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ABSTRACT

Keep Your Eye On The Ball: Mobile Tennis Analysis
Tom Mulligan

Supervised by: Dr. Kenneth Dawson-Howe

SCHOOL OF COMPUTER SCIENCE AND STATISTICS, TRINITY
COLLEGE DUBLIN

The game of tennis has a playing population of about 87 Million people, at this point in time there
is no product capable of accurately analysing a game of tennis for the casual player. In this report, we
propose a Multi-Camera Mobile Tennis Analysis framework for the casual tennis player, which would
deliver capabilities currently unavailable outside of the professional game.

Our proposed system features up to four Mobile Phones, each oriented so as to carry out their own
analysis of the game at hand. By communicating their ndings to each other, each device has a
complete picture of the events unfolding throughout the game - In tracking both the players and the
ball within multiple camera views, our proposed system would be able to provide useful performance
indicators such as the locations of ball bounces, heat maps of the player’s movement throughout the
court, as well as classi cations of the types of shots made.

Within the scope of this project, we are implementing a multi-camera ball tracking and bounce de-
tection system for two devices. More speci cally, the objectives of this project are as follows: The
detection of a tennis court within multiple camera views; the detection and tracking of a tennis ball
within multiple camera views; the determination of bounces points, through multiple views.
Through the testing of our Court and Bounce Detection Systems, we found the former located key
points throughout the court within an error of about ve pixels, while the latter system’s performance
in detecting bounces varied greatly depending on the lighting conditions - In overcast conditions using
multiple camera views, 64.7% of bounces were correctly detected, while those bounces were on average
about eight pixels away from their true locations. In sunny conditions, 73% of bounces were detected,
while an error of over 10 pixels was recorded.

Having implemented our desired functionalities, a number of signi cant obstacles were exposed.
Sources of error such as lens distortion, variable frame rates and insu cient camera resolutions all
led to our implemented systems carrying error that would be unacceptable for a genuinely trust-
worthy Tennis Analysis System. Signi cantly, such errors are intrinsic to the usage Mobile Devices
for video processing, and thus poses the question: Can the Mobile platform be comfortably used in the

implementation of Tennis Analysis?.
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Chapter 1

Introduction

In the following section, we will highlight the main objective and motivations of this study, as well as

an Executive Summary of what can be expected throughout this report.

1.1 Objective

The objective of this project is to investigate the use of multiple mobile devices for the development of
a Mobile Tennis Analysis system. In particular, our intention is to implement multi-camera tracking

of a tennis ball's movement and bounces throughout a tennis court. By carrying out research and
development in this area, we hope to set the groundwork for the future implementation of a highly

available Mobile Tennis Analysis application for the casual player.

1.2 Motivation

In professional sports, the ability to analyse and critique player performance levels has been revolu-
tionary in how teams and individuals have improved their game[1]. No longer is the focus exclusively
on improved materials, equipment, and training regimes - Instead, elds such as Machine Learning
and Computer Vision have found themselves at the forefront of performance advancement in sport.
Famous technologies such as Sony's Hawkeye are used for their ball tracking and line-calling abili-
ties in competitions such as the US Open, Australian Open and Wimbledon. Since the early 2000s
this technology has seen a gradual inclusion into the sport, with the peak being the 2020 Australian
Open|2], where Hawkeye Live was used to e ectively replace all o cials at the event during the Covid-

19 Pandemic -The professional game is now unrecognisable to previous generatiof8.

Whilst there is no doubting the e ectiveness of these technologies, as well as their popularity
amongst some of the largest sporting franchises, they are far beyond what the casual player can a ord
and expect to use themselves. Hawkeye Live, which makes use of the PA system to issue announce-
ments throughout the game, uses 12 cameras positioned throughout the court to watch the tennis ball

itself, alongside six foot-fault cameras as well as a large amount of both remotely based o cials and
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(a) A serve report produced by Hawkeye, during Wim-

bledon 2005. Image credit: BBC (b) Hawkeye Line Calling. Image credit: Mirror.co.uk

computers to ensure accuracy and smooth operation.[4]

This project is focused on the development of a low-cost tennis performance analysis application.
Swingvision, a popular iOS application providing tennis play analysis, has recently received commen-
dations for its performance as a tool for tennis players to comprehensively review several aspects of
their own game. Despite the application's success, much of what it claims to do is outside of what
would be deemed practical and realistic. For example, Swingvision claims to be able to gain accurate
readings of shot placement for a single's tennis game. The application itself requires that the user's
phone is placed at a point (on a tripod[5]) which can gain a clear viewpoint of the whole tennis court.
This is however extremely di cult unless the camera is placed well above the height of what an average
person can see. The height at which a mobile phone could be placed would suggest a decent viewpoint
of the nearest side of the tennis court, but an obstructed viewpoint of the far side { Bringing much of

what Swingvision claims to accomplish into question.

