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Abstract - Video processing techniques provide a reliable, efficient, and scalable approach to different traffic applications 

due to their low deployment and maintenance cost as well as    the capacity of wide area coverage. In computer vision, 
motion tracking refers to the task of estimating the location of a single   or multiple moving object over the time in a 
sequence of images captured by a video camera. Vehicle tracking, in general, is a challenging task, due to the change of 
vehicle motion, appearance, occlusions, and camera motion. Hence, the aim of this paper is    to review of the existing range 
of video processing applications for traffic monitoring and safety, which include: traffic density detection and vehicle 
counting, automated recognition of license plate characters, and video analysis for anomaly and on-road incident detection. 
Moreover, to review the current state of the art tracking methods, including vehicle tracking and traffic surveillance 
applications based on Kalman filter-based tracking. In this paper, we categorise vehicle tracking methods into three 

categories: Feature-based method, Kernel-based method, and Silhouette-Based method. 
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I. INTRODUCTION 

 

Tracking can be defined as the problem of 

approximating the path of an object in the video as it 

moves around a scene. Tracking in computer vision 

has been an area of intensive research in the past two 

decades. Reporting systems with a reliable tracking 

ability is now a commonplace in vision research even 

under situations that demand real-time performances 

such as on-road vehicle tracking. Algorithmic, 
practical and theoretical advances have significantly 

expanded the research opportunities and 

developments taking place in order to understand the 

semantics of vehicle behavior.  

A comprehensive survey of vision based vehicle 

detection, tracking and behavior is presented in [1], 

where various sensing technologies (vision, sonar 

etc.) have been presented that can be used for 

tracking. As pointed out by [2] in one of the early 

surveys on video processing techniques for traffic 

applications, video sensors provide a reliable, 

efficient, and scalable approach to different traffic 
applications due to their low deployment and 

maintenance cost as well as the wide area of 

coverage. While their work focused on traffic 

monitoring and surveillance applications, [3] 

presented a more in-depth review on autonomous 

vehicles and driver assistance. Some of the more 

recent surveys include the works of [4] on video 

processing-based traffic flow monitoring and traffic 

monitoring with the assistance of unmanned aerial 

vehicles [5]. All of these work support the underlying 

premise of the application of video analytics for 
traffic applications. 

This paper is structured as follows: Section II. 

illustrates the videoanalytics for traffic applications, 

including 2.1 for the traffic density estimation and 

vehicle counting and 2.2 shows license plate 

recognition application. Section III. demonstrates the 

tracking techniques includes Feature-based method in 

Section 3.1, followed by Section 3.2 for the Kernel-

based method and Section 3.3 presents the Silhouette-

Based method. Finally, the last Section presents our 

conclusions. 

 

II. VIDEO ANALYTICS FOR TRAFFIC 

APPLICATIONS 
 
This section will provide a review of the existing 

range of video processing applications for traffic 

monitoring and safety, which include: traffic density 

detection and vehicle counting, automated 

recognition of license plate characters, and video 

analysis for anomaly and on-road incident detection 

 

2.1Traffic Density Estimation and Vehicle 

Counting 
Real-time estimation of traffic density and counting 

the number of  on-road  vehicles  could  potentially  

be  applied  in traffic management by dynamically 
control traffic flows through the adjustments of traffic 

signals. This would in turn result into decreased 

commute times and reduced chances of traffic 

incidents. One of the early works on traffic density 

estimation was presented by [6] where the traffic flow 

was modeled and predicted based on the cell 

transmission model. They reported a mean percentage 

error of 13 for experiments conducted on a highway 

located in southern California region, USA. [7] 

utilized artificial neural network models to detect  the 

type of the on-road vehicles and estimate real-time 
traffic density. 

2.2 License Plate Recognition 

Automated license plate recognition is one of the 

most com- mon applications of video processing in 

traffic monitoring and surveillance. In recent years, 
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there has been many companies offering commercial 

software solutions to this problem. The license plate 
recognition problem can further be divided into two 

sub-problems: i) detection of license plate position in 

the image scene and ii) recognition of license plate 

characters.[8] proposed a combination of fuzzy logics 

and artificial neural networks for automated license 

plate recognition under uncontrolled environment. 

