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Abstract

Vehicle tracking is one of computer vision's most important applications, with applications ranging from
robotics and traffic monitoring to autonomous vehicle navigation and many more. Even with the significant
advancements in recent research, issues like occlusion, fluctuating illumination, and fast motion still need to
be addressed, calling for more investigation and creativity in this field. This study performs a thorough
examination of various vehicle-tracking approaches and suggests a thorough classification scheme that divides
them into four main categories: strategies that rely on features, segmentation, estimate, or learning. Two well-
known methods are highlighted specifically in the estimation-based category: particle filters and Kalman
filters.
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1. Introduction

Object tracking in vehicles, which searches for and tracks objects in visual sequences, is a primary responsibility
in computer vision. When object tracking, the target must be located and followed in the following frames after it
is identified in the initial frame of the video. The application of object tracking is diverse. Systems for medical
diagnosis (such monitoring the ventricular wall and managing medical equipment) [8], robotics (such as the
ASIMO humanoid robot), traffic monitoring (such as traffic flow monitoring and traffic accident detection),
autonomous vehicle tracking (such as path tracking), and activity recognition (such as Applications for object
tracking include the identification of human activity and the learning of activity patterns [11].

e Robustness: Robust tracking systems can follow the target in difficult situations such shifting light, occlusion,
and background clutter.

o  Flexibility: Furthermore, to variations in the immediate surroundings, the target is also susceptible to changes
in its intricate and sudden movements. To fix this issue, the tracking mechanism needs to possess the ability
to recognize and follow the targets obvious at the moment properties.

o Information processing in real time a framework that works Using picture sequences must possess fast
information handling. Consequently, it is necessary to put a high-performing algorithm into practice.
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1.1 Problem statement

Accurately following objects (cars) across a video series is a challenge in object tracking for vehicles, despite
real-world obstacles such shifting light, items that are hidden by other objects, and crowded backdrops. Effective
algorithms must be used to accomplish all of this in real-time for applications like traffic monitoring and
autonomous driving.

1.2 Motivation

Applications ranging from robotics and medical diagnostics to autonomous driving and traffic management depend
on vehicles' capacity to follow things with reliability. Real-world situations, however, provide a number of
difficulties. By creating real-time algorithms that can modify and recognize different features of objects, we can
overcome obstacles such as varying light, occlusions, and irregular motions and ultimately create more intelligent
machines, safer roads, and better medical procedures. This is possible by the development of robust object tracking
systems.

This format is going to use for the rest of the article. Section 1 Discusses the Introduction. Section 2 contains the
Literature Review on various vehicle-tracking methods. Section 3 Object Tracking Datasets. Section 4 Results and
discussion. The conclusion and future scope covered in Section 5.

1.3 Classification of the method for object tracking in vehicle

There are various categories for object tracking techniques, for instance. Many author describe the different types
of object tracking method. In this paper we focus on estimation-based tracking. The final grouping is employed in
this work, and as Figure 1 illustrates, a thorough categorization of object tracking techniques is offered. Specifics
about each technique are supplied below.
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Figure 1. Object tracking

A. Estimation Based Tracking

A state vector represents an object in the tracking problem, which can be state as an estimating problem. The state
vector defines the location and speed of a thing as well as other characteristics of the way a system behaves
dynamically. The dynamic mode estimation problem has a general foundation provided by Bayesian techniques
[2]. The Bayesian filters, which are based on the most recent sensor data, allow the target to constantly update its
location on its coordinates. There are two phases to this recursive technique: updating and predicting. While the
target is updated in the updating phase using the latest observation utilizing the observation model, the prediction
step employs the state model to estimate the target's new location in the subsequent step [3].

e Kalman Filter to make use of the Kalman filter [4] for object tracking, an ever-changing target model motion
must be created. A linear system's Kalman filter is utilized to estimate position under the presumption that the
Gaussian faults are present. Since Models that are dynamic are often nonlinear, in these cases other suitable
methods are used instead of the Kalman filter. Among these algorithms is the expanded Kalman Filter. The
structure See Figure 2 for utilizing the filter of Kalman. Some works, such [5] track using the Kalman filter.
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e Particle Filter Problems with non-linear tracking occur. Thus, particle filters have been studied as possible
remedies for these problems. Non-Gaussian noise quantification models often make use within a particle filter,
a recursive Monte Carlo statistical processing approach.

The particle filter's primary concept illustrates the dispersion of a group of constituents. The probability that the
weight of a particle indicates how likely it is to be sampled based on the likelihood density function. Among the
issues with this approach is that particles having a higher likelihood of being selected more than once; this is
addressed by resampling. The framework for applying Figure 3 depicts particle filters. Particulate filters find
application in [1], [6].
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Figure 3. Particle filter Framework [10]

B. Feature Based Method

One of the simplest approaches to object tracking is this one. Features like color, texture, optical flow, etc. are
initially extract to track objects. In order to make objects in the feature space easily recognizable, these extracted
characteristics need to be unique. After the characteristics have been retrieve, the next stage is to use those features
and a similarity criterion to locate the object that is most similar in the following frame. One of the issues with
these approaches is that in order to differentiate the target from other things, the distinctive, precise, and
dependable characteristics of the object must be retrieve. The following are a few features that are employ in object
tracking.

e Color; the objects can show via its color feature. Although there are many applications for this characteristic,
the color histogram is one of the more popular ones. The color histogram, which counts the number of pixels
in every color, shows how the colors are distributed throughout an image. The drawback of color histograms
is that they only take into account an object's color, ignoring its texture or shape. As a result, two distinct
objects may have the same histogram. A few articles, such [16]-[18], use color histograms for tracking.