Figure 1.2: An advertised example of the SwingVision application. Image credit: SwingVision

1.3 Executive Summary

In this report, the belief is held that creating a system to rely on a single mobile phone is a marketing
tactic, rather than a genuine breakthrough in personal tennis analysis. As such, the development of a

system using multiple camera viewpoints around a court is required to create a truly functional tennis

2
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analysis system. Thus, it is the belief of the researcher that there has not been a true breakthrough
in tennis analysis applications for the casual player. With a playing population of about 87 million

people, there is large scope for development in this area.

Immediately following this chapter, a review of the applications and research in the area of tennis
analysis and multi-camera applications to sports in general is included 2. In each highlighted piece of
research, comments on the study's suitability to the casual setting as well as this project in particular,
are included. Also in this chapter, an overview of the Computer Vision theories relevant to this project

are discussed.

Instead of relying on a single mobile phone, this project focuses on using multiple devices positioned
on the tennis posts, where each device carries out its own analysis, with a collective understanding
of the game at-hand generated via the "fusing" of information gathered from each view. In the next
chapter, a full-scale implementation of the targeted system is described, where an illustration of how
a system would be implemented with multiple mobile devices to provide a means of tracking the ball
and the players within a game is also discussed in depth. By carrying out real-time classi cations of
shots made throughout the game, as well providing information pertaining to the movement patterns
throughout the court, the intention is that this system would provide true professional-grade capabil-
ities. To nalise this chapter, a summary of the aspects of this full scale system that this report will

focus on are included (3).

Next, the design of this project's Court Detection system is recounted. This system is designed
with the intention of localising a series of court points throughout the visible tennis court. The
correct operation of this system is crucial to the accuracy of the Multi-View court detection system.
As such, a three-step re nement process for localising each point of interest throughout the tennis
court is described. Following the detection of the tennis court within the scene, a description of the
implementation of the Ball Bounce Detection system (4.2), where each camera view attempts to search
for and track the tennis ball is included. By tracing the movement of the ball throughout the scene,
ball bounces are localised within each view (4.2.2). In order to gain a more complete outlook of the
location of the ball with respect to the court, information is shared via a top down "perspective"
view of the court, allowing the system to more accurately expose bounce locations, irrespective of an
individual camera's view of the court (4.2.2). For each subsection included in this description of the
design of the system, a brief review of the related research in each area is included 4.

Following this, the process of testing the implemented systems is discussed. Beginning with a short
description of the footage used for testing, including comments on the scenarios covered, a detailed
account of the process of gathering ground truth for each piece of recorded footage (with a particular
emphasis on the errors associated) is included. Moving on from this, the various errors intrinsic to the

development of a tennis analysis application within the casual setting are outlined. In addition, the

3
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encountered errors associated with the choice of methodologies for each logical step in the design of
the implemented systems are highlighted. Closing out the evaluation chapter, performance metrics,
results and an accompanying discussion of the performance Court Detection, Single View Bounce
Detection and Multi-View Bounce Detection systems are all included 5.

In this report, a background to the problem and application of tennis analysis, a description of the
chosen methods for court detection and bounce detection (for single and multiple views), as well as
an evaluation of the implemented system's design, and associated nal conclusions are discussed. For
the Court Detection System, it was found that the designed method yielded an overall error of 5
pixels between the detected Court Points and their intended locations. Additionally, it was found that
depending on the lighting conditions, and whether the e ect of variable frame rate came into play, the
accuracy and precision of the Bounce Detection System to detect bounces varied from close to 100%,

to about 60%.
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Figure 1.3: Our system's interface. Top left: Camera view from the left tennis
post. Bottom left: Camera view from the right post. Rightmost: Top Down
(plan) view of the court, via a preset template (Credit to ShutterStock).

Figure 1.4: A detected ball-bounce. Both trajectories from the individual frames
are projected to the planar view. The interpreted bounce location is also displayed

(purple).
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Figure 1.5: Some time later, the detected seventh bounce of that passage of play. Other purple points
indicate previous bounces



Chapter 2

Background

With the objective of exploring the usage of multiple mobile devices for the development of a mobile
tennis analysis system, driven by the lack of availability of a true tennis analysis solution for the casual
player, we must now explore the background of this topic, and the works that have contributed to its

study.