However, their method was only evaluated on gray-

scale images. [9] introduced a color image 

processing-based license plate recognition method 

which utilizes a thresholding technique on different 

color bands. An in-depth review on state-of-the-art 

automated license plate recognition methods can be 
found in [10]. 

 

2.3 Traffic Incident Detection 

Automated traffic incident detection is a challenging 

re- search area that utilizes video processing and 

machine learning to extract context and high-level 

description of the scene. Typical examples of traffic 

incident might include: illegal turning, hit-and-run, 

speeding, accidents, disturbances on the road, etc. 

One of the precursory works on traffic incident 

detection was presented by [11], where linear 
discriminant analysis (LDA) and discrete wavelet 

transform (DWT) was used to construct feature 

vectors in order to train a neural network for traffic 

incident detection. Later, [12] proposed a non-

parametric regression model that utilized a nearest 

neighbor-based traffic flow model for incident 

detection. A more recent traffic incident detection 

approach was introduced by [13] where the state-of-

the-art support vector machine (SVM) algorithm was 

augmented with information-theoretic fusion of 

different sensor data, where each data segment 

obtained from a particular sensor is treated as an 
evidence. 

 

2.4 Illegal Parking Detection 

One of the major causes of traffic congestion and 

road accidents is illegally parked vehicles. While 

traffic monitoring has experienced augmentation of 

machine intelligence and video analytics for many 

applications, illegal parking detection is still often 

conducted by human experts and patrol vehicles [14]. 

Hence, automated detection and tracking of illegally 

parked vehicles in public and private localities is an 
important application of video analytics for 

automating the traffic surveillance system. However, 

only a few existing works address the issue of illegal 

parking detection and vehicle tracking due to the 

challenging nature of the problem caused by 

uncontrolled environment. [14] proposed 

transformation of video frames to an 1-D space to 

reduce the involved computational complexity for 

illegal parking detection. Their approach comprises 

tracking the no parking zone in the 1-D projected 

space over time in order to flag potential illegally 

tracked vehicles. Once a vehicle is flagged, the 2-D 

image scene is reconstructed from the 1-D projection 

which could then be used for reporting or other post-
processing tasks. More recently, [15] proposed a 

parked vehicle detection approach that utilizes spatio-

temporal maps constructed based on Harris corner 

point detection. Their approach was fundamentally 

different than the existing tracking-based approaches 

since it relied on the detection of spatio-temporal 

characteristic changes in the image scene rather than 

detecting vehicles and tracking them. 

 

III. TRACKING TECHNIQUES 

 

In computer vision, motion tracking refers to the task 
of estimating the location of a single or multiple 

moving object over time in a sequence of images 

captured by a video camera. 

Motion tracking is one of the most-studied areas in 

the field  of computer vision, which resulted into a 

wide range of tracking algorithms as well as 

commercially available solutions offering robust 

tracking even under uncontrolled lighting and 

environment conditions. These successes of motion 

tracking algorithms has motivated its widespread 

applications in traffic monitoring and surveillance 
systems (e.g. on-road  vehicle and pedestrian 

tracking) [1]. We categorise vehicle tracking methods 

into three categories:Feature-based method, Kernel-

based method, Silhouette-Based method, see Fig. 1 

for object tracking categories. 

 

 
Fig. 1. Object Tracking Categories 

 

3.1 POINT OR FEATURE-BASED TRACKING 

Point or feature-based tracking of moving object 

typically construct a description of the object based 

on a collection of points (pixels belonging to the 

object) or features extracted from those points. In 

[16] proposed a feature-based tracking   of the rear 
faces of on-road vehicles where a symmetrical feature 

extraction operator was used. Such traditional feature 

representations can be constructed very fast from the 

images, which contributed to their adaptation with 

particle filters in different motion tracking 

applications related to vehicle detection and traffic 

monitoring [17]. More recently, scale invariant 

feature transform (SIFT). SIFT features are robust 

against scaling, rotation, and illumination variations, 

which makes it a preferred feature descriptor in 
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uncontrolled environment. Consequently, in [18] 

proposed a SIFT-based tracking algorithm for moving 
vehicle tracking in complex scenes. An- other 

approach proposed by [19] utilized the SIFT 

descriptor in particle filtering method to select active 

particles. Other feature-based motion tracking 

techniques include histogram of oriented gradients 
(HOG)-based feature descriptors [20, 21] and Haar 

feature-based motion tracking [22]. 

