
based approach for 
classification with 
occlusion handling. 

SVM with local 
features may also be 
used. 

Shape based 
classification: requires 
blob to distinguish 
between human and 
vehicle, Aspect ratio of 
the bounding box [4] 

Frequent occlusion may affect 
the bounding box. 

 

Neural Network [16], 
SVM [1, 5, 10, 12-14] 

AdaBoost [3, 12, 14, 15] 

 RVM [10], GBT [5], RT 
[5], KNN [11] 

NN requires large training 
dataset. 

AdaBoost is sensitive to noisy 
data and outliers 

5. Event 
Detection 

Finite State Machine 
(FSM) [1, 8] 

Scenario is recognized in FSM 
only when final state reaches. 

Rule based Expert 
system (CLIPS) may 
be used to detect 
events. It has an 
inference engine which 
interprets the 
knowledge base. 

FSM and Bayesian 
Network [1] 

FSM & Bayesian requires 
determining the parameters of 
the network. 

Hidden Markov Model 
[1, 4, 11] 

HMM needs the training of 
sample, topology, and number of 
state model 

Stochastic Context free 
grammar and Parser 

 

Rule based Expert 
System [6] for example 
CLIPS [8] 

 



[4]. Catherine Achard, Xingtai Qu, Arash Mokhber, and Maurice Milgram, “A novel approach for 
recognition of human actions with semi-global features”, Machine Vision and Applications, 
vol-19, no. 1, pp. 27-34, Mar. 2008. 

[5]. P. N. Druzhkov, V. L. Erukhimov, N. Yu. Zolotykh, E. A. Kozinov, V. D. Kustikova, I. B. 
Meerov, and A. N. Polovinkin, “New Object Detection Features in the OpenCV Library1”, 
Pattern Recognition and Image Analysis, vol. 21, no. 3, pp. 384–386, 2011. 

[6]. A. Senior, A. Hampapur, Y.-L. Tian, L. Brown, S. Pankanti, and R. Bolle, “Appearance 
Models for Occlusion Handling”,  Journal of Image and Vision Computing, vol. 24, no. 11, pp 
1233-1243, Nov 2006. 

[7]. Omar Javed, K. Shafique, and M. Shah, "A Hierarchical Approach to Robust Background 
Subtraction using Color and Gradient Information", IEEE WMVC, Computer Vision Lab, Univ. 
of Central Florida, Orlando, USA, pp. 22 – 27, Dec 2002. 

[8]. Krausz B., Herpers  R., “MetroSurv: Detecting events in subway stations”, Multimedia tools 
and applications, Fraunhofer Institute for Intelligent Analysis and Information Systems IAIS, 
Germany; vol. 50, no.1, pp.123-147, Aug. 2010. 

[9]. L-Q Xu, J L Landabaso, and B Lei, “Segmentation and tracking of multiple moving objects for 
intelligent video analysis”, BT Technology Journal, Technical University of Catalunya, Spain, 
vol. 22, no. 3, pp. 140–150, July 2004. 

[10]. B. Yogameena, S. Veeralakshmi, E. Komagal, S. Raju, and V. Abhaikumar, “RVM-based 
human action classification in crowd through projection and star skeletonization”, EURASIP 
Journal on Image and Video Processing, vol. 2009, no. 2, pp. 1-12, Jan. 2009.  

[11]. Weilun Lao, Jungong Han, De With, and P.H.N., “Automatic video-based human motion 
analyzer for consumer surveillance system”, IEEE Transactions on Consumer Electronics, vol. 
55, no. 2, pp. 591 – 598,  Apr. 2009. 

[12]. MacDorman K.F., Nobuta H., Koizumi S., and Ishiguro H., “Memory-Based Attention Control 
for Activity Recognition at a Subway Station”, Multimedia, IEEE, vol. 14, no. 2, pp. 38 – 49, 
Apr. 2007. 

[13]. Claudio Piciarelli, Christian Micheloni, and Gian Luca Foresti, “Trajectory-Based Anomalous 
Event Detection”, IEEE transactions on circuits and systems for video technology, vol. 18, no. 
11, pp. 1544-1554, Nov 2008. 

[14]. S. Paisitkriangkrai, C. Shen, and J. Zhang, “Performance evaluation of local features in human 
classification and detection”, IET Comput. Vis., vol. 2, no. 4, pp. 236 – 246, Dec. 2008. 

[15]. Shai Avidan, “Ensemble Tracking”, IEEE transactions on PAMI, vol. 29, no. 2, pp. 261-271, 
Feb 2007. 

[16]. Gal levee, Latifur khan, and B. Thuraisingham, “A framework for a video analysis tool for 
suspicious event detection”, Springer Science- Multimedia application, vol. 35, no. 1, pp. 109-
123, Oct. 2007.  

[17]. Michael D. Breitenstein, Fabian Reichlin, Bastian Leibe, Esther Koller-Meier and Luc Van 
Gool, “Online Multiperson Tracking-by-Detection from a Single, Uncalibrated Camera”, IEEE 
Transactions on PAMI,  vol. 33, no. 9,  pp. 1820-1833, Sept. 2011. 

[18]. Maria Valera Espina, “An approach for designing a real-time intelligent distributed 
surveillance system”, PhD Dissertation, Digital Imaging Research Centre Faculty of 
Computing, Information Systems and Mathematics Kingston University,  May 2006.  

[19]. “How to Implement Low-Cost Video Surveillance through Cloud Computing”, HOW-TO-



GUIDE, campus magazine by Iveda Solutions (based in Mesa, Arizona with a subsidiary in 
Taiwan), YEARBOOK 2011.  

[20]. Ferzli, R.,  Khalife, I., “Mobile cloud computing for educational tool for image/video 
processing algorithms” Unified Commun. Group, Microsoft Corp., Redmond, WA, USA  
Digital Signal Processing Workshop and IEEE Signal Processing Education Workshop 
(DSP/SPE), IEEE, pp. 529 – 533, 4-7 Jan. 2011. 

[21]. Santosh Verma, Literature Survey-I for “Event Recognition in Video Based Surveillance 
System” part of “Cloud Based Image/Video Processing For Surveillance System”, JIIT Noida. 
2012 

[22]. Santosh Verma, Literature Survey-II for “Event Recognition in Video Based Surveillance 
System” part of “Cloud Based Image/Video Processing For Surveillance System”, JIIT Noida. 
2012 

[23]. Santosh Verma, Literature Survey-III for “Event Recognition in Video Based Surveillance 
System” part of “Cloud Based Image/Video Processing For Surveillance System”, JIIT Noida. 
2012 