2.1 Tennis

For a complete description of the rules of Tennis, see th&JS Tennis Association

For later reference, an illustration of the standard tennis court is included below:

Figure 2.1: lllustration of the tennis court. Image credit: Tennis Uni

2.2 Previous Work

This section of the paper presents a review of related literature and innovations in the eld. Firstly,
we will focus on the research relating to the requirements of our use case. Following on from this, we
will investigate the implementations of current Tennis Analysis systems, with a particular emphasis
on how applicable each related innovation is to the average tennis player. Finally, we will summarise

those aspects most suitable to build a mobile-capable implementation.

7
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2.2.1 Multi-camera tracking

In Vision-related problems for Sports Analysis, the incorporation of state-of-the-art multi-camera
surveillance techniques has proved to be useful for tracking both the ball and the players in a given
sport. A key problem to face when tracking in sports is to overcome the issue of occlusion. In Tennis,
this is a signi cant problem when attempting to track the game with a single camera, as there will
often be either a player or net in the way of clearly seeing the ball. As such, it is far more e ective to
work towards tracking with multiple cameras. Whilst this paper is concerned with the implementation

of a tennis-based mobile analysis application, we believe that there is value in research papers based
on other sports such as Basketball. For this section we are purely interested in the use of multi-camera

surveillance techniques across sport.

Studies by Nieto et al.[6] and Xu et al.[7] have both focused on di ering techniques for tracking
targets of their respective sports. Each of these studies have placed a strong emphasis on the theme
of multi-camera tracking, and the di culties associated. The former study was dedicated to building
a system capable of automatically detecting and tracking both the tennis balls and players in a game.
Due to the nature of tennis, it was decided by the researchers to position cameras in such a way
that each individual viewpoint would cover an individual player's eld. This way, the fusion process
associated with combining recognised targets in di erent frames was relatively simple as at any given
time, only a single player (in a singles game) would be visible. For a given target, Nieto et al. opted
to combine (average) all of the x and y coordinates, from each camera frame, related to the target,
resulting in "fused coordinates" for 2D tracking. Unfortunately, the study's overly simpli ed approach
gave way to poor and unpredictable results. Due to poorly calibrated cameras with vastly di erent
lenses, there was a signi cant error associated when tracking player movement. Additionally, since
this paper was primarily concerned with player tracking, there was no consideration of partial or full
occlusion in the research. Despite this, the study did nd that a weighted-average approach for the
fusion process would be much more successful, and that cameras raised as high as possible would

(unsurprisingly) result in far better tracking results.

Having learned from Nieto et al's earlier research, Wu et al. decided on a much more complex,
and successful, approach to provide e cient 2D tracking even when targets were occluded in certain
frames. While no details are provided on the type and con guration of the cameras used, this study
does make great improvements in its fusion process to enable 2D tracking in a basketball game. Wu
et al. cleverly adapted a camera calibration approach[8] to essentially calculate a mapping of visible
points between each camera around the basketball court. This gave the researchers a technique of
tracking the basketball within a frame, even if it was occluded by a player. These learned mappings

were calculated ahead of time, by establishing at least seven corresponding points between two cam-

8
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era frames. Combined with Deep Learning-based detection techniques, this intricate methodology

provided Wu et al. with high precision values of about 0.8, when compared to ground truth.

When considering important aspects such as occlusion, we can see that a complex approach such
as what is adopted by Wu et al., is required. In the case of Tennis, an approach that overcomes the

likely problem of occlusion is very worth considering.

2.2.2 Commercial Applications

Since the early 2000s, well known technologies such as Hawk-Eye[9] have been widely used for Tele-
vision Broadcasting purposes, where the real time statistics they measure are presented to viewers
live. Hawk-eye has recently seen more widespread usage during the Covid-19 pandemic, due to its
highly-accurate o ciating capabilities. In the system's original publication, N.Owens et al. claimed

the technology to be a ordable, easily installed and "near real-time" in its operation. At the time of

its original commercialisation, the impressive technology which was made up of four state of the art
calibrated cameras, paved the way for its eventual large scale adaptation across other sports such as
Rugby, GAA and Soccer [10]. While the technology is the pseudo industry-standard for line calling
and performance analytics, it does not o er a product or price range for the average consumer, with
some estimates of its cost being up to 500,000 euros per year for the GAA to deploy it[11]. Such
inaccessibility has prompted a recent popularity in developing more cost-e ective and available Tennis

Analysis and Coaching applications.

