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 Detecting and tracking objects well in a visual surveillance system is crucial for diverse 
of application areas including abnormal event detection, modelling trajectory patterns, 

human gait characterization and pose estimation, object identification and classification. 

The basic step of this detection process is to detect an object which is present in motion 
or not and object detection could be performed using background subtraction, optical 

flow and spatio-temporal filtering techniques etc. A comprehensive review with 

comparisons on available techniques for detecting and tracking of objects in 
surveillance videos and the characteristics of few benchmark datasets are presented in 

this paper. 
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INTRODUCTION 

 

Over the recent years, observing anobject 

detection and tracking in a video scene of a 

surveillance system is attracting more attention due 

to its wide range of applications in abnormal event 

detection, pose estimation, person counting in a 

dense crowd, person identification, object 

classification, etc.  In order to consider a large 

number of applications in computer vision for 

society, large networks of cameras used increasingly 

in public places such as airports, railway stations, 

universities and office buildings. These cameras 

typically span large spatial areas and do not have 

overlapping fields-of-view (FOV) is an improved 

cover. Such networks provide large quantities of 

video data, which is used after the factfor other 

purposes like finding the certainty. Human 

monitoring of these videos is faulty, time consuming 

and expensive, thus greatly reducing the 

effectiveness of the monitoring process. Automated 

analysis of large amounts of videos significantly 

improves the quality of the monitoring (Bedagkar-

Gala A. and S.K. Shah, 2014). 

Video analysis can enable long-term behavior 

and the characterization of people in a scene. Such an 

analysis is for high-level tasks such as monitoring 

suspicious activity detection or adverse event 

prediction for the timely warnings to security 

personnel making proactive monitoring. Computer 

vision requires the ability to track people across 

multiple cameras, perform set motion analysis and 

motion detection. Tracking people in multiple 

cameras for wide area scene analysis and person 

recognition is a fundamental aspect of multi-camera 

tracking. As seen in the visual inspection, the object 

trajectories are useful for the activity recognition, 

learning interest areas or paths in a scene and 

detecting events of interest. Unfortunately, the 

quality of tracking depends on many factors like, the 

quality of the image processing tasks at lower levels, 

such as object recognition, object classification and 

some video features such as complexity of object 

motion, scene illumination, low contrast, high 

density and occlusion performed frequently of 

mobile objects (Chau, D.P., et al., 2014). 

In 1990s, researchers concentrated on the image 

recognition and matching problems, later they turned 

towards the work on image compression, motion 

classification and identification etc. In 2000s, 

researchers diverge to work on total body detection, 

fragmentation problems, filtering methods, visual 

parameters and optimization. From 2011s onwards 

most of the work were carried out by the researchers 

on action recognition of videos, edge detection, 

gesture detection, pose estimation and recent works 

are quick estimation of edge directions, timely 

autonomous identification, person re-identification, 

identify illumination and occlusion levels, human 

movements. 

The rest of the paper is organized as follows. 

Section II deals with detecting and tracking 

techniques and Section III presents the discussion 

and Section IV presents conclusion of this paper. 

 

 

 

1. Detecting and Tracking Techniques: 
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Most of the filtering techniques are used for 

detecting and tracking of objects, the main use of 

filters is to reduce the noise and blurring in the 

images and also to sharpen the images. 

 

Guassian Filter: 

J. Liu et al (2014) developed a new multi-pixel 

anisotropic Gaussian filter to detect edges. For quick 

estimation of an edge direction isotropic Gaussian 

filters was used and the proposed filter is applied to 

improve the accurate search edge-line segment 

direction. Interpolation method is used for balancing 

accuracy and efficiency of the proposed method. 

This detector can achieve better performance than 

several existing edge-detection methods in the sense 

of noise reduction, good localization, and high edge 

continuity and it decreases the computational 

complexity. 

