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Abstract

In elite level sportcoaches are always trying to develop tactics to better their
opposition. In a team sport such as field hockey, a coach must consider both the
strengths and weaknesses of both their own team arat thf the opposition to

develop an effective tactic. Previous work has shown that spatiotemporal coordinates
of the players are a good indicator of team performangg the manual extraction of
player coordinates is a laborious process that is impradiica performance analyst.
Subsequently, the key motivation of this work wasige a single camera tapture
two-dimensionalposition information for all playersn a field hockey pitch

The studydeveloped an algorithm toautomaticallyextract thecoordinates of the
players on a field hockey pitch using a single vadgle cameraThisis a nontrivial
problemthat requires: 1Segmentation and classification @fet ofplayersthat are
relatively small comparedb the image sizeand2. Transform&ion from image
coordinates to world coordinates, considering the effects of the tistortion due to
the wide-angle lensSubsequentlytie algorithm addressed these two points in two
sub-algorithms Player Feature Extractiaand Reconstruct World Points

Player Feature Extractiarsed background subtraction to segment plaptb

candidates irthe frame.61% of blobs in the dataset were correctly segmented, while a
further 15% were ovesegmented. SubsequentlyGonvolutional Neural Netwonkas
trainedto classify the contents dflobs.The classification accuracy on the test set was
85.9%.This was used to eliminate ngrlayer blobs and reform ovesegmented blobs.

TheReconstruct World Poinsub-algorithmtransformed the image coordinates into
world coordinates To do so théntrinsic and extrinsic parameters weestimated
usingplanarcamera calibrationTraditionally the extrinsic parameters are optimised
by minimising the projection error of a set of control pointsvas shown thathis
calibration method is suoptimal due to the extreme camera pose. Instehd
extrinsic parameters were estimatdxry minimising the world reconstruction erroFor
a 1:100 scale model the median reconstruction error was 0.0043 m and the
distribution of errors had an interquartile range of 028 m. The Acceptable Error
Rate,the percentage of points that were reconstructed with less than 0.005 m of
error, was found to be 63.5%.

Theoverallaccuracy of the algorithm was assessed using the poecesid the recall. It
found that players could be extracted within 1 m of their ground truth coordinates
with a precision of 75% and a recall of 66%. This is a respective improvement of 20%
and 16% improvement on the statd#-the-art. However i also foundthat the
likelihood of extraction decreases the further a player is from the camera, reducing to
close to zero in parts of the pitdhrthest from the cameraThese results suggest that
the developedalgorithm is unsuitable tadentify player coordinates the extreme
regions of &ull field hockeypitch; however this limitation may be overcome by using
multiple collocated cameras focussed on different regions of the piguoally, the
algorithm is sport agnostic, so could be used in a sport that usesadler pitch.
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1 Introduction

1.1 Overview of Project

This PhD has been completed as para iroject, sponsored bihe Engineering and
Physical Sciences Research Council (ERBRfZ)eering and Physical Sciences
Research Council 201and the English Institute of 8g (EISJEnglish Institute of

Sport 20173a)to improve performance in Olympic Sport. Field hockey, one of the
Sp}ESe 0 § (}E h< "%}ES+[ t}EO o0 (UNSER{RET) v @ WE
was granted two PhDs to improve the likelihood of achieving a medafurefu
Olympics. The first dhese (Mclnerney 2017)investigatedthe performance metrics
that predict the outcomes in elite field hockdylost of these performance metricare
formulated fromthe %. 0 Cpit@h[eoordinatesat an instance in timeSubsequently

this PhDattemptedto automate the process of playepordinateextractionusing a
single cameraa necessary step for GB Hockey to calculate the defined performance

metrics

1.2 What is Field Hockey?
(Dictionary.com 2015) « E] « (J] o Z} 1 C «~ P u %0 C }v & :

having a netted goal at each end,which two teams of eleven players each compete

in driving a small leather } A & oo ]Jv8} §Z }SZ E[* P} o_X dzZ § u
most goals is declared the winner. While similar games have been played around the
globe for 4000 years ago, the modesport developed in English schools during the

18" century(International Hockey Federation 2015)



International field hockey is played on a 91.4 m x 55 m artificial pkaju(el.1). The
pitch must be uniform in colour with white line marking$ie game consists of four 15
minute quarters, with a change in sides at Hatfie. In the modern game thedtl is

made of solid plastic.

) 91.4m '

Figurel.1l: Thecoordinate system used throughout this thesis and the dimensions of a hockey pitch.

Each team consists of ten outfield players, who wear matching uniforms, and a goal
keeper, who wears a different uniform. The opposing teams must wear different
coloured urnforms. To ensure this, each team seeraldifferent coloured kits
available to them. In addition, two umpires wear uniforms that contrast with both

teams.

The International Hockey Federation (FIH) is the world governing body for the sport.
dzZ C #8A)} E ]* S$Z Po} o0 «§ Sue v %nénptond Hockey( ,} | C.
Federation 2015) v Z A Auv 8 8}e3X% EpPpo $]}ve X dZ C JEF
international tournaments, the pinnacle of which is the quadrennial Olympic

Ju% 3]8]}vX dZ (]J]E+3 u v[* KoCu%] }Ju% 3]3]}v A « Z o
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dZ A}u v[* Pu Z 38} A ]S pvd]o 8Z i0o0akditsefirsA P u « 3} u
%% E v X 'E § E]S]Jv ~" 9, } 1 Cle "E *%}ve] o (}E 57
ulj]v]esS&® SJ}v }(zZz} 1 CJv ' & § E]S]Jv &E oS S8} SZ -epuu

(Great Britain Hockey 2015 collaboration between the hockey federations of
vPo v U N }So v v t o athid theuutimate performance goal for

ZY1 CJv'E & E]3]vU KoCu%] 'u e ep X

1.3 Performance Analysis within GB Hockey
dz [/~ 8§ 8§ §Z § "W E(}EuU v VOCe]e ] *% ] o]*S ]¢ ]9

observations to enhance performancadiimprove decision making, primarily
delivered through the provision of objective statistical (Data Analysis) and visual
( | ~s] } v o(€ndlshAnstitute of Sport 2017K) dZz ' ,} | C u v|[e

v A}lu v[e & uUe % ES3] ]% 3 ]v S}uEvV u vie E}uv 37 A}C
analyst travels with each team to generate objective and vifeealback. They film
matches with a single High Definition Pan Tilt Zoom (Ad@&pcamera, which enables
them to achieve high pixel resolution images of areas of interest. The filming position
varies between matchesnd is often unknown prior to arrivaPostmatch, the videos

E Z} []vSZ % E(}EU VvV V 0 C «{SpengtsA2aBmwitheo } E S+ }
timestamps of key events that have been deemed indicators for success. This is an
indexing process that allows easy retrieval of video segments of interest for the coach

and gdayers to review.

In addition to the video analysis, GB Hockey players wear a Ca(&@attigtpult 2017)
'o} 0 W}e]8]}v]vP "C*S u ~"W"e pv]s pE]JvP SE& Jv]vP Vv u
spatiotemporalcoordinateat 10 Hz. Specific to field sports such as hockey,

3



spatiotemporal tracking of players is a vital tool used in the assessment of
performance(Leser et al. 2011)his data can be employed at the micro level, to
analyse the physiological demands on a player, or the macro level to infotireo

formation and tactics a team is employing.

} Z A 0}%se+ S u[e 3 8] e+ 8} oJuls8 3EZ A v ee o ]v 3Z ](
exploiting those in the opposition team. Only through understanding both teams can
this be effective. While the playersather elite teams also wear GPS units during
matches(FIH 2014)the performance benefits of having access to the data means no

data sharing agreement exists.

Camerasre an unintrusive hardware solution thatan, with accurate calibration,

% E}A] %0 C E[* *% 35]}5 U%}E o & A]SEIMS $Z v (}
sensor.The lack of a necessity for a worn sensor means that positional measurements

can be collected for both teasssimultaneously! ,} | C[e pe }( Wde u &
allows a focus on a single event, while sacrificing the comtexdsshe entire pitch

E o 3]A 8} 8Z]+ A v3X /8§ ]e 8Z]e }v8 /ES 3Z 5]+ Als 0o (J@E
play and as such developing tactics that counter these patterns. A single static camera

or network of static cameras that cover the whole pitch gaovide thiswhole pitch

context.