 

Table 1State-of-the-art vehicle tracking and traffic surveillance applications based on Kalman filter-based tracking 

Method Description Performance 

[23] 
Vehicle tracking by non-drifting mean- shift 

using projective kalmanfilter 

Correct tracking rate of 

94.6% was obtained in the experiments 

[24] 
Vehicle determination system and method using 

a kalman filter and critical milepost data 
US Patent 

[25] 

Real-time tracking of 

low-resolution vehicles for wide-areapersistent 

surveillance 

A maximum tracking 

purity of 78.01% was achieved 

[26] 
Vehicle tracking using fractional order Kalman 

filter for non-linear system 

Root mean squared error of 2.78% and 1.1% 

were achieved for two different cases 

[27] 

A Novel Approach for 

Detection and Tracking of Vehicles Using 

Kalman Filter 

Accuracy of 97.50% 

and 98.25% were obtained for two different 

video sequences 

[28] 
Development and validation of a Kalman filter-

based model for vehicle slip angle estimation 

A correlation 

coefficient of  0.99 was attained between the 

measured and the estimated vehicle slip 

angles 

[29] 

Rear-view vehicle 

detection and tracking by combining multiple 

parts for  complex urbansurveillance 

An average vehicle recall rate of  95%  with 

an average precision rate of  92% were 

reported 

 

3.1.1 Kalman Filter 

The Kalman filter [30] has been one of the most 
celebrated data prediction techniques over the last 50 

years. Originally proposed to find the optimal 

solutions for linear dynamical systems, Kalman 

filtering has successfully been adopted for motion 

tracking applications in the area of computer vision.   

It utilizes a recursive approach to estimate the current 

state of a system from the previous state information 

and new data obtained as input - thus requiring 

storage only for the previous state. The strength of the 

Kalman filtering technique lies in    its ability to 

predict the previous, current, and future states     of a 
given system, even without knowing the exact nature 

of the system being modeled while offering 

robustness against Gaussian noise. A key aspect of 

Kalman filtering is the use of a feedback system to 

update the estimated state of the system variable(s) 

with the assumption that the states of the variable(s) 

follows a Gaussian distribution. One of the early 

applications of Kalman filtering for traffic monitoring 

was the situation awareness system proposed 

in[31],wherea3Dtrackingmodel was projected to the 

2D image plane for on-road vehicle tracking in a  

mixed traffic scenario. Also in [32] presented   a per-
pixel background model where the detected 

foreground was then tracked using a next ended 

Kalman filtering approach. However, the method was 

dependent on the resolution of the obtained images as 

well as changes in the size of the moving object with 

respect to previous frames. Another application of 

Kalman filtering in traffic surveillance was pedestrian 

tracking as presented in [33], which was reported to 

be robust against pose variations and clothing.  
Moreover, in [23] proposed an improvement over the 

traditional mean shift algorithm based on a projective 

Kalman filter and estimates of filter initialization and 

bandwidth. They reported a correct tracking rate of 

94.6% using the projective Kalman filter whilethe 

standard extended Kalman filter attained 79.6%. A 

few other applications of the Kalman filtering in 

traffic monitoring and surveillance [34], see Table 1, 

tracking and traffic surveillance applications based on 

Kalman filter-based tracking. 

 

3.1.2 Particle Filter 

For non-linear systems where the variable states do 

not follow a Gaussian distribution, it is often difficult 

to analytically represent and evaluate the underlying 

distribution. Many approximation techniques have 

been proposed to work with such systems, among 

which particle filtering is one of  the most popular 

approaches. The particle filtering technique, also 

referred as the sequential Monte Carlo in [35], 

provides   a recursive solution for estimating the 

posterior probability density functions of the variable 

states of a given non-linear system. This technique 
has been proven to be the most effective for non-

linear systems with an unbounded number   of 

dynamic variables. In addition, it addresses the 

limitations of Kalman filtering which assumes the 

underlying distribution of the variable states to follow 

a Gaussian distribution. In addition, it can perform 

motion tracking based on a wide range of image 
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features which include color, texture, contours, etc. 

