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Abstract

There haven’t been many attempts in football, compared to other sports, to deploy
cutting-edge technology to help referees make accurate calls. Modern football tries
to use VAR (Video Assistant Referee) technology to correct wrong calls like offside,
but this is being delayed because the equipment can’t make decisions in real time.
The researchers consequently chose to base their determination of offside on tracking.
The researchers employed a few algorithms and detection techniques to carry out
this tracking. In this paper, we suggest a brand-new real-time offside tracking
system using footage from actual football games.. The advantage of our system is
that it will check offside and if an offside is found in real-time in the game it will
send a notification to the referee’s smartwatch. Moreover, no one needs to worry
about VAR decisions and waste a match’s crucial time. In order to keep the game
flowing smoothly, our system will be able to deliver real-time offside judgments.
The referee’s decisions on violations of the offside rule have a significant impact
on the outcomes of football games. The outcome of a football game should be
decided by the players, not the officials. Technology should be utilized throughout
the game to improve the accuracy of the offside call, not to detract from the ability
of the officials. A suggested system uses player monitoring technologies to quantify
player positions and an algorithm to spot players who are offside. The likelihood
of algorithm mistakes is influenced by the player tracking system’s accuracy. One
main aspect of our system is to help the referee to make a call by utilizing all the
detection, and data that are needed to make the “offside” call. The referee will
always make the decisions and our program is going to assist it.

Keywords: OpenCV; VAR; tracking;

iv



Dedication

We wish to devote all of our educational efforts and sacrifices to our wonderful
parents, without whom we are useless.
We likewise dedicate our thesis report to Dr. Md. Khalilur Rhaman, sir, who filled
in as our supervisor and who mentored us, taught us in the advancement of our
abilities and characters as proficient experts

v



Acknowledgement

All praise to Almighty, without whom our thesis wouldn’t have been finished.

Second, we thank our honorable and conscientious supervisor, Dr. Md. Khalilur
Rhaman sir, for his help, direction, and advice. He motivated us to do this research
and explains it thoroughly.

vi



Table of Contents

Declaration i

Approval ii

Ethics Statement iii

Abstract iv

Dedication v

Acknowledgment vi

Table of Contents vii

List of Figures ix

List of Tables x

Nomenclature xi

1 Introduction 1
1.1 Research Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Research Objective . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2 Related Work 5
2.1 Problem Defination . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.2 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.3 Existing Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

3 System 11
3.1 Selected Procedures . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

4 Methodology 12
4.1 Computer vision . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
4.2 OpenCV: . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
4.3 Hough transform: . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
4.4 Region of Interest(ROI): . . . . . . . . . . . . . . . . . . . . . . . . . 17
4.5 Kalman Filter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

vii



5 Implementation 19
5.1 Input Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
5.2 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

5.2.1 Player detection . . . . . . . . . . . . . . . . . . . . . . . . . . 19
5.2.2 Ball detection . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
5.2.3 Line Drawing . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
5.2.4 Object detection Path/Trajectory Tracking . . . . . . . . . . 22

5.3 Pose Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

6 Results and Analysis 27
6.1 Work Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

6.1.1 Player Detection . . . . . . . . . . . . . . . . . . . . . . . . . 27
6.1.2 Ball Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
6.1.3 Line Drawing : . . . . . . . . . . . . . . . . . . . . . . . . . . 28
6.1.4 Object detection Path/Trajectory Tracking: . . . . . . . . . . 29
6.1.5 Pose Detection: . . . . . . . . . . . . . . . . . . . . . . . . . . 30

6.2 Result Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
6.2.1 Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

7 Conclusion And Future Works 36
7.1 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
7.2 Future scope . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

Bibliography 39

viii



List of Figures

4.1 WorkFlow Diagram . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
4.2 known r . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
4.3 Unknown r . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

5.1 Pose landmarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

6.1 Player detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
6.2 Raw image of the ball . . . . . . . . . . . . . . . . . . . . . . . . . . 28
6.3 detected image of the ball . . . . . . . . . . . . . . . . . . . . . . . . 28
6.4 Raw input to detect line . . . . . . . . . . . . . . . . . . . . . . . . . 29
6.5 Detected image from the input . . . . . . . . . . . . . . . . . . . . . . 29
6.6 Object Detection1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
6.7 Object Detection2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
6.8 Pose Detection1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
6.9 Pose Detection2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

ix



List of Tables

6.1 Ball Detection Accuracy Table . . . . . . . . . . . . . . . . . . . . . . 33
6.2 Accuracy Table . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

x



Nomenclature

The next list describes several symbols & abbreviation that will be later used within
the body of the document

BLE Bluetooth Low Energy

ROI Region of Interest

RSSI Received Signal Strength Indicator

TOF Time Of Flight

UWB Ultra-Wide Band

xi



Chapter 1

Introduction

Around the world, there are numerous football competitions at local, national, and
international levels as well as in amateur and professional leagues. The world’s
top competitions include the FIFA World Cup, UEFA Champions League, Copa
America, Europa League, Premier League, La Liga, Bundesliga, etc. But there is
no bigger and greater competition than the FIFA World Cup. The significance of
football games in sports marketing has a big economic influence in Europe and other
numerous nations. The key to a football game is scoring a lot of goals Offside is
a key rule for maintaining fair play in the contest. Fair rivalry between offensive
and defensive players to take control of defending the goal. The linesman, who runs
alongside the sidelines, judges’ goals, offsides, and fouls. The referee makes the final
decision. However, offside is a strategy used by the offensive team to try and score
a goal, therefore the lineman must be very attentive to observe it. As a result, it is
necessary to provide the linesmen with autonomous technology for detecting offside,
as linesmen are often unable to notice vital instances for suggesting judgment to the
referee due to limitations in human vision (such as memory, blockage, etc.).

Several sports leagues have recently adopted cutting-edge technology to assist ref-
erees, and as a result, complaints about bad calls have decreased. A technology
known as VAR (Video Assistant Referee) is currently in use in tennis, baseball, and
other sports. Football is one of the most popular team sports in the world because
of its straightforward rules and need for little equipment. Football video analysis
has received a lot of attention lately, and a variety of prospective applications have
been taken into consideration.