e Texture: Texture is an information pattern that is repeat or a structure that is arrange at regular intervals.
Texture characteristics are not acquiring directly. Image preprocessing techniques produce these features. An
image's texture characteristic is crucial since it can used to define an image's contents or a specific area of it,
in addition to the color feature. Because separate photos can occasionally see to have the same histogram and
because color features alone are insufficient to distinguish identical items. The Gabor wavelet [19] is a highly
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researched aspect of texture. The key characteristic of Gabor filters that makes them ideal for object tracking
is their invariance to light, scale, rotation, and translation. In [20], a method for utilizing a Gabor filter to
identify the position and body forms of moving animals is providing. Another textual descriptor is the local
binary pattern [21]. Zhao et al. utilized LBP to define moving objects in addition to using a Kalman filter for
target tracking [22].

e Optical flow: The apparent movement of the image's brightness patterns known as optical flow. Even in the
absence of real motion, changes in the lighting can produce the illusion of motion. The algorithm for optical
flow. Determines the brightness pattern displacement between two frames. Dense optical streaming
techniques are those that compute displacement for every pixel in an image, whereas light-flow algorithms
only estimate displacement tension for a subset of pixels [23]. Several works, such [24], and [25], use optical
flow for tracking.

C. Segmentation method

The most important and basic stage in visual tracking is segmenting foreground objects from a video frame. To
distinguish foreground objects from the background scene, foreground segmentation is employed. Usually, the
moving items in a scene are in the foreground. To be monitored, these objects must be kept apart from their
surroundings [15]. The following looks at a few segmentation-based object tracking strategies.

e Bottom up based Method Foreground segmentation and object tracking are two distinct activities that must be
perform in this kind of tracking. After extracting regions from each frame using a low-level segmentation
technique, the foreground segmentation extracts certain features from the foreground regions and tracks them
in accordance with those features [26]. Certain studies, like [27]-[31], employ a bottom-up tracking strategy.

e Joint based method Foreground segmentation and tracking are two distinct jobs in the bottom-up approach;
one drawback of this approach is that segmentation errors propagate forward and result in erroneous tracking.
The researchers combined the tracking and foreground segmentation methods to overcome this issue, which
enhanced tracking performance.

D. Learning based method

In learning-based approaches, various targets' attributes and appearances, together with their predicted locations,
are learn in subsequent frames. During testing, the subjects can then identify and follow the item in subsequent
frames by applying their newly acquired knowledge. The three categories of learning-based approaches are
typically discriminative, generative, and reinforcement learning.

e Discriminative Method Discriminative trackers typically view tracking as a classification issue that separates
the target from the background. The two categories of discriminative learning comprise Deep learning as
opposed to shallow learning. Certain works, like [32]-[34], employ a joint-based tracking technique.

e Reinforcement learning we come across an agent in a reinforcement learning [68] situation that learns to
choose the best course of action to accomplish the objective by interacting with the environment through trial
and error. Some works, like [69]—[71], use a tracking technique based on reinforcement learning.

e  Generative Method these techniques focus on simulating the final object's appearance. They take up on the
properties of the object and utilize that knowledge to guess where it will be in the next frame. They do not
specifically consider the background, instead depending mainly on the information of the target object. These
techniques focuses on looking in locations that are closer to the target. Among these trackers are techniques
based on correlation filters.

E. Object Detection

An object detection technique is need for every tracking approach, either at the beginning of the movie or in every
frame. One popular method for object detection is to leverage single-frame information. To lower the amount of
false detections, some object detection techniques do, employ the temporal information derived from a series of
frames. Typically, this temporal information takes the form of frame differencing, which draws attention to areas
that change across successive frames. The tracker's job is then to construct the tracks by performing object
correspondence from one frame to the next given the object regions in the image. (2006)

o Frame differencing it includes identifying regions with significant modifications, which most likely imply
motion, by subtracting the pixel intensities between successive video frames. By concentrating their
processing on these dynamic areas, object detection algorithms benefit from this and may become more
efficient. For background subtraction, frame-differencing may also employ to isolate moving foreground
objects that may include objects of interest for additional detection.
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e Optical flow because it reflects other image information and may be utilized to derive object motion
information, the optical flow technique is a crucial method for motion image sequence analysis. Along with
the motion data of the item in the image, it also provides a plethora of data on the 3-D physical structure. By
using the optical flow, we may accomplish noteworthy uses in a variety of fields, such as medical, information
science, traffic management, military space, and meteorology [7].

e Background subtraction Creating a background model, or representation of the scene, and then identifying
departures from the model for every incoming frame are the steps involved in achieving object detection. A
moving item indicated by any appreciable deviation of an image region from the background model. The
pixels that make up the areas that are changing designated for additional processing. To find linked regions
that match the objects, a connected component approach is typically used. We call this procedure the
background subtraction. Foreground detection, sometimes referred to as background subtraction, is an image
processing technique that extracts an image's foreground for further processing. Background reduction is the
most widely used technique for recognizing moving objects in movies captured by fixed cameras. It is
typically completed if the image is a part of a video stream [5]. The following techniques are used in
Background Subtraction to vary the intensity values of the background pixel: adaptive multi-cue Background
Subtraction, mixture of Gaussians unmodal distributions, and non-parametric Kernel Density Estimation. The
foreground cars create a foreground mask when they are isolated from the background using the Background
Subtraction technique. In addition to being utilized in traffic analysis, target tracking, object tracking, and
video appliances, background subtraction can also be used to identify foreground objects by comparing many
frames. In the event that the threshold value is smaller than the difference image, the image is interpreted as
either a background or a moving item. The video sequences are watched in a way that shows each moving
object is comprised of a color and that | is composed of a static background B. In this case, the Background
Subtraction encapsulates the formula like thus:

(s) = lif (IS, Bs) > t, 0

else 0 Where d is the distance between lIs,t, the color at time t, and pixel s, and t is a threshold. In this case, Xt is
the motion label field at time t. The basis of this method is the calculation of the error between the background and
current frames. In figure 4. shows vehicle analysis system in typical video.