FIH regulation does not limit the performance analysts to a single camera; however
they areusualy restricted to a single camera position. Further to this, the regular
travel demanded by international hockey means the installation and use of a

distributed multicamera system is impractical. Therefore this thesis will focus on



providing individual playeroordinatesusing a single camerkigurel.2 illustrates the

camera position used to collect the video footage used throughout this thesis.

(A)

90
80

Y (m) 10 10 X (m)

Figurel2 ~ « dZ % E(}E&u v v oX~4&3 m, 3 -15m}X=¥m) at a recent international field
hockey tournament. (B) A video frame captured from a camera located at the position in (A)

1.4 Automation of Vision Based Performance Analysis
Manualy locating an object in each frame of a video is a timensive proess.Due to

the difficulty ofidentifyingthe movements of thecorrect player in a group of players
anecdotal evidence suggests thatcuratelyidentifyingone player at 5 Hz for a 15

5



minute quarter of field hockey takemn averagelO hours. Assuming kndedge of all
22 players is required, it is impractical for a performance analyst to mandatiyify
Z }(8Z %0 C E[* }}E Jv § + CETerebir if GB Hatkey|is & S E

use the performance metriagefined by(Mclnerney 2017)it isa necessity thathe

time dedicated tadentification is vastly reducedl'he automation of thedentification
processusing computer vision techniqueguld reduce this timeSubsequentlycB
Hockeyrequiresa computer visioralgorithm to accurately extra¢he spatiotemporal
coordinatesfor each ofthe players folboth teams on a hockey field using a single

camera.

1.5 Thesis Roadmap
Figurel.3illustratesthe high level algorithm requiredto £ESE 3§ 3Z %0 C E[+ A}

coordinates fran match footage The algorithm can be decomposed il&sub-
algorithms: 1) Player Feature Extractioand (2) Reconstruct World Point3 his thesis
will consider both of these sualgorithms.SubsequentiChapter 2 highlights the key
existing literature ér these twocomponens. Chapters 3 and 4 fas on Player Feature
Extraction. Chapter 3 identifies a suitable method of segmentation for a field hockey
dataset. Chapter 4 proposes the use of a convolutional neural network to classify if a
segmented blob @ntains a hockey playe€hapters 5t 9 consider Reconstruct World
Points. Chapter 5 presents a novel method for identifying abetrld known points

on a calibrated plane. Chapter 6 shows tfrain the expected camera poske
reconstructionaccuracycan be improved by minimising the transfaatron from

image coordinates to world coordinates. This is contrary to literature where the

inverse of the transformation from world coordinates to image coordinates is typically



used. Chapter investigates theffect of control point identification errors on the
reconstruction accuracy. Chapter 8 investigates the effect of camera hardware on the
reconstruction accuracy. Chapter 9 determines the effect of camera pose on the
reconstruction accuracy, important farperformance analyst to determine the
suitability of their capture positiorfrinally Chapter 10 analyses the accuracy with

which the player coordinates can be extracted.

Calibration
Frames
Match Player Feature Image Reconstruct World
Footage Extraction Coordinates World Points Coordinates

Figurel.3: The algorithm to autonate the process of player coordinates extraction. Data is indicated by
parallelograms. Sualgorithms are indicated by rectangles.

1.6 Research Outputs
The following was published as part of this work:

x Higham, D., Kelley, J., Hudson, C., & Goodwill, S. R. (2016). Finding the Optimal
Background Satraction Algorithm for EuroHockey 2015 VideoPhocedia
EngineeringVol. 147, pp. 63®42)



2 Literature Review

This chapter investigates the previous research into vision basedsgpayer tracking.

It begins by highlighting the requirements of a fsemance analyst and the

constraints of an international hockey tournament. It then investigates existing camera
based performance analysis tools. These tools share a common workflow: (1) Extract a
feature representation for each of the players in a singlage, (2) Transform the

spatial representation from image coordinates to world coordinates, and (3) Associate
detections across multiple images into trajectorigéhis thesiss only concerned with

the first two of these and as suchsactionof this revew is dedicated to each. The

chapter concludes by reiterating the aim oktthesis and listing the objectiveisat

are needed to achieve this aim.

21 fUtvefe. f efZse—ie I —<"Fefe_o

GB Hockey requires a system that can accurabeisactall the playes of both teams

on thehockey field. The accuracy of an extractaystem ighe percentage of the

detections that match thérue locationsof the players howeverthis requires a

threshold to determine the maximum distance permitted for a detection to match a

true locaion. This thresholdlistance the acceptable range, should be selected based
uponthe needs of the systeniHere, this is hownuch positional error aabe inthe

% 0 Ccoddinatestor the data still to be useful for tactical analygislcinerney
2017)notesthat in field hockeythe acceptable@E vP ]¢ % v VvS (J%6P6s & Zv SZE

of the player and suggests a level of +0.5 m is reasonable given the reach of the stick.



Data capture at international hockey tournameigsconstrained by

1. The analysis position provided by the tournament organisers. This position is
not standard across tournaments and is unknown a priori.

2. Theavailability of space in which to place the equipment. The performance
analysts normally have to share the space with the performance analysts of
the other nations competing in the tournament.

3. The internationatransportation and installatiowf the capture equipment.

The performance analysts do not have prior access to the stadium and must

setup and pack down all equipment for each match captured.

Given these constraint§B Hockey requiresingle camera solutiothat can easily be

deployed in stadia around the world

Figurel.2illustratee $Z % E(}E&u v Vv 0Ce3[e 0} 3]}v Ecamt3]A

international tournament &= 48 m,Y=-15 m,Z=7 m).

2.2 Existing Vision Based Performance Analysis Tools

Research specifically on the tracking of hockey players using vision based methods is
limited; however the dimesions of the field of play and the problems encountered are
similar to those experienced in other field sports. Therefore this literature review will
investigate tracking in all field sports and particularly in football, where a lot of

research effort haseen dedicated.



Vision based performance analysis approaches are common-t@mipetition data

collection as they are umtrusive and allow capture of the players on both teams.

They record a scene with one or more video cameras. The footage, the seqoienc

Ju P e %SuyE U Vv SZ v Z} [ 3} %E}A] dacks§z E v ()
SZ %o 0 cQortatesin the scene. Some commercial systems, such as Sportscode
(Sportstec 2015)sed by GB Hockey, provide an easy interface for indexing of video

and key performance staics. Others, such as STATS Spof8BAATS 2013Qd an

element of computer vision to minimise the need for human interaction in the

coordinate identificatiorprocess. Throughout this thesis the term camera will be used

to refer to digital video cameras.

Currently the performance analysts at GB Hockey capture the matches using a single
Pan Tilt Zoom (PTZ) camera. This is a compact solution that can easily be transported
and installed at a venue as required. It allows the astaly focus on a particular

region of interest at the expense of limiting the field of view. piteh coordinatef
players outside the field of view are unknown. Further to this the use of a PTZ camera
makes extracting worldcoordinatesmore time-consumng as a model to transform

from image coordinates to world coordinates must be estimated for each image.

STATS SportMSTATS 201,79 commercial football solution, estimates t{i§ Y)
coordinatesof each player at 25 Hz ing three collocated static cameras. Each camera
is focussed on a different section of the pitch to ensure full pitch coverage. The system
can be extended with a second three camera installation to protridese-dimensional
coordinatesand reduce the likelZz}} }( } ope]}vV coordmat€sb&ng

unknown due to another player passing between them and the camera. However the
10



SportVU license is expensive (£X8D for three years) and the system requires a
semipermanent installation of the cameras in the stadium. In addition the system
requires installation at the midpoint of the long dimension of the pitch. As noted
earlier it cannot be assumed that the perfoance analyst will have access to this

camera location. For these reasons SportVU is an impractical solution for GB Hockey.