Offside is a rule specified by the Association of Football (soccer) that states a player
is offside if any body part other than his hands and arms is in the opposing half of
the field and closer to the opposing goal line than the ball and the second-to-last
opponent. Offside calls are still very subjective for human referees, and they are
one of the most difficult regulations to master. Technology in sports has enabled
numerous advancements in terms of increased quality, accuracy, and better decision-
making across a wide range of sports, from ball tracking to virtual simulations. For
this topic of offside detection, computer vision techniques can be used effectively.

Computer Vision techniques can be used efficiently to develop an end-to-end system
for automatically finding offsides or to assist referees in making informed calls in
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almost real-time regarding offside identification. It will help the linesmen in such
a way that, the referee will check the offside situation and then match his decision
with the system. In this way, referees can provide better offside calls which will
save some crucial seconds or even some minutes in all matches. The combination of
humans and technologies can give the best results in this area.

1.1 Research Problem

There is a widespread consensus that football is one of the most popular sports on
the world. Football’s most crucial component is the goal, and offside is connected
to goals. It may alter the outcome of a game. Therefore, finding a match result
is quite important. In football, the linesman is responsible for enforcing the offside
rule and greatly assists the referee from the sidelines in determining when the ball
is out of play. Algorithms for image processing or computer vision are used in a
number of projects to determine where specific players are on the pitch and to iden-
tify off sides. In addition, numerous sophisticated image processing and computer
vision techniques must be used, necessitating a substantial amount of training data
that is often only accessible for games of a professional level. In such situations, the
processors or projects can come in handy but what about the games that take place
in the countryside or in small communities? In the case of this particular problem,
the solutions are scarcely practical. If the program is very heavy then it will require
a highly configured computer to process everything There won’t be any significant
difficulties in setting them up for major events like The World Cup, Champions
League, Premier League, LA Liga, etc., but it won’t be the ideal option for smaller
competitions.

One study used the concept of several kinds of wearable sensors to enhance athletes’
performance. The study also provided a thorough review of the many kinds of sen-
sors used to record movement, posture, and physiological information, all of which
can later be used by athletes to enhance their performance. Offside tracking cannot
be employed since offside can be recognized by any portion of the body. Although
sensors can be used to determine a player’s position on the field, they cannot be
used to determine if a player is offside because doing so would interfere with their
ability to perform on the field. Consequently, it is not the finest option available
either.

Nowadays football is very fast as most of the players are fast enough. Standing in
an offside position is not an offense. But players move all the time. As they are
good sprinters as well and they not only stay onside but also move into the offside
position so it is very difficult to track them all the time. Moreover, the last touch is
a key part of offside, so it is very important to track the ball as well. So, mistakes
can happen by anyone although they are very professional. Offside is related to goal
scoring and it is the most important part of football, so helping the linesmen can
play a crucial role in football. As linesmen most of the calls are accurate, if they
could get help from the technologies then these offside calls will be almost perfect.
As per FIFA, any part of the body, head, arms, or feet in an offside situation will
be considered as offside on the opponent’s half. So, tracking all these things for a
full 90 minutes is very difficult for a person as the games are very fast right now.
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Technologies can be a blessing for the linesman as it can help them to assist the full
match.

1.2 Research Objective

The purpose of our research is to assist the linesmen throughout the football match
and minimize the false call and time delays that can occur by double-checking after
the side referee’s call and the VAR in big matches. Though our main objective is to
help linesmen in small or any type of football matches so that any football match
can be played fairly in any circumstances. Because, if it requires a high-resolution
video camera and highly configured computer to process information then most of
them will try to avoid this technology. For this reason, we tried to make the program
simpler and decent video cameras that can capture smooth video will do the work.
If we can change the format of the phone camera then phone cameras video can also
work here from a very close view. Moreover, many times in football matches wran-
gles between the playing teams are seen due to offside play and the wrong call by
the referee for offside can be seen to lead to serious disputes and fight in rural areas.
Although the technology may not be currently used in rural areas due to budget
problems but where people can afford it should be able to provide fair decisions for
offside and inhibit disagreement and brawls where the referee is unable to do so as
after all they are only human. Here, our technologies can be beneficial for them
as they will be affordable for them. Advance and improved technology will surely
be more accurate, and now football fans do not like the marginal offside decisions.
So, a balance must be hit between technology and the decision-making of referees.
“Football is looking to the future because this is all about Artificial Intelligence (AI)
and data analysis. But, most importantly, it’s quick for the fans.” [13].

When a goal is scored, every fan applauds in excitement. However, it was deemed
offside right away once the VAR was checked, which was quite annoying. Even with
the relaxation of VAR offside rules in season 20-21, offside was a factor in one-third
of the 48 VAR withdrawals in the English Premier League. And according to the
ESPN website, 10 of the 16 goals that were rejected were for offside. As we know,
after a call of an offside-by-side referee if a goal scores VAR checking is a must
nowadays. VAR is also operated by four to five members of the referee. Here comes
our research’s main purpose, where we want to try to improve these calls with AI
which can give us almost perfect calls instantly without delay, or by VAR which is
operated by a group of members. Also, VAR is not a hundred percent accurate as it
is checked by humans. Though VAR has made a great impact in Football it cannot
be ignored. A huge number of mistakes are reduced after using VAR. But everything
is changing with technology. We were introduced by Goal-Line Technology and the
latest addition was VAR. Here, Goal-Line Technology is almost perfect yet VAR is
a little bit slow and not perfect as it is checked by humans and so there is room for
human error and also space for improvement.

