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Abstract

Object Detection and Tracking computer vision algorithms have remarkably progressed in the past
few years, owing to the rapid progress in the field of deep learning. These algorithms find numerous
applications in surveillance, robotics, autonomous driving, sports analytics, and human-computer inter-
action. They achieve near-perfect performance on the benchmark datasets they have been evaluated on.
However, deploying such algorithms in real-world poses a large number of challenges, and they do not
work as well as we expect them to work by looking at their performance on benchmark datasets.

In this thesis, we present details of deploying one such Multi Camera Multi-Object Detection and
Tracking system to track players in the bird’s eye (top) view in a sports event, specifically in the game
of cricket. Our system is able to generate the top-view map of the fielders from cameras placed on
crowd stands of a stadium, making it extremely cost-effective compared to using spider cameras. We
present details on the challenges and hurdles we faced while deploying our systems and the solutions we
designed to overcome these challenges. Ultimately, we tailored a neatly engineered end-to-end system
that went live in the Asia Cup of 2022.

Deploying such a multi-camera detection and tracking system poses many challenges. The first of
them is related to camera placement. We had to devise strategies to place cameras optimally so that all
the objects of interest could be captured by one or more of the cameras placed, at the same time ensuring
that they do not appear so small that it becomes difficult for a detector to localize them. Constructing
the bird’s eye view of the detected players required camera calibration. In the real world, we may not
find reliable point correspondences to calibrate a camera. Even if we might find point correspondences,
sometimes they may be really hard to see to accurately calibrate a camera. Detecting players in a setup
like this proved to be really challenging because the objects of interest appeared very small in the camera
views. Moreover, since the detections were coming from multiple cameras, algorithms had to be devised
to associate them correctly across camera views. Tracking in a setting like this was even harder because
we had to rely only on motion cues to track the objects of interest. Appearance features did not add
any value because of the fact all the players being tracked wore jerseys of the same color. Each of these
challenges became even more, harder to solve because of the real-time requirements of our use case.

Finally, setting up the hardware architecture to receive the real-time live feeds from each camera in
a synchronized manner and implementing a fast communication protocol for transmitting data between
the various system components required careful design choices to be made, all of which have been
presented in detail in this thesis.
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Chapter 1

Introduction

In this chapter, we explain the problem statement in detail and why solving the problem is very

interesting to the sports community. We discuss the challenges involved in solving the problem in

the given setup. We present discussions on object detectors, multi-object multi-camera tracking, camera

calibration, Hungarian Matching, Kalman Filters, and linear programming optimization methods. These

concepts form the crux on which the work is built.

1.1 Problem Statement

People in India are so enthusiastic about cricket that it is often said they “eat”, “drink”, “talk”,

“worship” and “live” cricket. It is a sport that brings everyone together irrespective of their age, religion,

culture, etc. The amount of enthusiasm generated when matches are played is truly remarkable. This

excitement has led to many people playing the sport resulting in the development of world-famous

cricketers. Not only the people playing the sport but also people watching it are so enthusiastic about

the game that they try to understand the game, the strategies, etc. Broadcasting companies like Star

Sports have been putting a lot of resources into improving the understanding of the game by presenting

interesting data visualizations and graphics so that the audience watching the game is more engaged.

These graphic presentations not only help the players and the coaches in analyzing the performance

but also young kids who want to be players someday. Commentators can further use these graphic

presentations to explain the non-trivial strategies of teams.

One such graphic is the bird's eye view map of the �eld, showing the location of �elders as dots.

This graphic is demonstrated in Figure 1.1. Such a visualization conveys precise information regarding

the �eld placement a particular bowler is using. We know this information is of great interest to teams

as batters can gauge what type of ball to expect depending on the �eld placement. It would also help

batters in picking the right gaps so that they can score boundaries and minimize the chances of getting

out. Bowlers can use this type of data to understand what type of �eld a particular batter is weak playing

at. So, a lot of useful analysis can be done if this data is recorded for every ball in the match.

1



Figure 1.1: An example of the bird's eye view graphic showing the position of �elders on the �eld as
white dots. The generation of such a graphic from cameras placed on stands is one of the focuses of the
thesis.

Currently, broadcasting companies like Star Sports use systems that consist of drone cameras. Not

only are the current systems costly, but they also require manual intervention. Hence, an automatic

cost-effective solution can bene�t many broadcasters.

Once the bird's eye view map is generated, we can do a lot of useful things, like tracking players

in the top view. The top view tracking data can further be used to show the identity of players in any

calibrated camera view (as shown in Figure 1.2). We can also �nd out statistics like how much distance

a particular �elder has run in a match, the speed with which a player is running, etc., using this top-view

map.

1.2 Trivial Solution

We know that a cricket pitch contains crease markings. A typical pitch would have crease lines

as shown in Figure 1.3. One could take a top-view map like this and compute the homography to

project ground plane points from the image view to the top-view map. We can easily �nd 8-point

correspondences. For example, Figure 1.4 shows the point correspondences in the top-view map and

the image view, which can be used to compute the homography from the camera view ground plane to

bird's eye view. Once the homography is computed, all we need to do is to run a pedestrian detector

in the camera view, take the bottom center point of detected bounding boxes and project them to the

top view. The bottom center point of a bounding box is precisely a pixel in the camera view, which

corresponds to a point on the ground plane (Z = 0 ) in the world coordinate system. This transformation

2



Figure 1.2: The top-view tracking information can be projected onto any other broadcast camera views,
and players can be highlighted as shown. This is one of the many visualizations which can be shown.

can be achieved as follows:

P = s
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X
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1

1
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x
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C
A (1.1)

wheres is the scaling factor,H is the 3x3 homography projection matrix projecting points from the

camera view to the top view,(x; y)T is the pixel coordinates in the camera view, and(X; Y )T is the

corresponding pixel coordinates in the top-view.

This would give a decent-looking top-view map showing the locations of �elders. However, in prac-

tical scenarios, we �nd that there are multiple challenges, and such a simple, straightforward solution

does not work.

1.3 Challenges

• Camera Placement: The moment we place cameras on the stadium stands, it is impossible to see

the crease markings. Hence, calibration cannot be done so easily. Zooming the camera to see the

crease markings would decrease the coverage drastically, and we won't be able to see most of the

players from the zoomed-in �eld of view.

• Multiple Cameras: The coverage of typical cameras is not enough to get all the players on the

�eld, even from the topmost vantage point on the stands. This makes it a compulsion for us to
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