Other performance analysis systems extract player trajectories from broadcast footage
(Beetz et al. 2007; Liu et al. 2006; Tong et al. 2011; Lu et al.. 20%3e solutions are
popular as they do not require specific filming accékswveverbroadcast footage is
typicallycaptured using a PTZ camera and suffers the same limitations as the
% E(}EU V V 0Ce*S[* JFederejalll? has a Agrrov angle of view and the

u @ [* S8 vS]}v (} pee « }v §Z 00X tZ]o ingApectatdre (}E u
viewing,it does not allow a%. 0 Cadlibhsto be analysed ithe context ofthe entire
pitch. This widewiewis necessary when assessing and developing taEtictherto
this, broadcast footage afompletefield hockeymatchesis rarelyavailable For these
reasonsproadcast footage cannot meet the requirements of GB Hockey and will be

discounted from further consideration.

Another solution is to usa single static camera that captures the entire pit&h.

standard camera lens iedigned to be a rectilinear projection; it projects straight lines

in the world as straight lines in the image. The maximum field of view of a rectilinear
camera lens is approximately 12Zhang 2016 A u & [« & <«p]E vPo }( A]

be calculatedby Equations (1) and (2)

#JCHK/EBEAISt—f?ﬁt—:N @)

11



NL ¥:6 E <6 2
Where =is the width of the pitch, ; isthe Y component of the camera position, ard
is the Z component of the camera positigaiven this equation and the camera
position inFigurel.2, the required angle of view is approximately 140°. A rectilinear
camera lens is insufficient to capture the entire pitch from this position; therefore a
wide-angle lens must be used. A widagle lens is designed to have a wider angle of
view by following a different projection model. The distortion due to this projection
model must be corrected before accurateordinates can be extracted. The projection

model and methods for correcting it are considered®ction2.5.

(Erdmann 1992)escriled a method to extract kinematic data from football and
athleticsusingawidevPo 0 veX dZ]e u $Z} u vy ooofrdimd@td(] %00
using a grid system but only at a low spatial resolution. This was a time consuming

process that required markgs that are not FIH compliant.

(Hudson 2015)sed a wideangle lens to assess the clean swim phase of a swimming
race. To do so he automatically estimated the swimnoexerdinates in an Olympic
swimmingpool. While the principle remains the same when applied to a hockey pitch,
the area is approximately four times larger than an Olympic swimming pool (50 m x 25
m). As a result, assuming the same camera position a wider angle of view is required

and the relaive size of players in the image is smaller.

d} §Z u3Z}E[e IvVIAo P 8Z E ] v} A]-3]vaRgElenst@® Z Jv3
capture an entire field sport pitch with the aim of automaticadktractingthe

coordinates othe players.This leads tohe aim of this thesis:

12



Develop the algorithm necessary to extract player coordinates from footage

captured with a single wideangle camera at a field hockey tournament.

Most Multi Object Tracking(MOT)systems use a similar algorithim that illustrated in

Figure2.1. This algorithm is composed of three distinct slgorithms:

x Player Feature ExtractionDetect each playein an image and extra@
feature representation. Typically this feature representation is the image
coordinatesbut may also incorporate appearance statistics.

X Reconstruct World Points Transforma set ofimage coordinates to world
coordinates. This requires a camera model.

x Trajectory Formulation- Associate extractions into temporal trajectories.

Calibraticn
Framas.

Reconstruct Waorld
Image Points /L) Paints 7/ World Points /
Match Flayer Feature 4{
Footage Extraction
Trajectory ! Player /

Appearance

Model / = Farmulation Trajectories

¥

Figure2.1: Orange: The scope of this thesis, th&yorithm to automate the process ofoordinatesextraction.
Data is indicated by parallelograms. Saltgorithms are indicated by emboldened rectangl€ghe algorithm is
composed oftwo sub-algorithms: Player Feature Extracticand Reconstruct World Poirg White: How
coordinates extraction may fit into a Multi Object Tracking framework.

The scope of this thesis Blayer Feature Extraction and Reconstruct World Ppihés

part of Figure2.1 highlighted inorange Subsequently, the following sections of this
chapter investigate previous research into Image Point Extraction and Reconstructing
World Points; however first, the negection will investigate the possible camera

assembliesmnd assess their ability to achieve the aim.
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2.3 Camera Assembly

Thecameraassemblyis defined as the combination of the camera and the lens system
used. The camerassemblynust meet a set of criteriaotbe suitable to achieve the

aim. The most important criterion is a sufficient angle of view. As highlighted in the
previous section an angle of view of approximately 140° is required. If this criterion is
not met, the angle of view will not cover thethole pitch and thesolution would not

be suitable forall required camerapositions

A second criterion when choosing the camassemblyis the resolution of the

camera. Presently the most common camera resolution is High Definition (HD), 1920
pixels x 108 pixels; however Ultra High Definition (UHD) is becoming more prevalent.
UHD defines two different resolutions: (1) 4K which has 4 times as many pixels as HD,
3940 pixels x 2160 pixels, and (2) 8K which has 4 times as many pixels as 4K, 7680
pixels and 430 pixels. Generally 8K cameras emerentlyonly used irfilm production
environments but 4K cameras are becoming more conventional in consumer
electronics. If the image resolutiondsubled in both dimensiondor example from

HD to 4K, it followghat an object in the image will be represented by 4 times as many
pixels. This larger representation will be more descriptive of the true shape and
texture of the object and as such a more accurate feature model can be extracted. This
is especially appard here, as the players are relatively small compared to the pitch

and so have small pixel ared$e increase in resolution comes at a cost. It results in
larger files, a lower framerate for the same data bandwidth torcpixelwise image

processing algithms, an increase in computation.
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Another criterion is the quality of the footage produced by the camera. Ideally each
image in the footage is a true representation of the scene at an instant of time;
however the quality of the image produced is dedent upon thequality of u & [

sensor, the optical system and the compression of theidat

A camera sensor is a matrix of photo sensor cells that convert light into electrical
charge. Each pixel in the image is formed from the electrical charge froath ar

group of cells. Increasing the size of a photo sensor increases its light sengtavis|
et al.2006)thereby increasing the sign#d-noise ratio, resulting in a more accurate

image.

The optical system of the camera focusses light from the scene onto the sensor. As
noted in the last section, wide angle lenses follow a different projection miadel
achieve a wider angle of vieat the expense of added barrel distortiadon-linear
camera calibratioomust be applied to estimate and then correbis distortion

Optical aberration is the departure of the performance of a lens from the predictions
of the projection model. It is caused by the ligham a single point not converging on
a single point on the sensor and leads to blurring of the imAgdens should have

minimal optical aberration so the images are crisp and blur free.

Once the image he v E § U &z u @ [+ 8§ v A] 8Z v <3} E
determine how the images are formed into footage and written to memory. Typically

the data bandwidth and storage capacity are not sufficient to produce footage from
sequences of the raw imag. Subsequently compression must be applied to footage,

potentiallyresulting in lower quality images.
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The final criterion is the practicality of a performance analyst using the camera. A
performance analyst is expected to capture footage of a matailiweather

conditions, from an unpredictablenalysidocation, with limited spaceat stadia

around the globe. Consequently the camera must be relatively robust to the elements,

adaptable to viewpoint, compact and easily installed at a venue.

The fivewidely availableeamera types ifable2.1 were assessed using the outlined

criteria.

Table2.1: Criteria Matrix for the five camera types considered.

Camera Example Required Angle | Maximum Image Quality | Practicality
of View Resolution

Camcorder Sony FDRRAX33(Sony No 4K (3840 x 2160) | Medium High
2017)

Camcorder + wide | Sony FDRAX33 + Raynox| Yes 4K (3840 x 2160) | Medium High

anglelens adaptor | HDR2800OESSony 2017,
Raynox017)

Action Camera GoPro Hero 3+ Black No 4K (3840 x 2160) | Low Medium
(GoPro 2017)

IP Camera Axis P142& (Axis No 4K (3840 x 2160) | High Medium
Communications 2017)

Machine Vision Basler acA380@4uc + Yes 4K (3840 x 2748) | Very High Low

Camera C12504185 (Basler
2017a; Basler 2017b)

The camcorder alone does not provide the sufficient angle of view; therefore the wide

angle lens adaptor is necessary. This vadgle lens adapter, which is mounted on the

front of existing lens system, causes optical aberration close to the periphésy of

circular image. Despite manufacturer claims, the angle of view of the action camera is
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not sufficient. No wideangle 4K single IP cameras were available. The necessary angle
could be achieved using a HD IP camera, but due to the drop in resolutios this
deemed unsuitable. As only the camcorder with walegle lens adaptor and machine
vision camera provide the required angle of view, only they will be considered with the

further criteria.