In semi-automated offside technology” It’s a camera-based system, Holzmuller ex-
plained. “These cameras follow the players and track up to 29 data points 50 times
per second, which is then analyzed and computed virtually in real-time by the soft-
ware, using Artificial Intelligence, and provided to the VAR and replay operator.”
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And ”It is based on limb-tracking technology, or as some call it skeletal-tracking
technology,” Johannes Holzmuller, Football Technology Innovation director, told
FIFA’s Living Football show. ” We term it semi-automated offside because the
VAR still has to evaluate and accept the suggested offside line and kick point that
comes out of the program before informing the referee on the field.” [13]. So, our
research can lead us to better technology that can provide a near-instant decision,
with improved accuracy, and clear most doubts about a goal being scored while
almost fully eliminating the interruption of the game flow caused due to false or
time-consuming calls.
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Chapter 2

Related Work

2.1 Problem Defination

One of the rules of association football is offside, which is codified in Law 11 of the
rules. According to the rules, a player is considered to be offside if any of their body
parts, other than their hands and arms, are on the other half of the field and closer
to the opposing goal line than both the ball and the opponent who is in second place
(the last opponent is usually, but not necessarily, the goalkeeper). When a player is
in the offside position while receiving a pass from a teammate or engaging in active
play, it is considered an offside infringement.

One of the rules of association football is offside, which is codified in Law 11 of the
rules. The rule states that a player is offside if any of their body parts—other than
their hands and arms—are farther from the opposing goal line than the ball and
the second-last opponent (the goalkeeper is typically the final opponent, but not
always) [19]. When a player is in the offside position while receiving a pass from a
teammate or engaging in active play, it is considered an offside infringement.

Here, we can see in this picture that, team red is in attacking position and team blue
is in defending position. In this situation, player A of red team is in offside position
as he has crossed the last line of blue team’s second last player who is D1. Here,
GK(Goalkeeper) is last player of blue team but it is not necessary that a goalkeeper
will be the last defender.
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In this picture we can see that GK(Goalkeeper) has change his position for some
reason, therefore, D1 of blue team is now the last defender and D2 is the second last
defender. D2 player’s body will be now the last line for offside.

Now, while any attack by team red if player A receives any ball from is team mate
it will be consider as offside. Rather than that if other players of team red pass the
ball between themselves then it will not consider as an offside.

This is an actual footage of football offside where players of Liverpool are attacking
and players of West Hum United are defending. Here we can see that 3 Liverpool
players are in offside position.
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2.2 Literature Review

The paper [6] used Bluetooth 4.0 BLE technology to conduct research and experi-
ments for the development of an autonomous offside judging system. A Bluetooth-
based technology called Beacon, developed by Google is used as a measuring device.
Taking advantage of Bluetooth 4.0 BLE multiple of these beacons are paired. Two
Arduino-based Bluno receiver devices are used on either side of the goal line. The
location of each Beacon is calculated using RSSI signal values created by the con-
nection between the Beacon and the receiving devices. Paired Beacons constantly
send RSSI values to each receiver which are used to determine the Beacons’ distance
from each Beacon, the constant distance between the receivers is considered as the
base value and then Heron’s formula is applied to determine the height or the or-
thogonal distance from the goal line to each Beacon. These values are compared
to determine offside occurrence which is then relayed to the main referee through
a vibration signal to their device. A margin of error of around 50cm has been ob-
served in the case of measuring distances over 5m while testing due to factors such
as battery capacity, electronic wave interference and so on which makes this method
less reliable for professional football matches and more effective in amateur football
matches.

The researchers [5] used computer vision and image processing methods such the
Hough transform, color similarity (quantization), graph-connected components, and
vanishing point theories to construct a vision-based dynamic offside line marker for
soccer games. The play area must first be identified in order to track and identify
participants properly. This is done by using Hough transform and taking advantage
of the line boundary to differentiate the play area from the audience, signboards,
and everything else that is irrelevant to making offside calls. Then using the color in-
formation of different team jerseys and image filling, clear localization of the players
is obtained. Image opening morphological operation and image dilation is applied
to improve accuracy and the strength of player detection. Graph-based connected
component labeling is done to find the bounding box for each player. The bound-
ing boxes of each player are tracked using the Kanade-Lucas-Tomasi tracker, which
also correlates to minimal motion. The vanishing point is then found by using lines
already present on the field. The X intercept of the lines going through each player
and the vanishing point is then used to monitor player positions and call an offside
when it occurs.

The research work [9] proposes a Deep Learning process for Ball Tracking in foot-
ball Sequences. To take advantage of deep learning’s robustness, the ball detection
technique used in this study is based on a deep convolutional neural network. They
introduced the creation of trajectories to overcome the difficulties of differentiating
the ball from other ball candidates with great confidence. The targeted sequences
are long-shot views captured with the primary camera. When a candidate is de-
tected on successive frames, the tracking module begins by using the Kalman filter
to create candidate trajectories.
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This research paper [2] proposes a machine learning-based event detection and sum-
marization method for soccer matches (ML). They divided the popular video into
manageable chunks and utilized neural network (NN) and support vector machine
(SVM) techniques to highlight key sections with logo appearance. Additionally, the
caption region, which provides data about the game’s score, was found using the
SVM technique. Using the Hough transform, the two goal posts are detected.

The author of this paper[7] uses contour detection to detect the offside. The au-
thor’s goal is to determine the position of the farthest defense and attacker while
the attacker is receiving a pass from a teammate. To determine the final results,
the horizontal positions of the players are contrasted with one another. The authors
employed Frame Acquisition, dividing the area into two halves with four cameras
and capturing 5 frames per second. In the Image processing methodology, the Au-
thors converted images into HSV and then converted images into grayscale images
Because contours can only be found on binary pictures in OpenCV. Contours for
the hand are ignored since only goal-scoring components are examined for offside.
The x coordinates of these extreme points are compared. If the goal is on the right
side of the field, the x coordinate of the attacker is larger than the x coordinate
of the defender then the attacker is in an offside position. On the other hand, if
the goal is on the left side and if the x coordinate of the attacker is smaller than x
coordinate of the defender, then the attacker is in an offside position. The values
of Hue, saturation, and intensity should be matched exactly with the color of the
jersey which is the only limitation of this methodology.