The key concept in the field of image 

segmentation is the imposing of spatial smoothness 

to overcome this limitation. T. M. Nguyen et al 

(2011) proposed a new Dirichlet Gaussian mixture 

model for image segmentation. This is fast in 

computational speed, and also incorporates the local 

spatial information between neighbouring pixels 

based on the Dirichlet distribution. The performance 

of the proposed method was evaluated against 

spatially variant finite mixture model (SVFMM) 

Class-adaptive spatially variant finite mixture model 

(CA-SVFMM) iterated conditional modes (ICM), 

Mean Filter (MEANF) methods. The proposed 

method obtains a good segmentation results with the 

data set PRI. 

Y.Ren et al (2003) presents a spatial distribution 

of Gaussian‟s (SDG) model, which deals with 

detecting moving foreground objects from a non-

stationary background to detect small targets that 

arise a compensation problem, SDG solves this 

problem and current frame, after compensating for 

the motion it should belong to one of the background 

Gaussian‟s in its local spatial region is considered as 

a background. To evaluate the efficiency of the 

foreground detection, two types of error rates are 

used, viz, false alarm rate and miss detection rate. 

Basically, the SDG model and the statistically 

modeled background extend the application of the 

background subtraction to the moving sensor and 

make the detection robust. 

 

Hidden Markov Model: 

H. Jeong et al (2014) presents a probabilistic 

topic model for modeling trajectory patterns using 

the regional and velocity observations. This model 

use Hidden Markov Model to identify the object in a 

scene state and the topic can be considered as typical 

motion pattern. First step detects the corner points on 

the foreground pixels, extracts the trajectories using 

the Kanade–Lucas–Tomasi (KLT) feature tracker for 

trajectories and reduce the tracking error because it 

uses time intervals and spatiotemporal dependency 

for minimizing the objective function and the precise 

velocities are used to know the position of a 

trajectory at f frame. The method is evaluated on six 

datasets for activity pattern modeling and anomaly 

detection and it is shown that this method 

outperforms the state-of-the-art methods 

A Jazayeri et al (2011) introduce a novel  

comprehensive approach with an aim of detecting 

and tracking vehicle moving ahead in the same 

direction as our vehicle using the in-car video 

camera. Here, the hidden Markov model (HMM) is 

used to separate the target vehicles from the 

background and track them probabilistically. This 

approach is mainly based on motion information and 

real-time feature extraction in video frames by using 

corner detection and line segment detection. 

V.Saligrama et al (2010) presents unsupervised 

approaches based on statistical activity analysis for 

video anomaly detection. Anomalies are classified 

into two types, namely, supervised and unsupervised. 

First a dictionary of anomalies is constructed, then 

for each observed video, checks if a match can be 

found in the dictionary. Unsupervised approaches 

generally imply that labels are not known, Tracking 

is generally performed by means of graphical state-

based representations, such as hidden Markov 

models or Bayesian networks. 

Y. Tian et al (2011) propose a Gaussian 

background subtraction framework for the detection 

of moving objects in video surveillance. The area of 

an object in a scene is stationary, it is considered as 

static region. Detection of static regions is done as 

follow: first step represents pixel in the background 

image, and status is adaptively updated on the 

regions eventually detecting the pixels with rapid 

changes in the mixture of Gaussian distributions of 

the background model. The proposed system works 

well in real-time video surveillance system for most 

situations and one of the drawbacks of this system is 

that it fails in low-contrast conditions. 

K.K. Warhade et al (2011) proposed an 

algorithm for accurate and robust recognition of 

borders shot. It is important for high-level content-

based analysis of video and is the first step in 

extracting the structural features of each video frame 

by using dual-tree complex extracted Wavelet 

transform for reducing the false positives by using 

higher threshold spatial domain structure similarity 

algorithm, which is used to find similarity between 

frame with structural features. Evaluation of the 

application of this technique is shown on 

recall,precision,and F1measure metrics. 

Experimental results show that the proposed 

algorithm can achieve better performance than the 

3D Wavelet transform and logarithmic transform 

algorithms with 94.73%, 95.08%, and 

94.90%respectively. 

H. Liu et al (2011) presents tasks for the 

assessment of image quality based on the eye-

tracking data for free looking task and one with a 
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quality assessment task; first one is natural scene 

saliency (NSS) and distorted versions of the original 

images. This data helps to predict the subjective 

scores, with several well-known objective metrics. 