Both cameras can achieve at least a 4K resolutionnfdwhine ¥sion camergrovides

the higher image quality. It has a larger sensor and it provides a stream of
uncompressed images. This gives a high image quality but consequently a high data
rate, so more storage is required. The image quality ofcmacordemwith wide-angle

lens adaptor is lower. The sensor is smaller and it compresses the images when
forming them into a sequence. An advantage of this is a reduction on the amount of

necessary storage.

Practically thecamcordemwith wide-angle lens adaptor is suger. It has built in

storage and batteryso can act as a standalone unit. It has optical zoom so the analyst
is able to maximise thangle of viewdependent upon camera location. Theachine

vision cameraequires external storage and is powered over 3%Band as such
requiresadditional hardware The performance analysts often have to work in

restricted space, sadditional hardwaras not always possible. Tineachine vision
camerauses a fixed focal length lens and so has no optical zoom. Even setlog

lenses the performance analyst is unable to make small changes to the focal length to

maximise theangle of view
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Given the practical considerations it is deemed that ¢hencorderwith wide-angle
lens adaptor is the most suitable camera to captiwotage at field hockey
tournament. The rest of the chapter will investigate thab-algorithms necessary to

extractplayer coordinategrom this footage.

2.4 Player Feature Extraction

The first step in theoordinates extraction workflow presented ifigure2.1 is to
extractthe image coordinates fagach player in a frame. This can be divided into: (1)
detect each player in an image and (2) extthet %0 C E[* }}A8S siehghis
section is split into two subsections. The first subsection investigates methods for the
detection of players in the image. Given these detections the subsequent subsection
exploresmethods to extract the coordinate§ hioughout this review, player will be

used a general term for any person on the pitch. Typically this includes the players of

both teams and the umpires.

2.4.1 Player Detection

Player detection is finding the regions of the image that are players. These regions,
also called blobs, should encompass all of the player pixels, while minimising non
player pixels. This allows the extraction of a reliable player representation with limited
non-player noise. Player detection is similar to the field of pedestrian detectitwich

is in turn a subset of object detection. This review will focus on player detection
methods, but will be supplemented with some more general object detection

research.
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A lot of research has been focussed on pedestrian detection. Much of thighis field

of autonomous vehiclesvhere a static camera cannot be assumed. The most
advanced dataset is the Caltech Pedestrian Detection DatBsdiér et al. 2012)This
dataset provides footage of resolution 640 pixels x 480 pigajstured from a camexr
mounted on a vehicle moving in an urban environment. In the footage any pedestrians
of at least 20 pixels in height are annotated. Pedestrian detection algorithms are then
assessed by the average misse of the annotations given 0.1 false positive

detections per imagéDollar et al. 2012) Considering pedestrians of size&@Dpixels,

the expected size dhe hockeyplayers irnthis work the stateof-the-art achieves a
average missate of 33%Du et al. 2017)Howeveras noted in(Carr et al. 2012 )state
of-the-art algorithms struggle with the complex body poses observed in hockey. This
dataset is not representative of these poses and so inferior resulttodre expected

on hockey poses.

Generally object detection algorithms can be further decomposed into twe sub
algorithms. The first sublgorithm segments the image into potential regions of
interest. The second sudilgorithm classifies these potential iegs of interest by

object type.

Segmentation Algorithms

The simplest method for region finding is the exhaustive search. As u§¢mia &
Jones 2004; Dalal & Triggs 2Qa8)s supposes that an object can be any part of the
image. Therefore the image is split into a set of-suhges andhe algorithm applied
to each submage. As the relative size of the object in the image is not fixed, the

operation must be repeated at a pyramid of different satage sizes. This is
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computationally expensive and becomes even more so as the resolutibe ohage

is increased.

Selective searcfUijlings et al. 2013)se a greedy algorithm to group initially small
regions into larger region@igure2.2). The grouping is based on a variety of
complementary measures. Selective search reduces the computation expense and the
number of regions when compared to exhaustive seahdwever it still requires

analysis at different scales.

Figure2.2: The output of the selective search algorithm at four different scalédogified from source: (Uijlings et
al. 2013)

Exhaustive search and selective search make no assumption on the contents of the
image. A field hockey pitch must be of unifocmlour; this fact can be exploited to
define a model for a pitch pixel. If a pixel matches this model it is defined as a pitch

pixel, or more generally a background pixel, and is deemedimienesting. If a pixel
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does not match this model it is defined asmonpitch pixel, or more generally a
foreground pixel, and is deemed interesting. By applying this approach, the algorithm

to find regions of interest can be decomposed as:

A. Classify each individual pixel as foreground or background.

B. Groupforeground egions ofpixels into player regions.

(Seo et al. 1991 etermine the pitch colour for each of the red, green and blue (RGB)
channels as the peak tieir respective histogram over all image pixels. A pixel is then
defined as background if each of the channels is within some threshold of this peak
and the green channel is greater than both the red and blue chafiekin & Tekalp
2003)propose an algorithm that is robust to variation in the dominant colour of the
field, weather and lighting conditions. Howewbe pitch markings aralso adifferent

colour to thepitch colour and as such are classified as foreground.

An alternative is to model regions of the background individually, thereby having a
different model for the pitch markings. As a static camera is to be used, it can be
assumed that a pixel is alwagapturing the same physical point of the background.
Subsequently a model can be developed for the background at that pixel. If any
deviation from this model is detected the pixel is classified as foreground. An algorithm

that learns this model is knowrsa background subtraction algorithm.

In general background subtraction algorithms find the difference between the current

frame and a model frame. This model frame may be as simple as the previous frame or

may be more complex, such as modelling each pixe }o}uE <35 §]5] « C e
Mixture Model(Stauffer & Grimson 1999; Zivkovic 200%pbral & Vacavant 2014)
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review the stateof-the-art in background subtraction. C++ implementations ofhgna

of the algorithms are available é5obral & Bouwmans 2014)

(Higham et al. 201&)ptimised seven pixelise background subtraction algorithms
and one generic background model algorithm for a field hockey dat@kete eight
algorithms were choseffom aset of approximately 3@lgorithms due to their

existing use in sports video analys$isr each algorithithe performance affecting
parameterswere optimised using particle swarnptimisation(Kennedy & Eberhart
1995) The number of individuals in the swarm and the number of generations were
taken from(Erik et al. 2010)The results, displayed Figure2.3, indicate that the
temporal median/Cucchiara et al. 20083turns the highest fscore a measure of the
accuracy of the pixdevelclassification. The assessmeniteria for segmentation are

discussed in the following section.

Z 8§Z (B SZ v SZ %y (onHoynihgeduEne 2011modelled its uniformity. A

3 x 3 kernel is moved over a grayscale image and the variance computed. $aGaus
Mixture Model is then applied to each pixel of this variance image, thereby learning

the expected variance at a pixel. However as the resolution of the image increases, so
does the likelihood that a player will have an area of uniformity the sitleeokernel.

Subsequently the size of the kernel should be dependent upon the image resolution.
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Gaussian Mixture Model (Zivkovic) | 1

Gaussian Mixture Model | |

Average Gaussian | |

Temporal Median | .