For football offside identification in this research [12] the authors employed numerous
cameras in an automatic linesman assistance system. In this method, a hardware
system consisting of numerous cameras and offside detection units is deployed, and
offside is notified whenever at least one of the offside detection units detects offside.
Vertical lines that depict the attackers, defenders, and ball are used to determine
offside. To obtain accurate findings in offside identification, the authors divided the
offside problem into a few components and a few conditions. Every time the ball is
passed during the competition, it is tracked. The position of the ball is indicated
by a vertical line on the half-side boundary nearest to the goal line. When a ball is
moved from one attacker to another during an offside situation who is closer to the
opposition’s goal line than the most-back defender and ball, the offside is immedi-
ately recognized.

The feasibility of a multiple camera system for automated offside detection is exam-
ined by the writers in this research paper [1]. The author suggested placing 6 fixed
cameras on either side of the field (3+3) to reduce perspective and other issues.
Consistent images from actual soccer matches were used to support the complete
system, and quantitative disclosures on structure precision were attained by separat-
ing system responses and ground truth data that was actually gathered on various
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deleted relevant plans. Only once, throughout the framework formation, were the
six cameras adjusted to process the change grids for the homograph assessment
using some appropriately located reference focuses on the field. When the system
erroneously offers passive and uncertain events, more effort is required to improve
performance in challenging situations. The proposed approach fails when forced to
make decisions in crowded situations. To separate players in these situations, either
more cameras in various locations on the field or more thorough feature analysis
may be used.

A computational offside determination method for soccer match photographs is de-
scribed in this research work [14]. The method for building a quantitative represen-
tation of soccer match images using this offside algorithm has also been laid out as a
pipeline of Computer Vision tasks. We provide a fresh dataset for testing this idea,
which was gathered from the view made available to the VAR. The authors focused
on player identification, team categorization, projection of player body parts, and
vanishing point identification. Research can enhance the fundamental computer vi-
sion tasks of this system, such as posture estimation and team categorization. These
two sub-tasks could be completely automated in addition to having their accuracy
increased.

A computational offside determination method for soccer match photographs is de-
scribed in this research work [10]. The method for building a quantitative represen-
tation of soccer match images using this offside algorithm has also been laid out as a
pipeline of Computer Vision tasks. We provide a fresh dataset for testing this idea,
which was gathered from the view made available to the VAR. The authors focused
on player identification, team categorization, projection of player body parts, and
vanishing point identification. Research can enhance the fundamental computer vi-
sion tasks of this system, such as posture estimation and team categorization. These
two sub-tasks could be completely automated in addition to having their accuracy
increased.

This study [4] offers a saliency-based automatic offside detecting method. Four cam-
eras are set up on either side of the centerline to capture views of players holding a
ball. In the situations, saliency is used to evaluate the movement of offensive players
who are carrying the ball, and the estimated motion is compared to the locations of
the defense players to detect offside. Three recommended processes—the preprocess-
ing process, the primary proposed method, and the decision process—are included
in this essay. The photos used in the proposed technique are in grayscale. The
primary approach step for computing the map of saliency characteristics recovered
by motion estimation is the construction of a saliency map. In the decision-making
process, the saliency map model from the training saliency map database is used.
This method uses the training saliency map database to determine offside. Salience
is a heuristic that, like most others, is quick and effective but not entirely correct.
Depending on the circumstance, this may be superior to accuracy. This can be an
issue with their job.
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2.3 Existing Algorithms

(UWB) signals have a wide operating bandwidth and operate between 3.1 and 10.6
GHz. The devices can exchange more accurate timestamps, which in addition to
TOF principles, can provide more accurate ranges, thanks to the signals’ short
transmission time, which makes them less sensitive to multi-path effects. (TOF)
determines the separation between the transmitter and the receiver by multiplying
the signal propagation time by the speed of light. To provide correct results, this
method necessitates exact timekeeping synchronization between the sending and re-
ceiving devices. The notion is used in time-of-flight sensors, which have a tiny laser
source and a corresponding sensor to measure the distance.

Beacon is a Bluetooth 4.0 based technology developed by Google. It supports pair-
ing with multiple other beacons. A Bluno or Smartphone can also be paired to
calculate a Beacons’ location using RSSI signal values created by the connection
between Beacon and the receiving devices. Herons’ formula is a formula that takes
the length of the three sides of a triangle as input and outputs the area of the triangle.

If, a,b,c are the value of the sides of the triangle.
s = (a+b+c)/2.0;
area = (s*(s-a)*(s-b)*(s-c));

In image analysis, the Hough transform is a feature extraction approach. The Hough
transform may be used to isolate aspects of any regular curve, such as lines, circles,
ellipses, and so on. Although this model form is relatively simple, it is significantly
problematic in the case of complex forms owing to noise and shape imperfection, as
well as the challenge of identifying vertical line slopes In the realm of computer vi-
sion, the Kanade-Lucas-Tomasi (KLT) tracking method is a popular feature tracking
algorithm. To achieve precise and reliable tracking findings, it is essential to choose
the appropriate warping parameters for the calculation of optical flow between neigh-
boring image frames. KLT algorithm in its’ most simple form tries to find a shift
that a point of interest might have taken.

Convolutional neural networks (CNN or ConvNet) are a type of Artificial Neural
Network (ANN) used most frequently in deep learning to interpret visual data.
Because of how closely the connectivity pattern between neurons mirrors the struc-
ture of the animal visual cortex, convolutional networks were inspired by biologi-
cal processes. The network’s ability to automatically learn to optimize the filters
without human intervention is a significant advantage that requires relatively little
pre-processing. One of the most significant and popular estimate algorithms is the
Kalman Filter. The Kalman Filter generates hidden variable estimates based on
unreliable and erroneous measurements. The Kalman Filter additionally forecasts
system state based on estimates from the past.
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Chapter 3

System

3.1 Selected Procedures

The cornerstone for computer vision enthusiasts is the open-source computer vision
library known as OpenCV. OpenCV offers a number of functions that are particu-
larly useful in constructing computer vision projects. In this paper, we have used
OpenCV and we emphasized all our ideas and combined them into a set of ideas
where we decided to detect all the players inside the field and set every player a
specific number. So that, we can work with those specific numbers in our working
process. We will mark the players into a rectangular-shaped box where their whole
bodies will be covered into the rectangular box. It will help us to separate all the
players as individuals. Moreover, we will separate the players according to their
jersey color as the jersey color is always different in a match. Using these features,
we can later detect offside by the player that touched the ball last. In this situation,
we need to be aware of both the location of the football players on the field as well
as which player is in possession of the ball or actively engaged in the play at the
time the off-side has occurred.