Those are full referenced metrics like PSNR, SSMI 

and VIF, no-reference (NR) metrics like GBIM. 

Evaluation of the overall performance gain of LIVE 

database 2%, 7%, 2% and 5% respectively in terms 

of CC. 

B. Arbab-Zavar (2013) proposes a hierarchical 

approach for modeling human motion and context of 

a workflow analysis within an industrial 

environment. This problem is split into activity and 

task recognition, tasks are the specific actions of 

work flow and aims to detect these tasks. Detection 

takes place by using HMM, initial step is feature 

extraction and the classification is done based on 

HMM techniques which separates the background 

and task by achieving activity classification rates of 

58.38, 63.82 and 68.70%. Finally 86.9% recognition 

rate is obtained for the background. 

I.Kukenys et al (2013) presents a system for 

multi-touch tracking from line scan cameras using 

particle filters. This idea is based on Markovian 

condition, in which two basic operations of particle 

filter predicts the next system state from the current 

state and estimate the posterior state distribution in 

the current observation and estimates the state of the 

system, which can be calculated by choosing the best 

particle (MAP). The performance of this system is 

evaluated in terms of coverage metric for the 

percentage of the frames which a correct number of 

touches were identified. 

J.Ning et al (2013) presents a tracker method for 

representing target with Distribution fields (DF), 

usually for features use Haar-like features. But here, 

DF layer is considered because it has less 

redundancy and less blurring. This classifier is called 

weighted-geometric-mean MIL (WGMMIL) 

classifier and the performance is compared with 

other state of the art methods in terms of average 

speed. It shows high performance and good in 

accuracy and stability. 

M.Fergie et al (2013) propose a model using the 

mixture of Gaussian processes for human pose 

estimation problems. This is the powerful technique 

mostly used for noisy regression problems and these 

models are learnt using an expectation maximization 

algorithm to formulate maximum likelihoods. 

Generally, Gaussian process takes the complexity of 

O(n
3
), here training examples are increased. Expert 

size remains fixed with this proposed model and 

grows linearly and complexity for evaluating the 

likelihoods is O(NK). This performance of mixture 

of Gaussian processes model (MGPR) is compared 

with the other state of the art models and it offers a 

significant improvement both supporting fast 

learning and prediction and finally resolve the 

multimodalities modeled by the predictive 

distribution. 

P.Dickinson et al (2009) proposes a novel model 

for robust segmentation in scenes where the 

appearance of the background varies over time. This 

paper mainly addresses the problem by modeling 

homogeneous regions of scene pixels as an adaptive 

mixture of Gaussians in color and space. The method 

was evaluated over several challenging video 

sequences, and results were compared with both per-

pixel and Markov Random Field based models. The 

results show the effectiveness of this approach in 

reducing incorrect classifications. 

Kelly et al (2009) presents a robust computer 

vision approach for detecting and tracking 

pedestrians in crowded scenes. This system use 

Weighted Maximum Cardinality Matching scheme 

by considering input as a dense disparity map of the 

scene and identify the 3D points and then apply post-

process on  the disparity map to remove artifacts and 

constrain the 3D points to a volume of interest 

(VOI). Remaining disparity points are labeled as 

foreground 3D points. Foreground points are then 

clustered together into detected pedestrians. Finally 

detected pedestrians are temporally tracked by 

representing previous tracks and current image 

pedestrians by a Weighted Bipartite Graph. The 

approach is evaluated in terms of detection with the 

use of precision and recall metrics, using image 

sequences overhead, graft on from both indoor and 

outdoor scenes and yields 94.1 and 83.2 respectively. 

 

Kalman Filter: 

Jong et al (2010) introduced an adaptive 

quantization technique for sports videos DMB 

(Digital Multimedia Broadcasting) used to achieve 

loss of details in ROI. Dynamic Kalman Filter (DKF) 

is used for tracking ball and player candidate. 