Originally proposed in [36], the particle filtering has 
been widely used for vehicle tracking in traffic 

monitoring and surveillance applications, while 

different extensions of the original method have also 

been proposed in [37]. Moreover, in[38] presented a 

lane monitoring and tracking system based on particle 

filtering where variations in lane appearance (such as 

shadows, illumination, road color, lane markings and 

edges, etc.) were tracked over time to detect 

anomalies. Also, [39] utilized a monocular camera for 

vehicle tracking where latent support vector machine 

and histogram of oriented gradient (HOG) descriptor 

were utilized to represent vehicles based   on a 
deformable object model. This model was then 

tracked using a particle filter with a reported tracking 

rate of 87%. In [40], Wu et al. presented a relative 

discriminative HOG-based particle filtering 

technique, which enhances the overall block 

description capability by incorporating a more stable 

HOG feature variant. In addition, the drift problem 

was handled by updating the model under the 

presence of low illumination condition as well as 

bright light situation. An overall precision and recall 

of 93.76 and 95.26 was reported for their proposed 
algorithm. In [41] proposed a speeded-up feature 

transform (SURF) based particle filtering technique, 

which was further augmented with color features as 

well as local binary pattern (LBP) features to attain 

robust tracking results. Experimental results 

demonstrated that their proposed approach is more 

robust in moving object tracking, compared against 

mean shift, color-based particle filter and SIFT-based 

particle filter. 

 

3.1.3 Multiple Hypothesis Tracking (MHT) 

Multiple hypothesis tracking is one of the earliest 
effective motion tracking algorithms proposed [42]. 

For each candidate target, the MHT technique 

constructs a tree-based solution that comprises the 

potential track hypotheses. For each track, a 

likelihood estimation is performed in order to yield 

the collection of the most likely tracks. This approach 

makes MHTparticularly suitable for motion tracking 

problem by considering the long term history of the 

moving object appearances, as well locations. MHT 

technique can be more effective for multiple moving 

object tracking than single hypothesis-based methods 
[43]. As a result, it has become popular for tracking 

moving objects from ground vehicles [44], long term 

object tracking under the presence of occlusion, target 

appearance variations, target speed variations, etc. 

[45]. 

 

3.2 KERNEL-BASED TRACKING 

a motion tracking algorithm proposed in [46] for non-

rigid objects, where a spatial kernel is used to define 

a similarity measure function that can be utilized to 

conduct a directed search for the new location of the 

moving object pixels in     the next frame. Instead of 

applying an exhaustive search for finding the location 

of a target, [46] proposed a gradient optimization 
based on Bhattacharyya distance. The kernel-based 

tracking has been shown to be robust against partial 

occlusion, rotation, translation, and camera 

movement as well as changes in the scale and 

appearance of the moving object [47]. In [48] 

presented a moving vehicle tracking method that 

utilized a kernel-based background subtraction and 

tracking. Another approach proposed by [49] utilized 

both kernel descriptor and histogram to obtain an 

appearance-based motion tracking. Al- though kernel-

based tracking provides an effective technique for 

vehicle tracking for traffic monitoring and 
surveillance, it often detects a non-rigid moving 

object partially, resulting into object pixels being 

considered as background and vice versa. 

 

3.2.1 Template Matching 

Color feature-based template matching algorithm [50] 

presented in order to track multiple objects in a video 

sequence without sacrificing the frame rate or 

resolution of the images, by utilized the normalized 

color information of the moving object to construct a 

template of the object, which is then tracked in 
consecutive frames based on a brute-force block- 

matching algorithm. Here, each possible block 

locations in the new frame is matched against the 

template block and the location with the highest 

matching score is selected as the tracked object 

location. Later, this simple, yet fast motion tracking 

technique has been adopted by many other 

researchers. In [45] utilized a combination of 

temporal variations and template matching to further 

improve the tracking performance of moving objects 

in real-time video stream. In [51] proposed a 

customized template matching algorithm for vehicle 
tracking, where different modules were introduced to 

customize the original template matching algorithm 

to handle different real- world scenarios. In [52], the 

authors presented a template matching-based unified 

vehicle tracking and classification approach that 

could be utilized to detect lane changes, transits, and 

other behaviors. To increase the robustness of 

template matching-based tracking performance, they 

utilized multi- correction, template drift refinement, 

vehicle representation update, etc. Later, a supervised 

machine learning algorithm   is used for classifying 
the vehicles into  two  categories:  i) tall vehicles 

(bus, truck, etc.) and ii) short vehicles (cars, vans, 

etc.). The authors reported two performance measures 

for evaluating the proposed tracking algorithm, 

namely the transit based accuracy (TBA) of 99.19% 

and the longevity based accuracy (LBA) of 99.93%. 