After that, we will detect the ball to track it as it is very necessary to track the last
touch of a player. The last touch is an important part of offside tracking. Similar to
player tracking inside a rectangular box we will track the ball inside a square-shaped
box. Then, we will track player positions where there will be our region of interest.
We will check whether the offensive players are in an offside position or not while
checking the last touch of the ball was by which player or which team player. Then
we will pass the call whether it is offside or not. Moreover, two kinds of situations
need to be studied in real-time constantly and they are the onside position and the
offside position. Firstly, player position concerning both the on-side line and the
offside line is to be thoroughly studied or monitored all the time. Similarly, ball
position concerning the on-side line or the offside line and most importantly the
touch of the player according to the position needs to be studied at a time.
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Chapter 4

Methodology

The purpose of the proposed offside tracking method using OpenCV and its Hough
transform using the ROI method is described in this chapter.The algoritms are de-
tailed described how those works and functions. In order to do so, the proposed
model requires designing the process whether it will be offside or not. Fig 1 shows
the view of the designed model:

Basically We will try to detect the player and after that the ball and if all of them
work fine we will go for the line drawing, pose detection, and based on them we
will determine the offside and after offside, we will calculate the the other things
mentioned below in the workflow.
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Workflow

Figure 4.1: WorkFlow Diagram
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4.1 Computer vision

The visual system of a human being is both complex and stunning. As an added
bonus, Earth is teeming with many forms of life, many of which use strikingly
comparable virtual systems. Receptors in the brain, visual cortexes for analyzing
visual information, and the eyes for capturing visual data all fall into this category.
Genetically engineered and well calibrated system components that improve our
productivity. The truth is, though, that this is just the beginning. Over the past
30 years, we’ve come a long way in our quest to give machines and humans alike
the ability to appreciate art with their eyes. The earliest camera, which consisted of
a little box containing a piece of paper coated with silver chloride, was invented in
1816. Two centuries later, we have vastly improved versions of the technology that
allow for instantaneous digital photography.[15]
The goal of computer vision (CV) is to create artificial systems with similar capabil-
ities to human vision. Data extraction from digital media entails the use of tools like
computers to parse through media files. It is also possible to compare and contrast
complex images and spot discrepancies.
In several fields, computer vision has become increasingly important. Computer
vision is used in many different fields, including optical character recognition, visual
bio-metrics, object detection, special effects, 3D scanning and digital photography,
sports, intelligent cars, medical imaging, and many more. Ultimately, the goal of
computer vision is to make our lives simpler. Users and programmers alike are
elevated to the status of computer super heroes as a result of these tools.
Three basic steps how Computer vision works are:

• Acquiring an image

Real-time visuals can be captured using films, photos, or 3D technology,

• Image Processing

The procedure can be automated with the help of deep learning models, but
only after they have been trained on thousands of photographs that have
already been categorized or identified.

• Image understanding

The last step in the process of interpreting an image is to identify or classify
something inside it.
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4.2 OpenCV:

An Open-Source collection of programming functions, known as OpenCV, focuses
mostly on real-time computer vision. It works wonderfully in image processing and
other computer-vision-related applications. The simplicity and readability of the
code are the major factors in its appeal. A free library of software for machine
learning and computer vision is called OpenCV.[20] In order to speed up the in-
tegration of machine perception into commercial products, OpenCV is a software
library that was created to standardize the development of computer vision pro-
grams. Since OpenCV is a program, it is straightforward for companies to use and
modify the code, making it accessible to anyone who wants to obtain the raw data
and alter it to their needs. Over 2500 efficient algorithms, including both estab-
lished and novel machine learning and computer vision methods, are available in
the library. These techniques can be used for a wide variety of tasks, including but
not limited to: object recognition, characterizing human behavior in movies, face
recognition and differentiation, tracking moving objects with a camera, retrieving
3D models of objects, and even creating new 3D models of objects. Examples of 3D
modeling include making 3D images of objects, creating 3D point clouds using stereo
cameras, combining images to make high-resolution panoramas, removing red eyes
from photos of lightning, tracking eye movements, spotting scenery, and overlapping
markers, among many other applications. It may be used to carry out operations
like face detection, motion detection, location detection, and much more, and it sup-
ports many programming languages like Python, Java, and C++. Around 18 million
downloads and over 47 thousand users’ makeup OpenCV’s user base. Governmental
organizations, enterprises, and research teams frequently use the library. Intel was
the company that created it first. The library is widely used by various startups,
including Advanced Minds, VideoSurf, and Zeitera, as well as by major tech com-
panies. It supports C++, Programming languages, Java, and MATLAB languages
and includes Windows, Ubuntu, App for ios, and Mac OS. OpenCV is significantly
biased towards actual vision applications when the MMX and SSE commands are
enabled. Fullfeatured CUDA and OpenCL interactions are currently being created.
There are more than 500 algorithms and 10 times as many units that make up or
support them. The C++ program OpenCV offers a templated approach that seam-
lessly interfaces with STL containers. For doing the detection much better in this
paper OpenCV is used.
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4.3 Hough transform:

In image analysis, the Hough transform is a feature extraction approach. The Hough
transform may be used to isolate aspects of any regular curve, such as lines, circles,
ellipses, and so on.. Although this model form is relatively simple, it is significantly
problematic in the case of complex forms owing to noise and shape imperfection, as
well as the challenge of identifying vertical line slopes.