Generally this type of applications raised complexity 

due to bit rate variation because view of video is far, 

close-up, middle to solve this problem, adaptive 

quantization  procedure is conducted, and this 

method overcome the occlusion problem and DKF 

can track a ball rapidly and robustly. In terms of 

accuracy with respect to occlusion problems, the 

DKF is 86% and 26.5% higher than TKF and AKF 

respectively. 

Gall et al (2008) introduce a multi-layer 

framework for motion capture which combines 

stochastic and local optimization and filtering 

methods. In this frame work first layer gathers prior 

information, second layer refines the missed data by 

filtering and local optimization. When comparison 

takes place with global stochastic optimization with 

particle filtering and local optimization accuracy is 

increased and ambiguities are resolved. 

M J Black et al (2000) provides a novel 

Bayesian framework to represent and recognize local 

image motion based on two models, namely, 

translational motion and motion boundaries. For this, 

posterior distribution is considered and its 

propagation through time with a particle filter and 
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reduce foreground/background and matching 

ambiguities. The particle filter provides an 

approximation of the posterior distribution over 

models and model parameters, rather than a single 

best state, which provide a better calculation and 

effectiveness. 

Viola et al (2005) proposes a novel approach to 

detect pedestrians in difficult conditions using image 

intensity information with motion information. 

Pedestrian detector is based on the simple rectangle 

filters. The evaluation can be done rapidly by using 

these filters at any scales. The proposed method 

maintains the false negative rates at very low level 

and updates the threshold value. It exhibits low false 

positive rate and robustly detects pedestrians from a 

variety of viewpoints and it will be applicable at 

different situations of human motion (running, 

jumping). 

Kensuke et al (2004) described about the image 

interpolation and it is related to the fields such as 

virtual reality, computer animation, and video 

transmission. The concept is used to automatically 

match two images and this can be achieved by 

Critical-Point Filters. Enhanced Critical-Point Filters 

were used, to enable automatic image matching and 

improve the accuracy of matching. The key 

parameters are color information (rgb). This is 

compared with optical flow methods in terms of 

average time. The proposed method shows the results 

four times faster than the optical flow method.  

F. Diego et al (2011) presents a novel approach 

for solving the problem of aligning video sequences 

recorded by independently moving cameras, based 

only on the fusion of image intensity and GPS 

information. For this two video sequences denoted as 

“reference” and “observed” with the goal of 

synchronizing videos with the help of MAP and 

KalmanFilter methods. This method produces better 

accuracy of 43%, 46% for the zero frames error and 

71%, 72% for the five frames error. Second, this 

appearance similarity measure is simple and less 

computational cost.  

P Pan et al (2011) present a solution for particle 

filtering on directed cycle-free graphs. This method 

forms a high-order Markov chain over the partitioned 

graph and it used two video tracking applications, 

viz., object tracking using high-order Markov chains 

and distributed multiple object tracking based on 

multi-object graphical interaction models. First and 

second order particle filtering tracking algorithms are 

applied. The second-order tracking algorithm 

produces better tracking results as compared to the 

first-order. Most of the particle filters using any state 

parameterization and likelihood model improve the 

performance and robustness of video tracking. 

Experimental results demonstrated the superior 

performance of this approach to video images. 

A.Dankers et al (2004) have developed Cable-

Drive-Active-Vision Robot (CeDAR), a novel 

multipurpose active optical sensor system for the real 

application, i.e. Cable Drive Active Vision Robot. 

Cue extraction is a key element of this system. This 

approach is used to identify pixel positions in the 

view frame and a particle filter to explore the state 

space. Each particle a target position in the state 

space, particles with high probability indicates the 

most likely destination state. It allows merging of 

cues run on different frequencies. The vision system 

was successful in object tracking, tracking for 

autonomous vehicle guidance, and optical sensor for 

mobile robots.  

J. Hsu et al (1997) proposed a new framework 

on the data fusion for identifying the physical 

relationship of the road curvatures between 

successive images and dynamic correlation between 

vehicle movement variables based on the accuracy of 

the estimate. Kalman filter technique used to 

measure the vision-based fault. Motion estimation is 

based on the spatial and temporal fusion based. 