 

3.2.2 Mean  Shift Algorithm 

The mean-shift algorithm, proposed by [53] involves 

finding an area in the current image frame which is 

locally the most consistent with respect to a 

previously constructed model or template of a 
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moving object. One of the key differences between 

the mean shift algorithm and template matching is 
that while template matching utilizes a brute-force 

approach, mean shift algorithm uses gradient-based 

search optimization. Typically, a gradient descent 

algorithm is employed here to locate an area so that 

the similarity score between that area and the object 

model is maximized. In [54] utilized a combination of 

scale invariant feature transform (SIFT) and mean 

shift algorithm for real-time object tracking. They 

applied a maximum likelihood estimation on the 

combined information provided by the SIFT and 

mean shift tracking. More recently, [55] proposed a 

context mining approach from traffic video scenes 
which tracks the motion pattern, entry and exit points 

of vehicles, width distribution, etc. for intelligent 

traffic monitoring applications. They used a mean-

shift algorithm for tracking the trajectories of 

different objects, which in turn was utilized to 

construct motion trajectory clusters and identify 

source/sink relationships, enabling behavior analysis, 

abnormal event detection, etc. 

 

3.2.3 Supervised Learning Methods 

[56] proposed an unconventional motion tracking 
algorithm based on a supervised regression algorithm, 

namely the support vector machine (SVM) 

regression. Support vector machine is a well-known 

supervised learning algorithm that works by 

constructing a separating hyperplane between the 

positive and negative examples provided as training 

data in a way so that the distances between the 

separating plane and   the positive and negative 

example data points are maximized. From a tracking 

perspective, false matches for a given target object 

model in the current frame can be considered as 

outliers or negative examples while the tracked object 
model can be trained as a positive example. [56] 

adopted SVM regression   to detect outliers as 

support vectors, which was found to be robust against 

partial occlusion. Another adoption of SVM can be 

found in [57], where optical flow was tracked based 

on SVM. However, applying SVM for motion 

tracking requires initializing and training a model at 

the beginning, which might not be feasible in many 

real-world scenarios. Other application of supervised 

learning techniques include detection of moving 

vehicles based on probabilistic neural networks [58] 
and histogram of oriented gradients (HOG) and SVM 

[59]. 

 

3.2.4 Layering-Based Tracking 

Layering-based tracking is a variation of kernel-based 

multiple object tracking, which utilizes a layered 

representation of object. Here, each layer comprises 

different features such as shape representation, 

motion information as well as other appearance or 

intensity-based descriptors. [62] proposed a dynamic 

motion layer representation that utilized a similar 

structure discussed above in an expectation 

maximization algorithm for effective description and 

tracking of moving objects. In [63], the authors 
presented a hierarchical feature- based video tracking 

where the features were learned by a two-layer 

convolutional neural network. The proposed method 

was found to be robust against variations in the 

appearance of the moving object over time. 

  

3.3 SILHOUETTE-BASED TRACKING 

Objects that have complex non-rigid shapes (e.g. 

hand, fingers, human body, etc.) are often hard to 

describe in terms of simple geometric forms and 

representations. In order to track complex geometric-

shaped objects, [64] proposed a silhouette- based 
tracking approach, where a region approximation is 

utilized as a proxy for the geometric shape of the 

moving object. This approach has become very 

popular in the area of human gait and motion analysis 

[65] where the full body structure is modeled as a 2-D 

silhouette in the image and the motion of these 

silhouettes are described by the change in the 

structure of the 2-D region in the image scene [66]. 

This method has also been successfully adopted in 

assisted living applications [67]. See Table 3, for the 

supervised learning-based tracking methods. 
 

Table 2: State-of-the-art supervised learning-based tracking 

methods. 

Method Description Performance 

[59] 

Active learning 

for on- road  

vehicle detection: 

A comparative 

study 

A recall of 44% 

and precision of 

59% was reported 

for random 

example videos 

selected from the 

Caltech 1999 

vehicle database. 