Dominant Color | 1
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Figure2.3: The Fscores for background subtraction algorithms optimised on a field hockey tournament dataset.
(Source(Higham et al. 2018)

Once the pixels have been classifitte foreground pixels can be grouped to form
blobs. This is performed g 8- }vv 3]A]JSCX /( vC }( % ]Z&A& o[ 6 Vv ]P:

foreground they are labelled in the samebl

Due to acoincidentalsimilarity between a player pixel and the background model a
player may be ovesegmentedFigure2.4) into multiple separate blobs. An approach

to resolve this is proposed {intille & Bobick 1995)They merge any blobs that are

within a specified pixel diance of one another. Another approach is to close the
regions between the blobs using morphological operations. Both of these methods are
parameterised to the size of the player. As a large range of player sizes is expected, a
single parameter cannot rebe all cases. Instead a range of parameters should be
used dependent upon expected player si¥etneither of these methodgonsidersf

semantically the blobs should be merged.
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Under-segmented

Figure2.4: Oversegmentation occurs when one ground truth blob is segmented into multiple blobs. Under
segmentation occurs when multiple ground truth blobs are segmented as a single blob. (Figure modified from
original (Mazhurin & Kharma 201p)

Conversely player may be undesegmented; their blob is larger than expected
(Figure2.4). Forexample this may occur when strong shadow is also segmented
from the backgroundUndersegmentation may also result iwo otherwise
unattached player§orming a single blobThis means that neither player has an
accurate feature representationit maybe possible to resolve undeegmentation

using an open morphological operation.

A special case of multiple players in a single blob occurs when a player occludes
another. As demonstrated iRigure2.5, occlusion occurs when an obje@t passes
between object®and the camera. The pixels of both objects are declared to be of
interest, yet the model cannot distinguish one from the other; therefore the objects
appear as a single blob. At the foreground/background model level this is the correct
segmentation. It igt the blob semantic level that thisincorrect. Therefore

throughout this thesisa blob similar to this will be treated as a correctly segmented

multiple player blob.

24



(A) (B) ©

Figure2.5: An example of occlusion. (A) The green cube overlaps the red cube ix &l y-axis, but not thez

axis. (B) When the cubes are projected onto ttveo-dimensionalimage plane the depth information is lost and

the red cube @cludes the green cube. (C) The cubes both deviate from the background model, so form one large
segmented blob. (Produced usin@GeoGebra 201Y)

Generally there are three approaches to handling occlusions: (A) Treat the players as a
single entity, with a singlset ofcoordinates, (B)Predictcoordinates for the occluded

%0 C E*U }E ~ » 33 u%S S} chofdEingtes withnah&bohQt i€E [

clear that of these (A) is the simplest, yet it does result in the loss of individual player
extractiors for the period of occlusion. (B) retains individual plagdractiors,

however the prediction accuracy decreases over time so this methadyssaitable

for short occlusions. Under full occlusion (C) becomes very difficult. As such in the case
of small occlusions it is preferred to split the players, however for the case of nearly

full occlusion(B)is preferable for occlusions that persistfonly a short period of

time, while (A)is preferredfor temporallylonger occlusions

(Seo et al. 1997ttempt to resolve occlusions using histagh backprojection (Swain

& Ballard 1991)This method identifies how well the pixels or subset of the pixels in
the blob meet the distribution of pixels in a histogram model. Due to the similarity
between the histograms of players on the same te&8eo et al. 1997%)ote that this

method can only be used to resolve occlusions between players from opposing teams.
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As with undersegmentation, in small cases of occlusian@phological operation

may split the playerqFigueroa et al. 2004rode the blob and then conditionally
thicken the new blobs back to the original blob contodys. illustrated irthe third row

of Figure2.6, good results are observed when only a small part of a player such as a

single leg is occluded.

1
Ll

1
L

Figure2.6: The blob splitting algorithm proposed iFigueroa et al. 2004Yop Row: The original image. Second
Row: The segmented players. Third Row: Blobs split using morphological operations. Bottom Row: Blobs split
using the blob graph. (Modified from sourcéFigueroa et ak004)

For casesvith alargerarea ofocclusion (Figueroa et al. 2004)se a blob graph to
determine the number of players in a blob. The blob can then be split vertically or
horizontal based upon the expected number of play@sttom rowFigure2.6). Due

to the blob splitting method, they only consider this method viable for blobs of two or
three players. If a blob cannot be split, tbentained playes aretreated as a single

entity.
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(von HoyningerHuene 2011¥plit multiple player blobs by finding the maxima of the
convolution ofthe blob with a rectangular kernel the size of a typical player. This
approach is only accurate in cases of limited overlap, for example it will fail when one
player is directly between the camera and another player. Also the use of a kernel
assumes the lpyer is upright, an assumption that is not valid &ihockey poseg¢Carr

et al. 2012)

In conclusion, this section investigated segmentation algorithrask@ound
subtractionprovides a method for extracting foreground pixels when using a static
camera. Many different background subtraction algorithms have been proposed in
literature. An investigation should be performed to find the most accurate of these
methods for the task odegmentingield hockey This segmentatiortan lead to
incorrect blobsdue to undersegmentation, ovesegmentation or noiseThe next
section will investigate methods to assess the accuracy of the segmentation. The

subsequensection will consider ways to classify the contents bfob.

Assessment of Segmentation

The accuracy of the segmentation can be assessed at the pixel level or the blob level.
At the pixel level the algorithm is a binary classification. Those pixels that are classified
as foreground are 1 and those that are background, 0. Assumengrtfund truth
foreground is known, there are many metrics that assess the accuracy of a classifier.

The simplest of these is the misclassification igiteen by Equation (3).

/IEO?H=0O0OEBEAAPEKOKO EPERAQMAC=PE 3
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Here,a false positive is a pixel that has been classified as foreground when it is
background and a false negative is the converse. Naively a lower misclassification rate
indicates a more accuratdassification. Yet the misclassification rate is independent of
the prevalence of each class. If the dataset is biased towards one of the classes, the
classifier may achieve lower misclassification rate simply by classifying all pixels as this
class. Inhe player detection task the players are relatively small compared to the size
of the pitch therefore the dataset will be biased towards classifying pixels as

background and the misclassification rate is unsuitable.

An alternative that does consider tlpgevalence of each class is thedoregiven by

Equation (4).

LNA?EONEAD=HH 4)

f)
(B2KNA LNA?EBNK3I=HH

Precision is the number of pixels that were correctly classified as foregrawed,
positives, over théotal number of pixels that were classified as foreground, true

positives plus false positivégquation (5))

PNQKOEPERAO (5)
LNA?E OFEKJ
PNQKOEPERAHIOKOEPER

Recall is the number of pixels that were classified correctly as foreground over the
total number of pixels that should have been classified as foreground, true positives

plus false negativeEquation (6))

N A2 & PNQKOGERAO (6)
T PNQKOEPERAHDAMC=PERA(

Figure2.7 visualises the calculation of precision and recall.
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Figure2.7: Formulation of the precision and recall given the ground truth and the classification by an algorithm.

Precision =

A precision approaching 1 can be achieved by classifying the majority of pixels as
background; however the recall would be approaching z&lonversé arecall of 1

can be achieved by classifying all pixels as foreground but this would result in a low
precision. Thecore, the harmonic mean of the precision and recall, combines them
into a single accuracy metric. Ars€ore of 1 would mean a preasi of 1, recall of 1

and perfect segmentation of the foreground.

(White & Shah 20070)sed the Fscore as the objective function to optimise the
parameters of a foreground detection algorithithis suggests thahe Fscore is
suitable as a metric for segmentation accuracy; nonethelesetisedisadvantage to
using it.Not all pixels are semantically equal. For example, if pixels from the blobs

periphery are misclassified there will only be a small effect orr¢ipeesentation of
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the blob. However, if a group of pixels that bisect the blob are misclassified as
background the blob is split into two and the player is esegmented Figure2.8).
Similarlytwo blobs may be undesegmented by the misclassificatiohsome
background pixels dsreground. The 5core weights all pixels equally and thus does
not consider the spatial context of the blobs, therefore somesga is needed that

considers accuracy at the blslemanticlevel.

(A) (B) (C) (D)

Figure2.8: Not all pixels are semantically equal. Some pixels can be misclassifitebut changing the
representation of the player, others cannot. (A) The RGB image of a player. (B) The segmented blob. (C) The
segmented blob with 60 pixels of misclassification around the periphery of the blob. The shape of the blob
remains similar to he ground truth. (D) The segmented blob with 60 pixels of misclassification bisecting the blob.
The blob has now been split into two and is oveegmented.