i Un_der —_— Camera e [REER detécth’?n &Nl » Feature extraction
Observation segmentation
. moving object classification and
Display output Data extraction iy identification

Figure 4. Vehicle analysis system in typical video [9]

F. Object Tracking

An object tracker aims to pinpoint an object's location in every video frame, effectively creating its path over time.
This process can also reveal the entire area the object occupies within each frame. Object tracking can be achieved
in two ways: independent detection and correspondence, or joint estimation. In the first approach, object detection
first identifies potential object regions in each frame, and then the tracker correlates these regions between frames.
Conversely, the second approach iteratively updates object location and region data from previous frames to
simultaneously estimate the object's region and correspondence in the current frame. The chosen model to depict
an object's shape influences the kind of motion or deformation it can undergo. For example, a point representation
only allows for translational movement, while an ellipse can handle parametric motions like affine or projective
transformations, suitable for approximating rigid objects. Lastly, silhouettes or contours are the most descriptive
representations for non-rigid objects, and their motion can be described using both parametric and nonparametric
models.

e Point Based: Points are used to represent objects that are identified in successive frames. The association
between the points is determined by the object's position and velocity from the previous frame. With this
method, the objects in each frame must be detected by an external mechanism.

o Kernel Based: Objects appear and shape make up its kernel. The kernel might be a rectangular template or an
elliptical shape with a corresponding histogram. Calculating the kernel's motion over a sequence of frames is
necessary for object tracking. This motion often manifests as an affine, translational, or rotational parametric
transformation.
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Silhouette Based: Estimating the object region in every frame is how tracking is done. Methods for tracking
silhouettes make advantage of the data embedded inside the object region. Shape models, which typically
represented as edge maps, and appearance densities are two possible formats for this data. Tracing silhouettes
requires either shape matching or contour evolution given the object models. When applied in the temporal
domain, both of these techniques essentially thought of as object segmentation using priors created from
earlier frames. There are different steps used for object Tracking.

Object Classification

Shape based: In computer vision and image processing there is a technique known as the ‘shape-based object
classification” which is used to categorize objects based on the geometric shapes of the objects. Shape-based
classification is centered on an object’s features as an object, while motion-based classification emphasizes
the characteristics of its movement.

Motion Based: It is a method of categorizing objects in videos or image sequences based on the patterns of
their motion and is popularly referred to as motion-based object classification.

Color Based: By understanding an objects’ color characteristics, objects in a picture or a video can be
recognized using a method known as color-base object categorization. It enlarges the object’s visibility and
make use of the color information’s solidity.

Texture Based: Texture-based item categorization is the method of identifying things in photos by analyzing
the patterns of repetition or deviation in the surface features of objects. It is explained below in figure 5 how
basic steps for object tracking.

Video Sequence

| Frame Differencing

| Optical Flow i

Object Detection

Background
Subtraction

Shape based

Color based Object classification

Texture based J'

| Point based

| Motion based

Kernel Based

| Object Tracking

| Silhouette based

Basic Steps for Object Tracking

Figure 5. Basic steps for object tracking

Literature Review

Since the movement of cars is an important aspect to be analyzed, the study discusses the compatibility of the
UAYV technology and the video processing in traffic surveillance and proposes an approach. This method is
demonstrating by analyzing the vehicle-tracking data from the Unmanned Aerial Vehicles (UAVs) and
subsequently, the paper has proposed a model-based object tracking mechanism [9].
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This method is specifically design to detect and track vehicles in traffic situations that are record by fixed cameras.
It is necessary to employ a parameterized vehicle model for the intrafirm pairing as well as a recursive
approximation on top of a model of motion when estimating the motion, which is also the significant component
of this method. Besides, the study employs the clustering of features from the moving images to determine the
initial position and orientation of the models [3].

Moreover, the study provides a car tracking system with the detection-based tracking framework and the network
model for the efficient extraction of features. This system uses the intersection over union (IOU) and information
on object details to change the detection box and enhance the detection accuracy. It employs You Only Look Once
(YOLO) method for the identification of vehicles. The tracking model then employs a combination of geographical
limitation and filter template matching to enable continuous tracking based on the object’s spatial position, motion
vector, and feature history. In comparison with the Staple algorithm in the OTB2015 dataset, the suggested
approach outperforms the current approaches and stands first in terms of average accuracy and success rate, thus
proving the efficiency of the suggested approach in the vehicle tracking system [10].

Nevertheless, the current study focuses on the use of CNNs for car recognition, but admits that feature selection is
absent and hampers the accuracy of classification. To address this difficulty, this paper proposes the Enhanced
Convolutional Support Vector Machine-Integrated Neural Network (ECNN-SVM) approach for detecting
vehicles. This method employs Haar-like features which is famous for its ability to compactly represent an image
and to collect data in many sizes for feature extraction. Based on the sample’s class name and value of features,
the improvement of bat optimization is to select features from the Haar-like feature pool. When integrated with a
local binary pattern and Support Vector Machine (SVM) blend, the ECNN classifier effectively eliminates
interference zones between moving objects and cars during classification [11].

Furthermore, the study suggested a real-time tracking system for several vehicles to address the issue of gridlock
in the roads detection. The writers draw attention to the fact that video-based traffic monitoring systems are
becoming more and more popular because of their extensive information sources, cost, and flexibility. The
proposed method for tracking multiple vehicles includes improved vehicle detection, data association algorithms,
and the Generalized Multi-Dimensional Probability Hypothesis Density (GM-PHD) filter. The paper also
addresses the use of a unique vehicle recognition method based on the constant velocity model to improve track
initialization, hence advancing real-time multi-vehicle tracking techniques for the identification of traffic
congestion [12].