The circle Hough Transform (CHT)’s primary goal is to locate circles in images.
Ball is also a circle type that’s why in this paper Hough transform is used.

If r is known in CHT,
Hough transform of Circle draws all potential positions of circle center in Hough
space for each edge point (x, y) in image space. Given an edge point (x, y) with
a given radius r, the collection of all potential circle centers, which is a Hough
Transform output, is a circle in Hough space once again.[8]

Figure 4.2: known r

If r is not known in CHT,
Hough space becomes 3D space.

Figure 4.3: Unknown r

Taking the circle characteristic and gradient direction at point (x, y) into consider-
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ation, we may conclude that the circle center is most likely located on the line that
begins at (x, y) and continues in the direction θ.

Algorithm of Hough circle Transform:[16]

4.4 Region of Interest(ROI):

ROI basically means Region Of Interest in OpenCV. In OpenCV, Region of Interest
is used to execute several common-picture operations. We can work on a rectangular
subset of the image with an ROI. To use ROI, one has to follow these steps: con-
struct an ROI on the image, perform the operation one wants to on this subregion
of the image, and then reset the ROI. Even if openCV and ROI are similar in some
aspects, in the case of OpenCV the origin is at the top-left corner and the ROI is
constructed using a correct structure.[11]

In OpenCV ROI or ROIs can be selected by two functions and they are:

1. cv2.selectROI: used for selecting a single ROI on the image which is shown as
a bounding box

2. cv2.selectROIS: used for selecting multiple bounding boxes of ROI from an
image

Single ROI comes in handy when one needs to specify or crop a single object from
the image whereas multiple ROIs work when one selects multiple objects from an
image. The bounding box of ROI is by default created starting from the top-left
corner. However, if one seeks to have the bounding box from the center then one
needs to use the argument “fromCenter = true”

4.5 Kalman Filter

Kalman filtering, also known as linear quadratic estimation, is an algorithm used
in statistics and control theory that employs a series of metrics noted over time to
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produce estimates of unknown factors that are typically more precise than those
based on a single unit of measure alone, despite the presence of statistical noise
and other factual errors. Rudolf E. Ka’lm’an, who contributed significantly to the
development of the theory, is honored with the naming of the filter.

The Open CV Kalman filter method is implemented or utilized using the following
syntax:[18]

When interfacing and operating with extremely noisy systems, the Kalman filter is
a very effective tool. The holistic approach of the Kalman filter involves processing
noisy input as it enters the system and processing less noisy data as it exits. The
Kalman filter has many uses, including algorithm design for tracking devices and
objects, data pointing to detect large noisy patches, use in economics, primarily for
motion detection and navigation, widely used in many computer and technology-
based vision applications, stabilizing measurements for profundities and heights, and
feature tracking with widespread adoption and development of stereo-cameras.[17]
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Chapter 5

Implementation

5.1 Input Data

For taking input in this model, a video was used of the England VS France game,
and some picture was also used. The authors have used different videos close view
and run those to make sure to run this system properly.

5.2 Implementation

5.2.1 Player detection

Player detection is one of the most important things for offside detection. The
offside basically depends on the players of both team members. For offside tracking,
it’s obvious to specify the players by their teams. Without specification, it would
be hard if one tries to decide whether offside happened or not. Player detection is
a must to do the rest of the implementations.
For player detection, The authors decided to specify the team by their jersey colors.
To accomplish this part, the authors have used a simple way to detect the players
using OpenCV. As input, a video is used. Later on, the morphological operation is
used for better player detection

Then authors find contours of the threshold images. Also, some parameters were
used to detect the players from the video. Now, the contours on each frame are de-
tected, and only contours with a greater height than width are evaluated for player
recognition. The previous masking technique is repeated, but this time to identify
the player jersey colors, and then a rectangular box is built around each player with
appropriate text to indicate which team they are in. Masking is used to identify
white color while verifying for suitable contour height and breadth while detecting
the football.

19



5.2.2 Ball detection

One of the key elements is to use ball tracking so that one can know the position of
the ball in that particular moment where they want it to be seen. Using OpenCV
and Hough Transform ball tracking is completed.

The ball is specified by a green circle all over it. Whenever a ball is shown on
the screen it will detect the ball by using the hough transform in OpenCV.

20



5.2.3 Line Drawing

In the case of line drawing, the task was to identify the goalpost white line outside
the d-box. To calculate offside, player detection, ball detection, and line detection
need to be included in a package. Only by comparing these 3 can one conclude that
an offside occurred in the match or not.

For line detection, the authors emphasized creating a region of the image which
needs to be focused on. Other than our necessary line, nothing else matters in the
image. As input, both image and video can be used by tweaking the source code
a little. First of all Region of interest needs to be defined as a method and in the
source code the defined method is:

First, the image and its vertices are passed to a method called ”region of interest,”
which returns a region of interest based on the image and its parameters. Secondly,
np.zeros like() is used to return an array of zeros that are with a similar shape and
type as the provided array, afterwards the mask color is set at 255. Next cv2.fillpoly
is used to draw a filled polygon similar to the triangle, rectangle, or pentagon of
the image and in the parameters are the image and endpoints of the polygon and
previously defined color. Mask is a set of ways of merging. If an area of an image
contains 0 color in OpenCV or black color it will not be merging the image with the
masked image but for the exact opposite case, it will. At last, the newly created
masked image is returned to the method.
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All of these above-shown codes are used to draw the line using our previously defined
region of interest method. Firstly, the image color is changed to RGB2GRAY and
then a canny image is created from the gray image using the parameters (gray image,
100, 200). Secondly, a cropped image is created using the previously defined re-
gion of interest method and the parameters include the canny image, the vertices of
selected region of interest, and np.int32 are used to represent a 32-bit signed integer.

Thirdly, to detect lines HoughLinesP is used to detect the shape in a mathematical
form using the given parameters which are shown as rho, theta, threshold, minLine-
Length, macLineGap, etc. Next, using the given parameters and by creating the
shape from the Hough transformation the lines are drawn on the image.