The blob level accuracy can be assessed using the Image Segmentation Assessment
Tool(ISATproposeal in(Mazhurin & Kharma 2012Figure2.9 taken from(Mazhurin &

Kharma 2012jjlustrates the five mutually exclusive sets of blob segmentation.
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Figure2.9: The possible resultant sets of blob segmentation. Here GT, ground truth, is the expected blob
configuration and MS, machine segmentation, is the output of the blob finding algorithm. Blobs @arCorrect,
Missed, Noise, Ovesegmented or Undesegmented. Each set is mutually exclusive. (Sou(tazhurin &
Kharma 2012)

Here GT, ground truth, is theet ofexpected blob configuration. When applied to
player § 8]}v §Z]es ]* §$Z %0 C E[* SEM o0} X DU u Z]v

configuration that has resulted from the algorithm. The five sets are:

x Correct t Greater than7% of the area of one ground truth blob overlaps with
greater than7% of the areaf one machine segmented blob.

x Oversegmentedt Greater than7% of the area of one ground truth blob
overlaps with more than one machine segmented blobs. AND Greater/tan
of the area of each machine segmented blob overlap with the ground truth
blob.

X Undersegmentedt Greater than7% of the area of one machine segmented
blob overlaps with more than one ground truth blobs. AND Greater tRarof
the area of each ground truth blob overlaps with the machine segmented

blob.

31



x Missed t Any ground truth blolihat does not meet any of the above three
criteria.
x Noise t Any machine segmented blob that does not meet any of the above

criteria.

A Tgreater than 50% ensures mutual exclusivity of the sets.

The assessment of the segmentation is givefoaspercentagesand an absolute
value The percentage of ground truth blobs that are: correct, missed, under
segmented and ovesegmented, plushte numberof machine segmented blobs that

are noise.

Given the findings of this section the segmentation will be assemstsagixel level

using the Fscore and at the blob level using the ISAT classes.

Classifying the Blob

The second step in the player detection algorithm is to determine the semantics of the
blob; that is to classify if it is or is not a player. If itressnmed that only players are on
the pitch during the matchit can be naively assumed that easdgmented blob isra
individualplayer. Due to errors in the segmentation process this assumption is not
valid.Brors may occur due téhe segmentation of noiplayer blobs, the inclusion of

shadows in the player segmentationthe incomplete segmentation of players.

As noted earlier, the extraction of a reliable player feattgpresentationrequires
accurate blob segmentation. If the semantics of the blob lsa determined not only
can nonplayer blobs be eliminated but the player featuepresentationcan be

individually tailored to handle other segmentation errors. Further to this,
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understanding the semantics of the blob can be exploited to increase theaxy of
the blob merging necessary due to ovargmentation. Equally, as discussed
previously, a blob may include multiple players. If it can be determined that a blob

contains multiple playerghen an algorithm can be applied to handle this.

The classification dblobs ashockey players is a subset of object classification. Until
2012 the state of the art approach to object classification was to: (1) extract a hand
designed feature representation from the image, (2) use a training set to tharn

mapping of these feature representations to classes.

The first reatime face detection algorithm, as proposed(Wiola & Jones 2001; Viola
& Jones 2004and then applied to pedestrian detection (Wiola et al. 2005)sed a
boosted cascade of Haar features. Haar features are rectangular filters, chosen to
reflect the expected differences in the intensity of an image given an object. For
example as illustrated irFigure2.10, it is expected that aose will resulin a band of
high intensity pixels between two bands of low intensity pixelthe upper halbf the
test image A high output from this filter would be a good predictif a nose and as

such a face.
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(A) (B)

Figure2.10: The Haar features used for face detection(Miola & Jones 2001JA) Four of the possible Haar
features . (B) The first and second features selectedMaiaboost These features suggest that to identify a face in
the image: 1) the eyes should be darker than the upper cheeks, and 2) the area between the eyes should be
lighter than the eyes themselves(Modified from source:(Viola & Jones 200)L)

Haar features are constrained in ratio but notsizeor space therefore in the original
formulation of(Viola & Jones 2001here are approximately 16000 Haar features in

a 24 pixel x 24 pixel image. Many of these Haar features will predict a face no better
than chance. The Hughes Eff@dtighes 19683uggests that including all the Haar
features will reduce the predictiveower of a linear classifier. Hence Adabo@stund

& Schapire 1997}¥ used to produce an ensemble of thémost predictive Haar
features. The algorithiis completed by forming a cascade of ensembles with an
increasing number of Haar featuréSiven an image, most of the smbondows are not
faces; the cascade eliminates the need to calculate all Haar features for all sub

windows, thereby decreasg computational time.

(Liu et al. 2009pply a boosted cascade of Haar features to football video. They first
use dominant colour segemtation to find candidate regions wideo frames. They

then apply the cascade to these candidates. They achievesanrE of 90.39% for the
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correctclassification oblobs aglayers. The authors do not comment on the

algorithms performance when the cditlate regions contain more than one player.

An alternative to Haar features is the Histogram of Orientated Gradients (HM2(z)

& Triggs 2005)This feature descriptor counts the occurrences of gradient orientation
in subwindows of the imag Figure2.11. The feature descriptor is used to train a
Support Vector Machine (SVNQortes & Vapnik 1995A SVM learns the hyperplane
that maximally separates the data into the correct class. The learnt SVM can then be

used to classifg new daum.

|
|
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Figure2.11W ,]*S}PE& u }( KE&] vS§ ' ] v8e ~,K'eX > (S8W dzZ }E]P]v o Ju P X Z]PZ
(Modified from source:(Dalal & Triggs 2006)
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(Lu et al. 2013apply the Deformable Part Model (DPM)(Bklzenszwalb et al. 2008)
to basketball footage. They hypothesise that as sports players are not rigidly upright
the poses are more varied. By learningiuidual HOG models for six body parts and
the orientation between those body parts, the algorithm can handle more variation in

pose. On basketball scenes they report a 69% precision and 73% recall.

The DPM is unsuited to the classification of playerssxem entire field hockey pitch.
The players are expected to be relatively small in the scene; as such the lack of detalil
makes it difficult to determine the parts of the model. This will have a negative impact

on the accuracy of the classification.

The Imagenet Large Scale Visual Recognition Challenge (ILRURSHkovsky et al.
2015)classification task is an annual coetifion to find the best visual classifier. The
task requires an algorithm to classify images into 1000 different classes. The classes
cover a broad range of objects. Some classes are generic objects such as desk or
microwave, whereas other classes areugi$y similarsuch as breeds of dog. An image
is deemed correctly classified if the true class is in the top 5 predicted classes. The

error of an algorithm is then the percentage of incorrectly classified images.

The winner of the ILSVRC 2011 classi@ioaiask(Perronnin et al. 201Q)sedthe
Fisher Vecto(Jaakkola & Haussler 193%)coding to achieve an error of 26%. The
winner of the ILSVRC 2012 classification task was Al¢KNethevsky et al. 201@)ith
an error of 16%. This large increase in accuracy is attributed to the use of a
Convolutional Neural Network (CNN). A CNN is a type offta@drd neural network

(NN), or multilayer perceptron
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A perceptron(Rosenblatt 1958k a binary linear classifier modelled on a neuron in the

brain. It mapsaninput feature vectorxto a single value output valugx) (Equation

(7)).

T EBRE>PTr 7)
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Where wis a vector of weightsS @Tis the dot products given in Equation (&hd &

is the bias
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The weights and bias are the parameters of the maael are learnt over a training

set using the perceptron learning rule.