Object tracking is a well-known problem in the field of video processing that is frequently solve with Kalman
filters. Certain research concentrate on evaluating basic conditions and using environmental data to direct tracking
protocols. Specifically, Situation Assessment (SA) seeks to improve information quality and identify items from
an operational perspective. In the field of public transportation, vehicle tracking is a particularly interesting
problem, which has led to several research projects using Kalman filters. The objective of this study is to improve
vehicle-tracking efficiency by including online situation assessment (SA) into the Kalman filter architecture. It
explores the use of multi-object tracking (MOT) when it comes to traffic monitoring and CCTV, with a focus on
tracking cars [2].

The authors suggest extending the Deep SORT tracking algorithm with low confidence in order to reduce false
positive tracks. They also introduced the UA-DETRAC re-identification of vehicles self-generated data set to
educate the Deep SORT neural network with convolution data integration. Using the UA-DETRAC test dataset
and experimental results show performance that is both better than the most sophisticated online trackers and on
par Using trackers in batch mode [13].

The study is divided into sections that address the description of the re-identification dataset, tests and results,
conclusion, and a thorough methodology of the suggested tracking strategy. Another study uses color segmentation
and convolutional neural networks (CNNSs) to present DTT (Detection, Tracking, and Tracker) as an efficient
vehicle tracking technique [14].

This method is not dependent on any particular object and provides flexibility in tracking other items. An enhanced
Shift-variant CNN architecture is also recommended by the study to lessen tracking errors brought on by variations
in the target's visual appearance. Furthermore, a method for the tracking and identification of automobiles and
pedestrians in video frames is suggested that combines CNNs with the YOLO algorithm. Using YOLQ's estimated
parameters and object features, this technique employs a tracking region algorithm and a CNN-based classification
algorithm to predict the presence of cars and pedestrians. This allows for the accurate identification of moving
objects. The study highlights deep convolutional neural networks' potential for object detection and positions them
as viable substitutes for conventional FG-BG algorithms in the processing of vehicle videos [15].
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Khan et al. recorded a video of an urban commercial roundabout employing a UAV, then generated entry/exit
matrices using image processing and tracking techniques. Numerous strategies have been developed for traffic
study in several kinds of roads, including roundabouts. Some of these systems make use of UAVs for data
gathering and picture processing. In earlier research, camera systems were utilized to record video close to
roundabouts; the resulting entry/exit matrices had error levels between 1.5 and 2.0 [16].

Suggested Over the past ten years, DL techniques have demonstrated robust skills in visual object tracking. These
techniques are combined with pertinent filtering techniques by algorithms. Siamese networks are well suited for
tracking jobs where obtaining large amounts of labeled data is difficult since they perform well in one-time and
few-shot learning scenarios. There exist detection-based and non-detection-based multitarget tracking algorithms,
along with distinct methodologies for single-target and multitarget tracking. The goal of integrating Convolutional
Block Attention Module (CBAM) with Swim Transformer is to improve the YOLO network's knowledge of traffic
scenes. Vehicle tracking jobs now have far better real-time capabilities thanks to the shift from R-CNN to YOLO
models in visual object recognition and tracking [17]. suggested an assessment of the literature in the cutting-edge
field of underwater garbage detection After 100 training cycles, the improved model's training results on the
TrashICRA19 dataset are discussed [18]. Compared ensemble-learning methods for 10T environment threat
detection and multiclass categorization. The paper discusses how to create effective IDS using bagging and
boosting ensemble decision trees. Several ensemble machine learning multiclass classification methods are
evaluated using "TON-I0T" datasets of 10T and 10T devices. The paper assesses network traffic patterns in Internet
of Things environments and identifies many classification methods using decision tree ensembles [19].

Focused all of its attention to assessing compressed formats for deep learning detection tasks. The topic of action
recognition from videos is covered, exposing the shortcomings of conventional video analytics procedures [20].

Performed in-depth research on methods for predicting traffic congestion and managing time-series datasets.
Numerous machine learning techniques, such as hybrid models and LSTM networks, have been investigated for
the purpose of forecasting traffic congestion in smart cities.[21].

Table 1: Comparative analysis of various machine-learning techniques

References | Contributions | Limitation | Algorith | Results Future scope
of thissurvey | s ms Used

[1] Evaluates the | Excludes OpenCV. | For the cases 1 | Taking
methodology's | details and 2, the | consideration
accuracy in | regarding corresponding of further
analyzing each | the precise root mean square | camera
vehicle  path | outcomes percentage error | settings to
separately. or was determined | improve

discoveries to be 3.96 and | ground
of the 3.57, coordinate
experiment respectively, in | matching.
S. the speed

evaluation.

[2] Increases the | Results are | Gradient | The usefulness of | Adding a
accuracy  of | comparabl | ascent the suggested | search tree to
vehicle e to model-based improve the
detection by | Staple's, object tracking | matching
fusing I0U | but not approach is | procedure
with object | superior. demonstrated by
attribute data. the paper's results

on actual traffic
scenarios.

[3] lowers Decrease Lightwei | Analyzing  the | Analyzing the
computing in ght suggested suggested
costs by | classificati | feature algorithm's algorithm's
speculating on | on extractio | efficacy performance
possible precision n Performance and | and
locations  for | with speed evaluation | generalizabilit
vehicles insufficien using  publicly | y on more

t feature available datasets
data. datasets.
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[4] Adding the D- | Ineffective | The When compared | There is scope
GMPHD filter | track foregrou | to other | to  enhance
to multiple | initiation nd and | techniques, the | optimization
vehicle strategies backgrou | suggested and
tracking based | in the | nd  are | ECNN-SVM improvement
on images, The | multiple detect method achieves | of the
ability to track | vehicle using the | a  higher  f- | procedure.
early allows | tracking OoTsuU measure.
for the timely | techniques | techniqu
discovery of | nowinuse. | e.
traffic
congestion.