[58] 

Probabilistic 

neural Networks 

based Moving 

vehicles 

Extraction 

algorithm for 

intelligent traffic 

surveillance 

systems 

On average, 
similarity And F1 

measure of The 

state-of-the-art 

techniques were 

found to be 

61.53% and 

69.21% lower than 

the proposed 

method. 

[60] 

Integrated lane 

and vehicle 

detection 
localization and 

tracking: A 

synergistic 

approach 

An overall 

accuracy  of 93.2% 

was reported for 
the lane 

assignments of the 

tracked vehicles. 

[61] 

Multi-scale 

object candidates 

for generic object 

tracking in street 

An average 

accuracy of 

88.87% was 

reported. 
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3.3.1 Contour Tracking 

Originally proposed by [68], contour tracking 
involves representing an object of interest based on 

its contour and iteratively estimate the location of the 

primary contour in the current frame based on its 

position in the previous image frame. One condition 

of contour-based tracking is that it requires the 

primary contour location in the current frame to have 

a minimum overlap ratio with its location in 

theprevious frame. Based on how the modeling is 

performed, contour-based tracking can be divided 

into two categories: in the first category, a state space 

model is utilized to yield the contour shape and 

motion, while the second approach involves 
minimization of contour energy based on an 

optimization technique such as gradient descent. 

Contour tracking can handle a wide variety of object 

shapes, making it useful under uncontrolled 

environment. Contour tracking algorithm [69] can 

effectively track moving objects under the presence 

of occlusion and variations of visual features. 

Tracking under occlusion was achieved by utilizing 

shape priors constructed in previous frames to track 

occluded areas of the moving object. In addition, 

color and texture features were fused to further 
improve the tracking results [70, 71]. In [71], the 

authors presented a stereo vision-based polygonal 

contour tracking method, suitable for object motion 

tracking in crowded traffic scenes.  One advantage of 

the proposed method was that it considered the shape 

of the object being tracked to be dynamic and non-

rigid, which in turn facilitated more robust tracking 

performance. The proposed method achieved mean 

absolute errors of 1.33 km/h, 1.72 degree, and 2.23 

km/h for estimating the speed, direction, and distance 

of the moving object, respectively. 

 

3.3.2 Shape Matching 

In 1995, [72] introduced a motion segmentation 

technique, where a 2-D radial map representation of 

an object was tracked in order to segment moving 

objects in video sequences. Later, the shape 

matching-based object tracker was adopted by [73], 

where an object shape was first extracted from a prior 

image and then was used to track the object over time 

based on           a linear Kalman filter [74], however, 

their objective was to track human motion based on 

shapes of different body limbs. Moreover, [75] 
presented a shape matching-based tracking algorithm 

where second order approximation was utilized to 

estimate feature point motion. While their method 

was able to attain satisfactory tracking performance, 

it was also shown to be more robust against occlusion 

since the occluded shape of the object could be 

estimated from prior knowledge. 

 

CONCLUSIONS 
 

In this paper, we have reviewed the current state of 

the  art tracking methods, including vehicle tracking 

and traffic surveillance applications based on Kalman 

filter-based. In section II we provided a review of an 
existing range  of video processing applications for 

traffic monitoring and safety, which include: traffic 

density detection and vehicle counting, automated 

recognition of license plate characters, and video 

analysis for anomaly and on-road incident detection. 

We can conclude, license plate recognition challenges 

divided into two sub-problems, which are the 

detection of license plate position in the image scene 

and recognition of license plate characters. Moreover, 

the transformation of video frames to an 1-D  space is 

used to reduce the involved computational 

complexityfor illegal parking detection. In addition, 
we have reviewed the tracking result, such as, non-

drifting mean-shift using projective Kalman filter, the 

algorithm achieved 94.6% correct. On the other hand, 

a vehicle tracking Using Kalman Filter achieved an 

accuracy of 98.25%. Another average precision rate 

of 92% was reported for tracking by combining 

multiple parts for complex urban surveillance. Shape 

matching-based was able to attain satisfactory 

tracking performance, it has shown to be more robust 

against occlusion since the occluded shape of the 

object could be estimated from prior knowledge.  
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