Preliminary estimate can be obtained from original 

vision measurements, to find next predictions using 

the technique of a Kalman filter based on variances; 

meanwhile real road scenes are consistent with actual 

values. It is concluded that the proposed merger 

scheme is possible for vision estimation. 

S. Chen et al (2013) presents a novel particle 

filter approach for virtual object tracking. The 

dynamic system works with two equations which are 

evolution equation used to predict the current state 

based on the previous state and the measurement 

equation is used to measure the similarity between a 

given state and the current observation. Finally, in 

this model most particles in the re-sampled particle 

set have high likelihood, and thus the state with the 

biggest value of the sum of all particles‟ likelihoods 

is close to the ground truth. Effectiveness of the 

proposed approach is compared with Gauss–Newton 

optimization and standard particle filter (SPF), mean 

shift embedded particle filter (MSEPF), mean shift 

(MS), and optical flow (OF), and proposed method 

showed results in terms of tracking frames 91%.  

B.Dariush (2003) proposed a framework model 

for multidisciplinary analysis and assessed the 

human movement. An idea of this system on the 

central nervous system (CNS) monitors the human 

movement and Kalman filtering technique is used to 

estimate optimal motion dynamically. This is one of 

the most commonly used approaches to specific 

problems in detecting, modeling, control and 

simulation. 

 

Principal Component Analysis: 

L. Malagon et al (2009) presents a system for 

object detection and its application to pedestrian 

detection without the knowledge of prior information 

about an image. The system uses two stages, first 

stage is a classifier to examine the image at different 

scales, and second stage is eliminating false 

detections. The classifier based on the idea of 

Principal Component Analysis, it used to compute 
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the principal components. The classifier, Support 

Vector Machine is used to classify the components 

positively and negatively. If a new pattern projects it 

into both sets of PCs and compares the 

reconstructions. The advantage of the system is to 

detect frontal and rear views of pedestrians as well as 

side views. 

Z. Lin et al (2011) proposed a novel edge 

detection method to build a consistent image 

representation. KPCA-SCF combines kernel 

principal component analysis and kernel subspace 

classification KPCA is applied to training several 

classifiers for edge detection and kernel subspace 

classification. Finally, SCF is used for images edge 

detection. Comparison is made with respect to the 

error rate of noiseand  KPCA-SCF shows very less 

1.1765 with other methods. The edge features 

extracted by KPCA-SCF are stable precision values 

of KPCA-SCF do not rapidly reduce in small 

threshold, and  recall values are lower than the 

detectors mentioned in the BSDS benchmark. The 

KPCA-SCF method is strong in robustness with 

respect to BSDS benchmark. 

H. Wang (2009) presents a structural two-

dimensional principal component analysis for image 

recognition with the aim of discovering structural 

discriminative information. The performance of the 

S2DPCA method is evaluated on two benchmark 

face databases,  FERET and Olivetti Research 

Laboratory (ORL) databases. The performance of 

S2DPCA is compared with 2DPCA, PCA and FLDA 

in terms of accuracy. It produces better results of 

84.5% and 93% respectively.  

Jong Seo et al (2011) proposed a new method 

for action recognition of video (video to video 

matching) based on space-time locally adaptive 

regression kernels and the matrix cosine similarity 

measure. It did not require any prior knowledge for 

tracking. It compared the target video features using 

a matrix generalization of the cosine similarity 

measure. The first step is the feature representation 

that is derived from space-time local regression 

kernels by applying the concept of Principal 

Component Analysis achieving dimensionality 

reduction. Significant tests are performed to control 

the false discovery rate. This method achieved high-

recognition accuracy of 10 actions is 97.5% and for 6 

actions recognition rate is 95.1%. 