[5] Online SA has | There was | - The study | Larger and
a 25% | no suggests  Real- | more varied
performance informatio time tracking of | datasets can
boost, n offered several vehicles | used for
according to | regarding bottlenecks. additional
experimental the testing and
results. approach's validation.

possible

shortcomin
gs or
restrictions

[6] Obtains The limits | SAKF(sit | Using online SA | Including
encouraging of the | uation within KF | both long-and
outcomes with | suggested | assessme | improves short-term
significant approach nt performance by | adjustments
margins over | and any | Kalman | 25%, according | separately in
the most | potential filter to experimental | the future
advanced negative results.
trackers. effects of

adding the
extension
of the low
confidence
track
filtering to
the Deep
SORT
algorithm
are not
thoroughly
analyze in
the
research.

[7] Creation of a | CNN DEEP Performs The suggested
shift-variant model fails | Sort comparably  to | approach can
architecture to | to  track batch-mode enhanced
reduce  drift | targets as trackers and | even more by
issues. their better than | adding more
A appearance cutting-edge sophisticated
discriminative | changes online trackers. detecting
model for | because it methods
object tracking | is not built
that  extracts | for long-
features from | term
dynamic occlusions.
states.
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[8] Offers a | No CNN Multiple  items | The suggested
suggested compariso able to monitor | approach’'s 3-
algorithm for | n with by the approach | D
organizing a | other in congested and | implementati
video algorithms complex on will be the
detection or situations. focus of
result into | approaches future
video frames | currently research.
for monitoring | in use
cars and
pedestrians.

[9] Makes use of a | There was | CNN, Foreground- Extending the
deep CNN to | no YOLO background capability to
detect objects | informatio differentiation encompass
and extract | n  offered and object | bikes and
features. regarding detection pedestrians to

the predictions, improve

algorithm's training sets and | comprehensio

performan networks are | n of the

ce or made available allocation of

accuracy. citizen space.
Along  The
path

[22] Implement Limited Yolo, increased Examine
CNN-based discussion | SSD, accuracy of | methods to
classifier  to | on the | CNN vehicle increase  the
improve impact of classification precision  of
classification weather from 57% to | object
accuracy conditions 95.45% detection for

on traffic ~ flow
accuracy monitoring.

[23] Applying Lack of a | YOLO 99% vehicle | In the future,
YOLO and | compariso | v4, recognition rate, | this will
other deep | n study | Deep less than 20% | involve using
learning with  the | Learning | errors in | cutting-edge
techniques to | current classification Al
enhance traffic technologies
vehicle monitoring to  improve
detection systems. traffic

monitoring.

[24] The study | Conventio | CAM The  suggested | examining
improves nal shift approach  more | how
CAMShift, a | CAMShift | Method correctly reflects | environmenta
technique for | limitations vehicle I influences
multi-vehicle include movement by | affect results
tracking with | window adjusting tracking and
video cameras. | size, window widths. | creating plans

insufficien to lessen their
t color impact
features,

and

inefficient

prediction.

[25] Improve Lack  of | GPS,GS | System One area for
network data M recognizes development
coverage in | regarding incidents and | is the
places where | system alerts authorities | inclusion of a
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connection is | performan via alert | wireless

lacking. ce in actual messages  with | camera  for
accident the location accurate help.
situations

[26] formulates the | Not fully | LSTM Achieved Future
issue as one of | explored is significant objectives
one-class the advances in the | include  for
classification compariso localization and | deploying
with anomaly | n with automatic hardware for
detection & | supervised detection of | quicker video
Using  deep | learning traffic accidents. | processing
learning  for | techniques. Model's accident | and  adding
automatic road detection F1 | more features,
accident score was 78.58. | such as
identification characteristics
and of the road,
localization for increased

accuracy.

[27] Use  motion | lacks a | Faster, 95% of vehicles | Improving
vector thorough R-CNN accurately real-time
estimation compariso discovered, 90% | tracking and
precisely n with the are correctly | vehicle
determine the | current car classified, and | detection
positions of the | monitoring 92% of tracks | accuracy are
vehicles. systems generated well. among  the

future goals.

[28] Utilize use of | Little Descripti | thorough Improving
modern DL | attention ve and | examination of | DL methods
methods  for | paid to the | inferentia | benchmark for  vehicle
reliable difficulties | | analysis | datasets, identification
vehicle of DL performance and
identification vehicle metrics, and DL | classification
and detection. approaches is part in the
categorization. future scope.

[29] Concentrate on | limited YOLOV3 | When the | Further
next research | datasetasa | ,SSD automated investigation
with more | result  of system is in use, | into  higher
automation. worldwide there are fewer | automation

bans  on accidents at high | levels is part
automated speeds. of the future
cars scope.

[30] Intelligent car | Insufficien | GSM,GP | Detection of gas, | Future plans
tracking t  details | S fire, smoke, and | aim for
device for | regarding collisions in | automating
detecting and | the moving cars. | tasks using Al
identifying system's Notifications of | integration
theft. implement emergencies, and
Moreover, ation costs such as fires or | improving
Alerts for accidents, to | sensor
incidents, registered capabilities.
fires, and GSM numbers.

module
tracking in real
time.
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[31] Introduced the | Real-time | FairMot, | Improved Potential
attention performan | Deep roadside  view | avenues for
mechanism, ce and | learning | vehicle tracking | further
anti-bottleneck | computing achieved with the | research
structure, and | efficiency proposed include
smooth  loss | discussed. approach. improving
function. & Absence Achieved real-time

of optimal MOTA | robustness
compariso outcomes in | and

n with contrast to | performance.
alternative popular tracking

cutting- techniques.

edge car

tracking

systems

[32] Vehicle Lack  of | Yolov3 | A statistical | Improving
detection using | comprehen | ,Blob technique  uses | real-time
statistical sive detection | reflection detection and
methods, deep | assessment patterns to | statistical
learning, and | measures effectively flow
YOLO-v3. for the identify and track | recalculation
improvements | suggested automobiles. are among the
to the multi- | methods future scopes
scale vehicle objectives. It
detection is projected
method  and that  multi-
new structural scale vehicle
changes detection

algorithms
will advance.