A neural network extends the brain analogy. The brain is a complex network, where
the outputs of neurons become the input for other neurons. A neural network
attempts to replicate thidby grouping perceptrons into layers, with a perceptron in
layer L+1 taking as input the outputs of laydr(Figure2.12). A nonlinear activation
function must be applied to the output of each perceptron; otherwise the neural
network could be represented by a single perceptron. The weights of the perceptrons
in the network are learnt over a training set by minimising an objective function using
gradient descent. Bagropagation(Rumelhart et al. 1986% used to determine the

gradient of each weight with respect to the objective function.
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input layer

hidden layer

Figure2.12: A two layer fully connected neural network. (Sourcgarpathy 2@6))

The universal approximation theoref@ybenko 198%tates that a neural network

with a single hidden layer containing a finite number of perceptrons can approximate
any continuous function. Thereforg can be expected with enough data any
classification psblem can be learntdowever fully connected neural networks do not
perform well on image classification tasks. Consider an image from the Imagenet
dataset. This image is 224 pixels x 224 pixels x 3 colour channels, giving a total feature
vector of 150628 elements. In a fully connected neural network the number of
parameters for each perceptrontise number of elements + 1i.e. 150529
parameters.Therefore he total number of weights in the model is a linear fuaotof

the number of perceptronsWhileadding perceptrons, and as a result parameters,
increases the complexity of the function that can be learnt, it also increases the
possibility of oveffitting to the training set reducing the models generalisability.
Overfitting occurs when the model legthe noisy distribution described by the

training sef rather than the S « | iInderlying distribution. The model is effectively

memorising the training data. It results in good classification performance on the
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training set but poor generalisation ttest set. Thisnaybe resolved by reducing the
number of parameters or by increasing the number of training examples, which may
be impractical. Additionally, as the model learns to weight specific pixels, a per pixel

transformation such as a spatitianslation,can lead to poor classification results.

An alternative that still exploits the power of a neural network while mitigating the
limitations, is to hand craft a feature which is then passed to a neural network for
classificationYetthe develged featuremay not be optimal. A convolutional neural

network (CNN) overcomes this by classifying directly on the normalised pixel values.

CNNs again borrow from the theory of the brain, this time a simplified model of the
visual system. The receptifield of a neuron is the set of inputs that stimulate the

firing of the neuron. At the lowest layer of the visual system this is a particular region
of the retina. The neuron is fired if a specific simple structure is recognised in that
receptive field. Hee the structure may be a texture or colour pattern. The receptive
field of a neuron in a subsequent layer is the outputs of a group of neurons in a
previous layer. This allows the identification of a more complex structure constructed
from the structureat the previous layer. As the number of layers increases, more

complexstructures can be represented

Similarly a convolution matrix is a mask that identifies a specific structure in an image.
A region of the image can then be convolved with this camiah matrix to determine

if the region contains the structure. For example, th® Sobel convolution matrices
presented in(Sobel & Feldman 197R)entify pixels that are likely to be edgésigure

2.13).
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Figure2.13: The Sobel filter. (A) The convolutiamatrices that make up the Sobel filter. (B) The original image. (C)
The grayscale image. (D) The output of the Sobel filter.

A CNN is a feed forward neural network comprised of layers of convolution matrices
(LeCun et al. 1998At runtime each of the convolution matrices in a layer are applied
to the input image to return a newpacethat has as many @mnels as the number of

matrices in the layer. This new spasedhe input for the succeeding layer.

C3: . maps 16@10x10

C1: fealure maps .
INPUT B @28x28 P 84: 1. maps 16@5x5

32032

| Fullmnrjlec:tinn | Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection

Figure2.14: The character recognition Convolutional Neural Network architecture proposedl®Cun et al. 1998)
and commonly known as LeNet.

The Sobel filter is an example of a convolution matrix that may be in the first layer. It is
more difficult to visualise convolution matriced higher layers, however it can be
abstracted that higher layers find more compkructures For example the

classification of a car may have the following abstraction:

X The convolution matrices ilow layerswill identify simple structures such as

edges.
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X The middldayers combine these structures to identify shapes such as circles.

X The uppetayers identify that these simple shapes form parts of the car such as
the wheel.

X The highest layers classify the contents of the image based um@on th

configuration ofthe car parts.

As with neural networks, the weights of a CNN are learnt aveaining set using

gradient descent.

Whereas in the brain each neuron has a specific receptive field, in a CNN the
convolution matrices are applied across the whole image. This is by gfsityo

reasons:

1. It means the convolution matrices are sgainvariant. If a structure is
important in one part of the image, it is likely to be important throughout the
image.

2. It reduces the number of weights to be learnt and thereby reduces overfitting.
If convolutions were location specifit can be supposithat there would be

more of them thereforeincreasing the number of weights.

As stated earlier, CNNs have won all the ILSVRC classification tasks since 2012
(Krizhevsky et al. 2012; Zeiler & Fergus 2014; Szegedy et al. 2015; He et alll2016)
winning CMs have progressively got deeper; the number of layers has increased.
While the universal approximation theorem states that any function can be
represented by a neural network with a single hidden lag®monyan & Zisserman

2015)showed that classification accuracy using CNNs is dependent upon the depth of
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the network.(He et al. 20165he 2015 winner of ILSVRC used 152 layers to achieve a
top 5 error rate of 3.6%T his classification rate is better than the 5.1% achieved by
human performancéRussakovsky et al. 201@)nd their analysis has suggested that

contextual scene understanding is needed to further improve performance.

In general, incresing the depth of a CNN increases the number of weights in the
network. This increase in weights increases the possible complexity of the network and
as such the likelihood of overfitting the network to the training data. As stated earlier,
overfitting tothe training set can be reduced by increasing the number of training
examples or by reducing the complexity of the network. One of the reasons for the
rapid improvement in the top 5 error rate has been the availability of vast numbers of
training example®n the internet. For example the ImageNet training set consists of

1.2 million images. Another reason is the more efficient use of the parameters.

Despite being deepe(Szegedy et al. 2018)e 2014 winner of ILSVRC contains fewer
weights than the runner ugSimonyan & Zisserman 201&)achieves this by using

smaller convolution matrice

Even with the reduction in parameteisaining an entire CNN with a small dataset will
lead to poor generalisation. To overcome this, a CNN can be trained via transfer
learning. Transfer learning takes a network that has been trained on a mugr lar
dataset, ImageNet for example, and then fitumes the parameters using a smaller
domain specific datasefYosinski et al. 2014)iggest that transfer learning achieves
better results than training from scratch because the convolution matrices learnt at
low layers are very generic. Good low level strucsumemain good structures

independent of the image contents. It is only the higher layers that identify content
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specific structures that need to be fiianed. As such they perform an investigation
into how much of the CNN should be retrained. They fouredlibst classification

accuracy was achieved when the CNN is-fimeed from the middle layers.

Given the recent performance of CNNs on classification tasks, this seems a promising
direction for the handling of incorrect segmentation. Therefore an ingasitbn should

be performed to determine if a CNN can be used to classify correct player blobs.

2.4.2 Player Coordinate Extraction

The spatial location d player can be represented gjther:

1. The point in image coordinatg®, v) extracted directly from themage.

2. The image point transformed into world coordinats Y, Z)where it is
assumed a player is on the ground plane and subsequéftl®. This
transformation requires the calibration of the camera which is discussed in

more detail in Sectio2.5.

tuulvoC SZ Ju P %}]vS ] (}pv <« 8Z % E}i S]}v }( SZ o
mass onto the base of its bounding box. The transformation to world coordinates
assumes the player is in contact with the pitch, the base of the bounding box is an
estimate of this point. Howevedfigure2.15illustrates that this may not be accurate if
the %0 C EJ[* u}S]}v ]J* v}S % & % v lheblodhas & 16 thinu E }E

protrusion, such as a hockey stick.
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Figure2.15: Theautomatic imagecoordinate of a blob is estimated as the midpoint of the base of its bounding
box. For the images witla greenbounding box thisgives an accuraténage coordinate. However for the images
with a red bounding box the estimate is poofhe black dot illustrates the manual identified imag®ordinate.