D.Conte (2013) presents a method for video 

surveillance applications for estimating the number 

of moving people in a scene. The aim of this method 

is to extract the suited feature points and selection 

among them of the moving ones. Hessian-based 

detectors and SURF algorithms are used for feature 

extraction. In terms of performance Mean Absolute 

Error (MAE) and the Mean Relative Error (MRE) are 

used.The proposed approach is in several cases more 

accurate than Albiol‟s and Contewhile retaining the 

same robustness and low computational. L. Younes 

(2012) presents an overview of shape space models 

based on principal component analysis, kernel 

regression to manifold data. This concept focuses on 

particular models involving Riemannian manifolds of 

shapes. It is organized in three stages, starting with 

shape representation methods, followed by shape 

space structures, from those metric spaces to 

manifolds. Using Sobolev metric is used for 

controlling the smoothness of the shape variations 

within geodesics. 

 

Novel Approaches: 

Patterson et al (2014) presents a novel method 

for autonomously identifying Safe Landing Zones, 

applications such as environmental monitoring and 

the ability to operate as an „eye-in-the-sky piloted 

and autonomous UAVs are available. Autonomous 

UAVs achieve high-level goals. Detection provides a 

measure of robustness against image noise. The 

knowledge in the assignment of safety scores overall 

94.7% of detected SLZs were assigned a correct 

safety score with knowledge and 86.3% of detected 

SLZ without knowledge. 

A V Paramkusam et al (2013) propose an 

algorithm for optimal motion estimation. This 

algorithm operates on the principle of dynamic 

programming, which determines the possible motion 

vectors (PMVs), predicts the best initial motion 

vector (IMV). Thereafter optimal motion vector 

(OMV) will be traced in the PMV set. This algorithm 

reduces the number of calculations without 

degrading coding efficiency represented by the 

PSNR. Experimental results show that the proposed 

algorithm can outperform MSEA, FGSE, AdaMSEA 

and WUI obtain algorithms. 

P. Carvalho et al (2013) proposed an integrated 

analysis of object descriptors and appearance models 

through their comparison in a common object 

tracking solution. A novel descriptor evaluation and 

characterization paradigm is used for a given 

tracking application context. The performance of the 

appearance model and the corresponding descriptor 

technique is not independent of other modules. For 

evolution, different metrics such as tracker detection 

rate, detection rate, false alarm rate, system better 

computational performance and accuracy of the 

results were used for a set of well-known description 

techniques and different representations. 

Samson et al (2006) presents a new Agile Stereo 

Pair(ASP) method for active vision. The goal of this 

method is computational speed and accurate dynamic 

adjustments of view, convergence and baseline. This 

method uses Fast dual-tilt-pan rotation mechanism, 

this is controlled by the control unit and receives 

command frame grabbing and image processing unit. 

Real-time stereo baseline adjustment control unit 

accepts commands of image processing unit and send 

them to the required signal to baseline adjustment 

unit. Then the system examines the surrounding 

environment in the most efficient manner and high-

speed tracking is performed. Finally, it is concluded 
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that it is useful for social interactions between 

humans and robots. 

C Chung et al (2010) proposed a novel video 

segmentation system, for extracting target object 

from the video sequence. This system integrates 

Markov random field-based contour tracking with 

graph-cut image segmentation. One of the most 

important points about graph-cut is that it refines the 

shape and improves the accuracy of video 

segmentation and also image matting techniques 

have been used for video object extraction. First 

component, the contour is automatically extracted 

from the previous segmented frame, contour of 

current frame is estimated by minimizing an energy 

function using the MRF solver. This method is more 

effective and computationally efficient without pre-

processing.

 
Table I: The Performance Analysis of Detecting and tracking objects in surveillance videos 

Author Name Methodology Used Merits Demerits Success 

Rate/Accuracy 

J.Liu, ,D. Feng 
(2014) 

Anisotropic Gaussian 
Filter 

Noise reduction, 
Computationally efficient 

Not suitable for short 
edge-line 

Segment (ELS) 

 

T. M. Nguyen,   
Q. M. J. Wu (2011) 

Dirichlet Gaussian 
Mixture 

Good performance in noisy 
conditions and successful in 

segmentation  

Contour and texture 
features not considered 

while segmentation 

 

Y. Ren et al (2003)   Multi-layer framework Accuracy gradually increases    

H. Jeong (2014) Hidden Markov Model  Reduce the anomalies    

A Jazayeri et al 
(2011) 