[33] improved Absence of | Particle The  suggested | Enhancing
tracking discussion | filter, approach deep models
success  rate | regarding semi produces fewer | and real-time
and lower | the supervise | errors and a | performance
average suggested | d higher tracking | are among the
central-pixel algorithm's | learning | success rate. future scope's
error were | computatio objectives.
attained nal

complexity

[34] Empirical Trajectorie | JPDAF In urban settings, | Improving
testing to|s stastical , | lidar sensors | sensor fusion
identify ideal | interrupted | UKF provide precise | methods in
parameters, by missed vehicle detection | the future will
such as the | detections and tracking. | increase
smallest in vehicle The accuracy of | classification
distance detection, the vehicle speed | accuracy.
between and estimate  from
clusters inaccurate 0.41t0 0.22 m/s.

tracking
data may
arise from
false
alarms.

[35] A multi-sensor | requires Decision | The Fl-score for | investigating
fusion constant tree, the LR-based | cutting-edge
framework internet stacking tracking and
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suggested access; Logistic | classifier ~ was | vehicle
improving the | inaccurate | Regressi | 0.95. Moreover, | detection
effectiveness outcomes | on The DT-based | methods to
of due to ML model | increase the
classification. | equipment demonstrated precision of
malfunctio good recall and | speed
n precision. estimation

[36] Novel Recently, - Achieved  first | Potential
structure  for | there has place in multi- | avenues for
tracking single | been little camera tracking | future
and many | research on and 3D speed | research
cameras. vehicle re- estimation. include

identificati improving

on. vehicle re-
identification
algorithms.

[37] Suggested Transmissi | RFID, Simulations and | Improving the
collision ons of | GPS, field research | defenses
avoidance, emergency | VANET | showed against
speed-based messages effectiveness of | malevolent
lane changes, | delayed the suggested | assaults on the
and TOA- | due to system. automotive
based infrastruct cloud network
localization ure
algorithms problems.

[38] The suggested | The study | YOLOv4 | Obtained 86.3% | Future
multi-vehicle admits that MOTP and | research will
tracking choosing 84.5% MOTA on | involve
algorithm the KITTI dataset. | training on
achieves incorrect enhanced MOTA | difficult
notable gains | car with a by 8.6% and | datasets with
over  earlier | similar MOTP by 9.6% | compact cars.
techniques by | appearance compared to
properly can result earlier
predicting the | in tracking techniques
next features | errors
of tracked | when
objects based | appearance
on appearance | features
and motion | are limited
features. without

motion.

[39] The proposed | Absence of | LSTM LSTM  conflict | Improved
ISIEMF labelled resolution results | traffic
framework real-world in a 66.24% | incident
aims to detect | datasets for reduction in | detection
traffic assessment network efficiency is
incidents and overhead. one area of
handle future focus.
evidence. The chance of

OBU failure
detection  peaks
at 93% at a speed
of 20 ms.
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[40] Improved Insufficien | Deep Enhanced fusion | Future work

fusion rate, | t Learning | rate of 0.9741 | will focus on
accuracy, and | investigati and accuracy of | increasing
decreased on of 92.078%. efficiency,
complexity scalability fusion time, | lowering
and errors. problems reduced error of | complexity,

in large- 0.0662, and | and boosting

scale complexity  of | accuracy.

intelligent 0.0717

transportat

ion

networks

[41] Suggested  a | Just a brief | YOLO, Tracking target | Improving

two-phase examinatio | ACKF, success rate: | YOLO5 to
target n of the | Kalman 90.1% with | increase
association compariso | filter occlusion  and | multi-
technique to | n using 97.3% without it | objective
monitor  the | other tracking
trajectories of | techniques. precision

the workers.

[42] Transformers | The Hybrid The model | Future studies
and YOLO | significanc | Siamese | recognizes cars | could look
models e of | network, | both close by and | into dynamic
combined in a | dynamic CBAM far away with | vision sensors
hybrid vision accuracy. and  spiking
Siamese sensors is neural
network  for | briefly networks.
tracking discussed

[17] The proposed | Due to | Yolov4d | Error rate was | Examine
approach thresholds lower using the | more
lowers the | for suggested sophisticated
erroneous duration strategy than the | object
track rate and | and benchmark. tracking
concentrates distance, methods  to
on moving | some enhance the
cars. trajectories detection  of

might not vehicles.
merge.

The primary findings is that authors can actively work on creating algorithms in the future to solve issues with
robustness, accuracy, and speed in practical settings. They accomplish this by investigating various strategies such
as deep learning architectures, filtering techniques, and feature extraction. Although some research present
encouraging findings, there is always room for improvement due to constraints such as the absence of performance
comparisons or information on managing long-term occlusions. The overall goal of the project is to develop
reliable and effective algorithms for precise vehicle monitoring in a range of applications.

3. Object tracking datasets

Algorithms based on deep learning for object tracking require datasets. Pedestrians and automobiles are the
primary tracking objects of intelligent cars in real-world road scenarios, and object-tracking databases that include
both data have become widely used. Table 2 displays a summary of several example object tracking datasets.