Thanks to the ever growing processing power that Mobile Phones are equipped with, analysis
and coaching services for the more casual players are beginning to see use in tennis. SwingVision[5],
an iOS application promising to deliver Professional-grade Tennis analysis capabilities, received com-
mendations in 2021 for its game tracking and score keeping capacity. The product claims to provide
high level information on both the tennis players themselves as well as the tennis ball in motion in
real-time. These details include: the ball speed; spin on the ball; the stroke used; player footwork
and movement patterns. However, when the nature of the product itself is considered, some of these
claims seem outlandish. With the application requiring just a single mobile phone mounted at a height
around which the average person might stand, the ability to discern ball placement from one end of
a tennis court to another, as well as the ability to accurately track the player's foot movement seems
very unlikely. The application features no pan, tilt or zoom capability, and whilst the latest iPhone
camera technology provides a 12MP wide camera [12], the net of the tennis court still occludes a large
proportion of what a single camera can hope to see. We can see that despite SwingVision producing
a coaching and analysis application for the average tennis player, there is still some need for a more

accurate and reliable analysis system.
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2.2.3 Research Applications

Unsurprisingly, many researchers and academics have also sought to create Vision-based applications
for Tennis coaching and analysis. Particularly comprehensive solutions such as O'Connaire et al's
TennisSense[13] as well as research carried out by Messelodi et al.[14], Vinyes [15], and Reno et
al.[16] have all sought to create systems that combine a number of methodologies, aiming to bring
solutions to a host of problems. TennisSense, the oldest of these systems, and a study carried out
in collaboration with Tennis Ireland, set about creating a coaching system to "facilitate e cient
browsing" or events throughout a play session. The system itself made use of a multitude of high
quality cameras, including an overhead camera to "detect moving objects" and provide a clear angle
for visualising "tactical shots and movement." Using the acquired low level data, TennisSense would
detect ball hits and track player movement around the court. While the results for this early study were
promising, it's complicated camera arrangement (nine situated around the court) was unfortunately
restricted to a single indoor tennis court. Additionally, only the single overhead cameras is used for
the ball and player tracking techniques, resulting in very limited data for further processing. With
improvements in camera quality and processing power, studies by Reno et al. and most recently,
Messelodi et al., have all incorporated more sophisticated systems that deliver accurate tracking and
recognition systems that cope well in both indoor and outdoor environments. Both studies make use
of four cameras situated throughout the tennis court to gain su cient data for full 3D reconstruction

of the tennis ball's movement. The purpose of which allowed Reno et al. to accurately identify events
involving the ball. For example: Bounces; racket strikes; serves. Messelodi et al. took this high level
data acquisition a step further by constructing a "Supervisor" module that would extract data such

as the type of Stroke, "player occupancy and movement maps", as well as information relating to the
spin put on the ball. Unfortunately, due to the research being implemented and commercialised as
EYES-ON[17], it is not known how exactly Messelodi et al. obtain these details. Finally, Vinyes et
al. perform a similar high level analysis, except with the addition of Deep Learning-based models
to make in depth classi cations on stroke types and service types. Though the addition of state-of-
the-art models make for an attractive research point; the lack of available data, even when using the

THETIS[18] data set, meant that many of the classi cation's metrics su ered from poor performance.

Rather signi cantly, despite the particular success of Meseloldi et al's study and the research title
suggesting a "Low Cost" alternative, all three of these implementations are still far beyond what a
casual tennis player would hope to use themselves. All of these studies required powerful external
Computers, connected to at least four high quality cameras positioned at exact prede ned locations
on the court. There is no denying these project's applicability to a Tennis Club setting, but for a

quick plug-and-play con guration these systems are no longer suitable.
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2.3 Computer Vision Techniques

2.3.1 Colour Spaces

Traditionally, we represent images using the three channel RGB (Red, Green, Blue) representation.
Whereby, at each point in an image (pixel) there will be a grading of 0-255 for each of the three
primary colours. Whilst it is useful for us to carry separate information regarding each of these
channels, there are other colour representations that allow us to encode colour as a single channel.
Such representations also allow us to quantify variables such as hue (colour), luminance (brightness)
and saturation (colour intensity). We call these images, HLS images [19]. Normally each of these
channels would be represented on a scale of 0-255, though in OpenCVthe hue channel is given
values from 0-179. Signi cantly, the minimum and maximum values of Hue are just one unit away.
See the gure below. Throughout much of this project, we chose to use HLS image representations
due to the ease of use it provides when attempting to restrict the amount of visible colours in the
image. For example, we can anticipate ahead of time that a tennis ball will appear at a Hue of around

30 (yellow).