Lastly, using plt.show(image with lines) we can see the result of our detection which
is shown in the results below.

5.2.4 Object detection Path/Trajectory Tracking

There are several technological uses for Kalman filtering. Popular applications in-
clude vehicle guidance, navigation, and control, particularly for ships, aircraft, and
spacecraft. Moreover, signal analysis and econometrics typically use Kalman fil-
tering, which is a time series analytic tool. One of the most important parts of
autonomous motion planning and control is the application of Kalman filtering to
the optimization of trajectories. Modeling the regulation of movement by the brain’s
central nervous system can also be done using Kalman filtering. The use of Kalman
filters offers a realistic model for estimating the present incarnation of a motor sys-
tem and delivering updated commands because of the latency between delivering
control signals and receiving sensory feedback.
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There are two stages to the algorithm’s operation. For the prediction phase, the
Kalman filter generates estimates of the current state variables and their uncer-
tainty. Since the outcome of the subsequent measurement will inevitably be tainted
with some error, including random noise, these estimates are adjusted to utilize a
weighted average, giving much more weight to estimations with more certainty. The
process is cyclical and follows the same method. It can function in real-time using
only the most recent input measurements, the known state, and its ambiguity ma-
trix, without requiring any further background information.

Firstly, multiple obstacles to track present extra difficulties, including:

• The proper tracks must be linked to several detections.

• Users have to deal with new objects that occur in a scene.

• When many items combine into a single detection, object identity must be
preserved.

The assignDetectionsToTracks function and the vision.KalmanFilter object can help
to resolve the issues of:

• Making detection available to trackers

• determining whether a detection is associated with a new object, or track
creation

• Prediction can be utilized to assist segregate objects that are adjacent to each
other, just as it can in the instance of an occluded specific object.

A background subtraction approach using Gaussian mixture models is used to de-
tect moving objects. Noise is removed from the generated foreground mask using
morphological procedures. Blob analysis also finds clusters of linked pixels that are
most likely to represent moving things.

Only motion is used to connect detections to the identical object. A Kalman filter
estimates each track’s motion. The filter is utilized to forecast where the track will
be in each frame and to calculate the probability that each detection will belong to
a specific track.

This example emphasizes the need for track maintenance. Some occurrences may be
allocated to tracks in a given frame, whereas other observations and tracks may not
be assigned. The corresponding detections are used to update the allocated tracks.
The undesignated tracks have an undetectable marking. A new track is started by
an unassigned detection.

Each track maintains a note of how many consecutive frames it went without being
assigned. one such example is that it deletes the track and concludes that the object
has left the field of view if the count rises over a predetermined threshold.
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showing the ball’s trajectory by superimposing all of the video frames one on top of
the other.

To display the ball’s trajectory, assemble video frames, identify locations, and track
locations.

These are the some lines from the main code to make the things more clear and
show how the functions are working.
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5.3 Pose Detection

MediaPipe Posture is a ML answer for high-devotion body present following, con-
struing 33 3D tourist spots and foundation division cover all in all body from RGB
video outlines using our BlazePose research that likewise drives the ML Unit Pos-
ture Recognition Programming interface. Present status of-the-craftsmanship ap-
proaches depend essentially on strong work area conditions for derivation, though
our technique accomplishes continuous execution on most current cell phones, work
areas/PCs, in python and, surprisingly, on the web.

A two-step locator tracker AI pipeline is utilized in the arrangement, which has
been effectively applied to our MediaPipe Arms and MediaPipe Look Cross section
items. The pipeline begins by locating the region-of-interest (ROI) for the person
or position within the picture using a detector. Through using ROI-cropped frames
as input, the tracker then predicts the posture markers and segment mask within
the ROI. Be aware that in video use scenarios, the detector is only used in the first
frame and when the tracker is unable to identify a body position in the frame before
it. For all other frames, the procedure merely creates the ROI using pose markers
from the previous frame.[21]

Blaze Pose Detector: The detector is based on our own, portable BlazeFace gad-
get, which we use in MediaPipe Face Detection as a stand-in for a human detector.
It explicitly anticipates two more virtual keypoints, rotation and scale, which firmly
define the human body’s center as a circle. In the style of Leonardo da Vinci’s
Vitruvian man, we make predictions about a person’s hip midpoint, the diameter
of a circle encircling their complete body, and the slope of the line connecting their
shoulder and hip centroids.
Pose Landmark Model:

The MediaPipe Posture milestone model forecasts the location of 33 posture tourism
attractions.
This is an actual footage of football offside where players of Liverpool are attacking
and players of West Hum United are defending. Here we can see that 3 Liverpool
players are in offside position.
STATIC IMAGE MODE

If false is selected, the program processes the supplied pictures like a video stream.
After attempting to identify the most noticeable individual in the initial photographs,
it will proceed to localize the pose markers. To save time and reduce dormancy, it
then just watches those milestones in subsequent images without requiring extra
identification until something loses track. A series of stagnant, maybe unrelated
photos can be processed with ease if the person detection option is set to true. False
by default.

• MODEL COMPLEXITY: Pose landmark model complexity: 0, 1, or 2. As
models become more complicated, benchmark accuracy and inference latency
typically increase as well. By default, 1.
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Figure 5.1: Pose landmarks

• SMOOTH LANDMARKS: If configured correctly, the solution ignores
pose landmarks if static image mode is also configured correctly, but does so
to reduce jitter. Usually, true.

• ENABLE SEGMENTATION: If set to true, the solution additionally con-
structs the segmentation mask on top to pose landmarks. False by default.

• SMOOTH SEGMENTATION: If true is specified, the approach reduces
jitter by filtering segmentation masks across several input images. ignored if
static image mode is true or enable segmentation is false. Usually, true.

• MIN DETECTION CONFIDENCE: The person-detection model must
produce a minimum measure of confidence ([0.0, 1.0]) before the detection can
be deemed successful. 0.5 is the default.