Hidden Markov Model Effectiveness of the system design  True Positive 86.6, 
False Positive 13.2 

False Negative 
14.1, True 

Negative 85.9 

V.Saligrama et al 

(2010) 

Statistical analysis and 

HMM 

Effectively discovering a variety 

of anomalies 

  

Y. Tian, A. Senior 

(2011) 

 

GBS Frame Work Good performance in real-time 

applications 

It may fail in low 

contrast conditions 

 

 

K. K. Warhade et al 
(2011)  

Dual-tree complex 
wavelet transform 

Accurate and robust recognition Illumination changes, 
and dark background 

conditions 

94.73%, 95.08% 
and 94.90 % 

respectively. 

H. Liu et al (2011) Fully Reference and 
Non Referenced 

Metrics 

Performance good in natural 
scene saliency (NSS 

  

B. Arbab-Zavar et al 

(2013)   

Hidden Markov 

Model,MAP 

Efficient recognition It uses modern 

approach, leads to high 

false alarm rates 

86.9% 

I. Kukenys and B. 

McCane (2013) 

Hidden Markov Model Performance is feasible   If more number of 

touches ,it shows poor 
performance 

 

J. Ning et al (2013) Distribution fields Accuracy    

M. Fergie et al 

(2013)] 

Expectation 

maximization 
algorithm 

Multi modalities problem resolved    

P. Kelly et al (2009) Weighted Maximum 

Cardinality Matching 

Robust in detection  94.1% and 83.2% 

indoor and outdoor 
respectively  

J. Kim et al (2010)   Dynamic Kalman 

Filter 

Robust and easy to avoid 

occulusion problems 

Depend on light  

conditions 

86% 

M. J. Black et al 
[20] 

Bayesian framework Efficient recognition Identify prior 
incorporate into 

Bayesian framework 

 

P Pan et al (2011) Sequential Particle 

Filtering 

Performanceand robustness of 

videotracking 

  

A. Dankers  et al 

(2004) 

Cedar Efficient tracking of an object   

J. Hsu et al (1997) Kalman filter Feasible estimation of vision-

based fault 

Preview of long 

distance objects  

 

S. Chen et al (2013) Novel Particle Filter  Shows better effectiveness  91% 

L. Malagon et al 

(2003) 

PCA Detect Frontal and rear views 

pedestrians as well as side views 

  

Z. Lin et al (2011) KPCA-SCF Robustness   

H. Wang (2009) Structural two-
dimensional principal 

component analysis 

Accuracy  84.5% and 94% 

H. J. Seo et al 
(2011) 

PCA, Cosine similarity 
measure 

Dimensionality  reduction, high-
recognition 

 97.5% 

D. Conte et al  Hessian-based  Robustness and lower   
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(2013) 

 

detectors,SURF computational cost 

L. Younes (2012) Principal component 
analysis 

   

 

RESULTS AND DISCUSSION 

 

In this section, we summarize the object 

detection and tracking methods, point out limitations 

and identify promising directions for future research 

to address these limitations. Kalman filter techniques 

have proven to yield good results, and they can 

usually be extracted features with low computational 

cost. However, their applicability is limited to all the 

scenarios reliably. Moreover, they cannot deal with 

occlusions. Generative state-space models such as 

HMMs can model temporal variations but have 

difficulties distinguishing between related actions; 

discriminative graphical approaches are more 

suitable. The current state of the art models  and well 

known models motivated by the broad range of 

applications that can benefit from robust to detection 

of moving objects in videos, it is expected that many 

of these challenges will be addressed in the near 

future. 

 

Conclusion: 

This paper provides a review on video 

surveillance systems that are used for object tracking, 

motion analysis, behaviour understanding and 

recognition. The inspiration for writing a survey 

paper on this topic is to evaluate and achieve insight 

into visual surveillance systems from a big picture 

first. This allows us to understand what are the trends 

and the various stages of a visual surveillance 

system, how to recognize and involved dissecting 

behavior. 
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