Figure 2.2: The HLS colour space. Credit: Dr. Kenneth Dawson-Howe

Lhttps://github.com/opencv/opencv
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Figure 2.3: The OpenCV Hue Range. Image credit: OpenCV

Throughout the Development of the Bounce Detection Systenchapter, we will regularly refer to
the act of applying a "mask" to an image. The applied mask is typically a "binary" image. i.e. Black

and white only. This process is described by the following gure:

Figure 2.4: An example of image masking with a binary AND operation.

2.3.2 Region Segmentation

When considering distinct objects within an image, we face the issue of actually deciphering what
pixels are connected to one another. The connected areas are referred to as regions, and unlike what
may initially be assumed, nding these regions is not a trivial problem. Before actually approaching
the problem of labeling distinct regions, we must rst break the image down into two distinct parts:
foreground and background (more on this later). Simply put, the foreground of the image will contain
pixels each with a value of 255, while those background pixels will have a value of 0. Determining

the foreground and background of an image is a whole other problem. Commonly, there are two [20]
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approaches to determining connectedness between any given pixels in a binary image: 4-adjacency
and 8-adjacency. The former considers only those points immediately adjacent (non-diagonal), while

8-adjacency considers all neighbors (eight in total).

Figure 2.5: 4-adjacency (left) .vs 8-adjacency (right)

The issue here is that if we apply either of the two approaches, we do not achieve the intended result.
Instead, the best approach is to use a combination of the two techniques given di erent scenarios. This
gives rise to the Connected Components Analysis algorithm (CCA), which is a two-pass technique
that labels points based on previously neighboring pixels. In OpenCV, CCA is implemented using the

ndContours() [21] function. Below are some example outputs:

Figure 2.6: Logo of Trinity College Dublin. Image credit: TCD

Figure 2.7: Segmented regions found in the image, using OpenCV'sdContours

2.3.3 The Pinhole Camera Model

The most simple model of a camera is that of the Pinhole Camera Model. In this abstraction, the
lens of the camera is seen as a pinhole to a at plane behind it. By taking all light from the scene in
front of it, the pinhole projects the image at hand onto the image plane itself. For this very simple

case, any given point in the 3D world, visible through the pinhole, can be modeled to the 2D plane.
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Figure 2.8: The pinhole camera model. Image credit: Kenneth Dawson-Howe

2.3.4 Perspective Transformations

When each point of the 3D world is projected onto this 2D plane, we are carrying out what is referred
to as aPerspective Projection If it happens that the object at hand is not face-on to the camera, and
we wish to transform the projected 2D image to face directly to the image plane, we can carry out a
transformation known as a perspective transformation By taking four matching points between the
original image and the to-be-transformed image, we can construct a mathematical operation to apply

to the entire image - E ectively translating the region of interest to a face-on view.

Figure 2.10: The same image, with the
Figure 2.9: A sample tennis court image court projected face-on to the frame

2.3.5 Background Models

From a human perspective, detecting moving objects in a piece of video footage might seem somewhat
obvious. In reality, we have to deal with a host of problems such as brightness changes, our distance
to objects, video distortion and background changes. Solving each of these problems, and providing a
framework to robustly deliver the foreground of moving pixels separate to a background is very di cult.
Especially, for example, if the background also happens to be moving. The Gaussian Mixture Model

(GMM), proposed by Stau er and Grimson [22] is an unsupervised learning technique that provides a

14



BACKGROUND 2.3. COMPUTER VISION TECHNIQUES

robust framework for handling background pixels which might observe periodic motion (trees moving,
water rippling). Each point in the scene is de ned as either foreground or background, with each point
handed a weighting based on how often that point has appeared throughout the history of frames.

Those points with a weight higher than a given gure are referred to as background pixels.

Figure 2.12: The extracted foreground of
Figure 2.11: A sample tennis court image the same image

2.3.6 Edges

Edges represent those points of an image where we observe sharp changes in luminance. Whilst for
the human eye the localisation of these points might be trivial, robustly detecting edges of interest
to the user and Itering out others is a task in which a large nhumber of Vision techniques attempt

to solve. In this section we will discuss the localisation of these edge points, as well as the further

processing of such points to identify lines within the image.

Figure 2.13: Single channel (greyscale) image

Edge Detection

With respect to this project, we will consider the detection of images within single channel (greyscale)

images, where each point has a gradient associated to how sharp the change in luminance is. First
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