3.1 Visual Object Tracking Challenge (VOT) Dataset
The VOT, a prestigious worldwide competition in the area of visual tracking, is the source of the VOT dataset

[43]. The dataset has been made available annually since the competition's launch in 2013 and has grown to be the
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norm for assessing the effectiveness of single item tracking methods. VOT datasets have been employed to assess
real-time effectiveness in addition to long-term object tracking, even though their initial purpose was short-term
object monitoring. The 60 video clips in the VOT2017 dataset cover a variety of challenge features, including
scenario elements like as the camera moves, occlusion, lighting, scale, and motion all vary. This dataset can track
tiny objects, and its adjustment data can be precise down to the pixel level with sufficient testing performance.
The VOT2018 dataset was assessed using the following metrics: robustness, accuracy, and EAQ. The single object
tracking approach works best when resilience and precision scores are low and EAO and accuracy levels are high.

3.2 LaSOT dataset

The LaSOT dataset [44] was created in collaboration with Temple University, South China University of
Technology, and Meitu HiScene Laboratory. It's a huge, superior, long-term object tracking dataset. the biggest
single item tracking dataset with deep labelling currently accessible. This dataset comprises 1400 video sequences
containing 3.52 million frames, or 2512 frames on average every series. The collection contains 20 sequences for
each of the 70 item categories, 16 of which are Sequences are used as training sets and test sets, accordingly, for
four sequences. The LaSOT dataset offers detailed natural language requirements and visual bounding box
annotations, in contrast to other datasets. Furthermore, this dataset has 14 scene factors, which are more difficult
features. Such as changing the perspective (VC), background clutter (BC), aspect ratio (ARC), low resolution
(LR), and camera motion (CM).

Table 2: Object Tracking Datasets

Datasets Time Tracking objects Characteristics

UAV [19] 2016 Vehicle and ,Pedestrians Tracking model for tracking a single
object in both normal and challenging
circumstances

OTB [25] 2013 Vehicles,Pedestiants extensive dataset

LSVH [35] 2018 Vehicle, Typical problems with appearance-based
item classification and detection

Tracking  Net | 2018 humans, animals vast single object tracking dataset,

Dataset [45] evaluated using an internet server
without test labels

nuScenes 2019 Vehicles The initial dataset with a complete sensor

dataset kit

[47]

VOT [45] 2013 to | Pedestrians, vehicles, etc. Mainstream a dataset to track individual

present items using consistent indications.

LaSOT [43] 2019 Vehicles Extensive, superior, long-term single-
object tracking dataset

UA-DETRAC 2015 Vehicles a challenging multi-object tracking and

dataset [44] identification dataset from the real world

Mot Challenges | 2015 pedestrian include a number of smaller datasets with

Dataset [47] various  situations and  camera
perspectives.

Waymo Open | 2019 Human,vehicles dataset for the segmentation of

dataset [44] panoramic videos.

Omni  dataset | 2020 Vehicles extensive synthesis of open dataset

[44]

BDD100K 2018 Vehicles a vast and varied collection of driving

dataset [44] videos

ILSVRC [45] 2012 Human,animal,vehicle a huge and varied driving dataset

Gotl0K dataset | 2019 Vehicles A sizable multi-scene generic single

[46] object monitoring dataset was created
using the WordNet semantic hierarchy
technique.

KITTI Dataset | 2012 Pedestrians. Include minimal scene objects with

[46] annotations for pedestrians and vehicles.
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3.3 Tracking Net dataset

One of the biggest single item tracking datasets available, TrackingNet [46], contains carefully chosen inside
scenes from the Youtube-BoundingBoxs dataset, which consists of 30,643 videos with an average length of 16.6
seconds and an overall time period of 140 hours. Of these, 511 are employed for testing, and the remaining 30-
132 are utilized for instructional videos. The TrackingNet collection primarily focuses on outside things, such as
people, automobiles, and animals. There are 15 challenging features in all, such as similar object (SOB), motion
blur (MB), deformation (DEF), background clutter (BC), and camera motion (CM). The object tracking algorithms
are assessed online using a server, and no test labels are given.

3.4 Got 10 K dataset

The Chinese Academy of Sciences released the GOT-10k dataset [47], a thorough multi-scene generic single object
tracking method assessment dataset, and public. It also employs the WordNet semantic hierarchy approach for the
first time in a video trajectory dataset. This dataset, which includes 10,000 video sequences, aims to provide more
than 1.5 million images of video frames with accurate bounding box point annotations, in order to capture several
dynamic things as is feasible in the real world. These images feature 87 distinct motion modes and 563 distinct
object types. The GOT-10k dataset consists of three sets: testing, validation, and training. Additionally, by
implementing the one-shot approach for monitoring evaluation for the first time, it achieves 0% overlap between
the training and testing sets.

Furthermore, this dataset includes a number of difficult features, including quick motion, scale changes, lighting
variation, and occlusion (OCC). (FM), and in recent years it has become popularity as a benchmark.

3.5 MOT challenge dataset

The most frequently utilized dataset to test different object tracking algorithms, particularly those pertaining to
pedestrian tracking, is MOTChallenge [48]. The MOTChallenge dataset, as of late, comprisesSub-datasets
MOT15, MOT16/MOT17, and MOT20. This series' first-generation sub-dataset, MOT15, is separated into 2D and
3D datasets. Twenty-two video sequences total—eleven for training and eleven for testing—make up the 2D
dataset. The MOT16/MOT17 sub-dataset presents various issues due to its very high pedestrian density. The eight
video sequences in the MOT20 sub-dataset feature highly intricate tracking situations with a high pedestrian
density, making them ideal for assessing the tracker's overall performance.

3.6 Kitti Dataset

The KITTI dataset is a thorough collection of scenarios related to autonomous driving that was produced in
partnership with the Karlsruhe Institute of Technology (KIT) and the Toyota Technological Institute at Chicago
(TTIC) in Germany. Ninety-nine testing and twenty-one training sequences total—mostly including the tracking
of three different kinds of objects—are included in the KITTI Tracking dataset [46]. Up to 15 autos and 30 people
may be seen in each frame of the image in this dataset, which was mostly collected from highway, rural, and urban
locations. The collection comprises annotation files that provide information on object type tracking, object
crossing and blocking, object rotation angle around the Y-axis in the Camera Coordinate, 2D and 3D identification
box placement and size, and the level of confidence in identifying an object.