• MIN TRACKING CONFIDENCE: The pose landmarks must have a
sufficient measure of confidence ([0.0, 1.0]) from the landmark-tracking algo-
rithm to be regarded successfully tracked; otherwise, figure detection will be
activated automatically on the following input image. By increasing it, the
solution’s robustness can be improved at the cost of an increase in latency. If
static image mode is set to true, person detection is ignored and every image
is processed as normal. 0.5 is the default.
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Chapter 6

Results and Analysis

6.1 Work Results

6.1.1 Player Detection

In this detection we used England vs France Video as an input and then the author
detected the players according to their colors. Figure 2 shows that the two teams
are differentiated by their jersey colors.

Figure 6.1: Player detection

6.1.2 Ball Detection

Here, an image of a ball is used to detect the ball as an input. Figure 3 shows the
before image of the ball and figure 4 shows the image while it is being detected by
the detector. After Applying the algorithm on Video :
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Figure 6.2: Raw image of the ball

Figure 6.3: detected image of the ball

6.1.3 Line Drawing :

Here, an image of France vs Belgium is used as an input to detect the white line
and it is marked green by the line detector. Figure 5 shows the raw image that is
given as input and figure 6 shows the line detected image by the detector.
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Figure 6.4: Raw input to detect line

Figure 6.5: Detected image from the input

6.1.4 Object detection Path/Trajectory Tracking:

Here two images from a video input are taken and the tracker tracks the paths of
the moving player football both, tracks the trajectory also, and the path of the
moving objects is shown with dots along the line.
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Figure 6.6: Object Detection1

Figure 6.7: Object Detection2

6.1.5 Pose Detection:

In the below pictures we have shown that the players position were detected using
TensorFlow so that if in that match offside is happening or not for any players.

30



Figure 6.8: Pose Detection1

Figure 6.9: Pose Detection2

6.2 Result Analysis

From all of our detections, including players, ball, player poses, lines, and trajectory,
whenever an offside situation occurs, the algorithm will start all of these algorithms
and analyze the data to figure out every possible solution. If there is a probable
offside situation, the referee can make the offside call; otherwise, no offside call will
occur.

In our thesis work, These datasets were taken from random videos played on you-
tube on different matches. So different videos play at different rates and different
resolutions. There is no specific dataset here. Also as it is not fully auto, mated so
using some videoes we have calculated our accuracy rates.

Logistic Regression:

A probability of a value between 0 and 1 is generated via logistic regression. If the
model calculates a value of 0.932 for a certain email message, it means that there is
a 93.2% chance that the email message is spam.
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Mean Absolute Error:
MAE(Mean Absolutae Error was also used in our proposed system.
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Confusion Matrix
After developing the model, its performance should be tested to establish its ap-
plicability. Confusion matrix helps to measure the model performance. The below
table describes the the categorization problem’s characteristics, see the table below.

Predicted Value
Positive (P)

Predicted Value
Negative (N)

Actual Value
Positive (P)

True Positive
(TP)

False Negative
(FN)

Actual Value
Negative (N)

False Positive
(FP)

True Negative
(TN)

The Classification Rate or Accuracy can be calculated using the relationship be-
low.

Accuracy =
TP + TN

TP + TN+ FP + FN

Recall =
TP

TP + FN

F −measure =
2× Recall × Precision

Recall + Precision

In our work we have used Confusion Matrix.

Using the confusion Metrics, We have created a table below:

Table 6.1: Ball Detection Accuracy Table

Table Table Column Head
Head Precision recall F1-Score Support

a 0.50 0.50 0.50 2
b 0.50 1.00 0.67 1
c 1.00 0.50 0.67 2

accuracy 0.60 5
acro avg 0.67 0.67 0.61 5

weighted avg 0.70 0.60 0.60 5
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In the below table we got accuracy rate using Logistic regression.A sample video
used on our working codes.

Table 6.2: Accuracy Table

Player Detection Ball detection Path Detection
0.835 0.915 0.935
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6.2.1 Analysis

From Paper [10], the precision score of player detection is 0.87 ±0.05, the Recall
score is 0.91 ±0.02 and in our case, the highest precision score is 1.00, and the Recall
score is also 1.00.

From Paper [4], the highest accuracy score is 93.33% whereas our highest achieved
score is 98.50%.

From paper [14], we have similar precision scores, however, we have higher recall
score than them and their recall score is 0.9 and our one is 1.00.

From paper [3], the precision score and recall score of both the party is pretty much
closer to one another, the opponent paper has a precision score of 0.99 and a recall
score of 0.99 also whereas our one is 1.00 on both the precision and recall scores.
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Chapter 7

Conclusion And Future Works

7.1 Conclusion

In this paper, we performed offside tracking using input from video streams. Even
many researchers are trying to accomplish this work using different methods to make
the process of offside calling more smooth and more accurate yet we are trying to
make the process more accurate by using algorithms and computer vision. There has
been a lack of accuracy in some processes, we are planning to minimize the issues.
We are detecting offside from the live video where we detect player, ball, and player
position using different algorithms. After analyzing all the data we send the results
to the linesmen. It will assist the referees in many ways. By doing this research
our main objective is to lessen human error and make football games smooth and
more attractive by helping the linesmen. Thus this research represents an attempt
to identify the ball position in most of the encountered situations and to improve
the precision of ball tracking, player tracking, and offside calling as much as possible
while also minimizing the time required.
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7.2 Future scope

The popularity of football is huge. With the help of technology football game can
be more attractive. By using more dedicated camera, if we can convert the whole
stadium into a 3D model and track everything then it will help us to detect all
players and the ball in more convenient way. Which will lead to a result with better
accuracy. Moreover, if we can use dedicated tracking cameras instead of normal
camera then we can use each players’ exact position on the field which can give
far better results. And for ball tracking, if we can implement a chip inside a ball
which can give us exact point location on the field along with the results of ball
being touch or kicked or not then that also can help us to provide better results.
By combining the player and ball tracking data and using AI(artificial intelligence),
the cutting-edge technology, this technique can be totally automatic and generate
results that are almost accurate without the need of human interference.
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