3.7 nuScenes dataset

The nuScenes dataset [48] was released by Motional, formerly known as nuTonomy. It is a substantial dataset that
is mostly utilized for 3D object tracking and recognition tasks in the autonomous driving domain. The nuScenes
collection is more extensive and more difficult to utilize than the KITTI dataset. It includes 23 item categories,
1000 scenarios, 1.4 million camera images, 390,000 frames of LiDAR point cloud data, and 1.4 million 3D
annotation boxes. A 5 long-range millimeter wave radars, 32-line rotating LiDAR, 6 panoramic cameras, IMUSs,
and GPS were employed to gather the dataset in Boston and Singapore during congested, hazardous driving
conditions. 150 testing sets, 850 training sets, and 850 validation sets make up the total of 850 scenarios in the
dataset.

3.8 Waymo Open dataset
Google's self-driving car company Waymo released a sizable public dataset for outside 3D object monitoring and

recognition called the Waymo Open dataset [45]. The Waymo Open dataset has 200 frames per sequence for each
of the 202 verification and 798 training sequences. The dataset's data came from five LiDARs and five cameras
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that were positioned at various points on the car. The data was gathered in Phoenix, Mountain View, and San
Francisco, California, and covered a variety of conditions, including day and night, dawn and twilight, rainy and
sunny days. 11.8 million 2D and 12.6 million 3D bounding boxes are marked in the collection. The Waymo Open
dataset provides better tracking algorithm assessment capabilities and is broader, more diverse, and of higher
quality than other datasets of a comparable nature.

3.9 UA-DETRAC dataset

The majority of the data for the UA-DETRAC [45] large-scale multi-object tracking dataset is gathered in Chinese
cities like Beijing and Tianjin along highways and pedestrian overpasses. A Cannon EOS 550D camera was used
to film a 10-hour video series at 24 distinct locales and at various lighting perspectives. The complete dataset
consists of 140,000 genuine photos and 8,250 manually categorized automobiles, yielding 1.21 million bounding
boxes for detected objects. There are many different types of vehicles, including cars, buses, vans, and more. There
are further categories for different types of weather, such as cloudy, nighttime, sunny, and precipitation.

3.10 BDD100K dataset

The BDD100K dataset, a substantial collection of multi-scene driving movies, is available for public use thanks
to the efforts of the Al Laboratory at UC Berkeley (BAIR) [45]. There are 100,000 full HD 720p videos with a
duration of around 40 seconds at 30 frames per second. 100,000 images are produced at the 10th second of the
video by sampling key frames. Numerous US locations, involving residential areas in the San Francisco Bay Area
and New York, freeways, and metropolitan streets, were employed to capture driving footage. It can be separated
into days that are bright, rainy, or snowy based on the conditions. Videos can be categorized as dawn/dusk,
midnight, or daylight according to the time of day.

3.11 Omni dataset

A huge synthetic public dataset named as the Omni-MOT dataset [45] was created by Deakin University, Chang'an
University, the University of Western Australia, and other academic institutions and is available to the public. It
includes all MOT scenarios and sequences in the Omni-MOT dataset. The CARLA simulator's dataset
encompasses clear, cloudy, and rainy-day sceneries in each of the 5 simulated cities. The Omni-MOT dataset,
which consists of 250 K tracks, more than 14 million frame images, and 110 million bounding boxes, offers nearly
1200 times number of frames, 210 times number of tracks, and 30 times number of bounding boxes as the MOT17
dataset.

4. Result and Discussion

This study emphasizes the value of cutting-edge methods for processing video, especially when it comes to
improving the precision of vehicle tracking for intelligent transportation systems. Tracking performance is
significantly improved, outperforming conventional techniques, by utilizing novel algorithms such as Deep SORT
and YOLO, and integrating online scenario assessment within Kalman filters. These findings promise improved
safety and dependability in applications related to public transportation and traffic monitoring, paving the door for
more effective and flexible vehicle surveillance systems. In table 3. Shows the evaluation of vehicle tracking
algorithm to show accuracy, efficiency, robustness and real time performance. In addition, figure six. shows the
performance analysis metrics.

Table 3: Evaluation of vehicle tracking algorithm on key performance indicators

References | Efficiency Accuracy Robustness | Real time
performance

[3] Low Low - Yes

[5] Medium Low Low No

[9] High Medium Low Yes

[24] Low Medium High Yes

[10] Low Decreased Low -

[11] High Medium High -

[28] Low Medium - Yes

[15] High Low Low Yes

[26] Medium High Medium Yes

[22] High High Medium YES

[23] Low High High Yes

[27] High High Low Yes
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[29] High Medium Low Yes
[37] High High Low Yes
[30] High High Low Yes
[31] High High Medium Yes
[36] High Medium Medium Yes
[32] High Medium Low Yes
[33] Low High Low -

[34] Low Medium Medium Yes
[35] High High Medium Yes

All Properties by Reference
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Figure 6. Performance evaluation metrics

5. Conclusion and Future scope

This paper offers a thorough categorization of object tracking methods, grouping them into four main groups:
learning segmentation-, estimation-, and -based, and feature-based. This research specifically emphasizes the
object tracking. Nonetheless, investigating various tracking algorithm kinds continues to be a viable field for next
studies. Diverse tracking technologies, comprising segmentation-based, feature-based, and learning-based
approaches, have the potential to improve tracking performance, robustness, and accuracy in future research. This
all-encompassing method of object monitoring has the potential to improve surveillance systems' capabilities and
make a positive impact on a number of industries, such as augmented reality applications, video analytics, and
autonomous vehicles.
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