03 Ev 3]A o CcoomdirmtedcdR pe calculated using a Probability Occupancy
Map (POM)Fleuret et al. 2008)PFOM discretises the world space into a grid. The
probability of a player at a grid location is calculated baggoh the extracted
foreground and expected foreground given a player at that location. The location of a
player is then the grid location with the highest probabil{@arr et al. 20123dapted
POM to detect the location of field hockey players. Thelyieved an approximate
precision ob5%and recall 060%eat a tolerance of 1 m. However their footage was
captured using a multi camera system, with each camera focussed on a subsection of
the pitch. This allowed for very well segmented players, somgtttiat cannot be
assumed in this work. Also as POM requires the discretisation of the world, the players
are bound to certain pitch locations. The number of pitch locations can be increased to
improve the player location resolution; however this increatso increases the

computation requirements. For these reasons POM is unsuitable in this work.
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2.4.3 Summary

This section investigated the procedure for the extraction of players from a video. It
found that the extraction of players is a tvgbep process. Fst the player blob is

extracted from the frame and thetieir coordinateis extracted from the blob. The

player blob extraction process can be decomposed further to: (1) classify the pixels of

interest, (2) group these pixels and (3) classify their content

Pixels of interest can be found using the method of background subtraction. This
method develops a background and classifies pixels as foreground if they deviate from
this model. The pixels are then formed into blobs usirapBnectivity. Many different
background subtraction methods are proposed in literature. This leads to the

objective:

Determinean accurate method to segment player blobs from an image.

The segmentation of the blobs in the frame can result in well segmented players but
also noiseand poorly segmenteglayers Theextraction of a players coordinage
requires accurately extracted players; therefore a method is needed to classify if a
player is well segmented. Convolutional neural networks provide state of the art

performance at clasBcation tasks. This leads to the objective:

Train a Convolutional Neural Network to classify the contents of a blob.

2.5 Reconstruct World Points
A camera is a device that captures an image of the objects in a scene. As displayed in
Figure2.16, it performs ahree-dimensionalprojection of points in the world

coordinate system into théevo-dimensionaimage plane coordinate system. Camera
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calibration is the estimation of a model for this projection. Given this model it is
possible to: (A) project world coordinates onto the image plane, and (B) reconstruct
points from the image plane into world coordinates. The former of these is the basis
for augmented realitfAzuma 1997; Krevelen & Poelman 2010f moe interest in

this thesis, the latter allows playeoordinatesin the image to be reconstructed into

world coordinategDunn et al. 2012)

Assuming a single camera, it is not possible to reconstruct a contplete

dimensionaimodel of the sceneThethree-dimensionalprojection onto the image

%0 VvV ] & * SZ %o}]vS[* %SZ ]Jv(}EuU S]}v v ]88 wvv}s
possible to determine the ray projected from the centre of projection that passes

through a point. If itis assumedtl§ 00 %o}]vSe 0] }v %0 v U SZ v §Z ]
coordinateis given as the point of intersection of the projected ray and this plane. This

plane is known as the calibrated plane.
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4 Centre of projection

Calibrated Plane
M

Optical Axis

Figure2.16: Thethree-dimensionalprojection of a world point onto the image plane. Given a camera model, two
operations can be performed: (A) World Points can be projected onto the image plane to augment reality. (B)
Image points can be reconstructed into planar world coordinates. Thieee-dimensionalprojection discards

depth information therefore only the direction of the ray that passes through the centre of projection and the
point can be determined, here the blue dashed line. If it is assumed all points are on a calibrated plameydrld
point is found as the intersection of the ray and this calibrated plane.

2.5.1 Camera Model

A point in the homogeneous world coordinate system is projected into homogeneous

image plane coordinates tyquation (9).
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Where wis a scaling factorjecrion is the camera matrix and is givey Equation

(10).
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Here Kencompasses the intrinsic parameters of the camera. These are the parameters
that transform from camera coordinates to pixel coordinat&$s givenas in Equation

(11).
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frand f,are the focal lentis, the distance in units of horizontal and vertical pixels
between the lens and centre of projection, the point where all parallel rays convemye.
is the aspect ratio, the ratio of pixel width to pixel heiglsand vy are the principal

point; the imag coordinates of the point where the optical axis, a straight line passing
from the centre of projection through the geometrical centre of lens, intersects the

image plane.

The extrinsic parametergyand 7, comprise the rotation and translation necesgéo
perform the rigid transform from world coordinates to camera coordinassn

Equation (12).

Ns Mo ;B (12
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Equation(9) describes the perfect perspective camera; however deviations from this
model occur due to the optical system and sensor misalignr{@lairke & Fryer 1998)
These deviations cause two types of image distortion, tangential and radial. The

intrinsic model must be extended to correct for these distortions.
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Tangential distortion is the result of: (1) thin prism distortion, imperfections in the lens

manufacturing proces@Neng et al. 1992y v

~7e u]e o]Pvu vSs [phsandu & [-

image plane as iRigure2.17 (Bradski & Kaehler 2008Mallon & Whelan 2004)

suggest tangential distortion is not readily observable in the presence of radial

distortion and can be somewhat reduced by principal point estimation.

Cheap CMOS chip
Cheap lens

Cheap camera

Figure2.17W d vP vS8] o ]*S}ES]}v
(Bradski & Kaehler 2008)
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Radial distortion is a deviation from a rectilinear projection. It causes straight lines in a

scene to appear curved in an image. A point is displaced by-&near function,

along the radial axis from the prin@jppoint(Hughes et al. 2008)

(Brown 1971kxtended the camera model to account for radial and tangential

distortion. First the world coordinates are transformed to camera coordinates using

the extrinsic parameterequation (13)).

o) :
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(13

Then the normalised image coordinates are gilgrEquation (14).
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Subsequently distorted normalised image points are giwequation (15).

Ix Ea 3. . (15)
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Here radial distortion is modelled as the first threeenterms of a Taylor series of the

radial distancgEquation (16))

@EOPKNREKEG:s;NEG2;NEG2WwN (16)
Where kc(1), kc(2) and kc(5) are the radial distortion coefficient&is given by

Equation (17).

NL TEUV (17)

The tangential distortion is modelled as 2 coefiitg Ac(3) and kc(4), and giverby

Equation (18).
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Finally the coordinates are converted to the pixel coordinatstem byEquation (19).

Q I (19)
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While all lenses exhibit some radial distortion, a wadgle lens is specifically designed
to obey some other projection modé@annala & Brandt 2006yvhich has @ much

barrel distortion that an entire hemisphere is imaged as a finite c{iClegslake 1989)
This wide angle of view permits the capturdarfge objects using a single camera,

however,(Shah & Aggarwal 1998howed that an image captured with a widagle
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lens still exhibits distortion wherocrected using the radial distortion model in

Equation(16). Therefore a different distortion model is required for widegle lenses.

(Kannala& Brandt 2006)nodelled the radial distortion as a function of the angle
between the principal axis and the incoming reather than the radial distance. The
first four terms of this Taylor series are used to model the radial distortion and
tangential distortion is omitted. Their results suggest that Bmot Mean Square Error
(RMSIEof projection is comparable to statef-the-art methods for both conventional

and wideangle lensesAs such this camera model will be used throughout the thesis.

2.5.2 Assessment of Calibration Accuracy

It is vital thata camera model is able to reconstruct a scerih sufficient accuracy.
Without aufficient accuracy a user cannot be confident that the estimatedrdinate

is theobjectstrue coordinate Thereforea measurement of the accuracy of the model

is necessary to determine if it is sufficie(®alvi et al. 2002eviews the common

measures used to assess the accuracy of a camera model. These measures can either
be n the image coordinate system or the world coordinate system. Titeisature

review will consider two of the most popular.

The mean projection error, or ifBalvietal. 200282 Z pE& C }( ]*S}ES ]u

}1E Jv § o[U J* }u%us CW

1. Capture an image of a set of known world points.

2. Extract the image points for each of tiwrld known points.

3. Project the known world points onto the image plane using the projection
model.
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4. The mean projection error Gojecion, is then the mean distance in pixels
between the extracted testoordinatesand their corresponding projected test

coordinates(Equation (20)).

¢ (20)
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where Nis the number of known pointgj(4, B)is the Euclidean distance between

two points, x;is the image pointForjecion IS the function that transforms from world

coordinates to image coordinates atdis the world point.

The mean projection errorByjection, IS important when augmenting realitjor
example if an object is to be overlaid with a graphicyaerror in the projection will be
perceived as misalignment in the augmented world. Howgtves thesis is concerned
with the opposite transformation, from image coordinates to world coordinates;

therefore it is more appropriate to use a metric measurernen

The mean reconstruction error, or (®alvi et al. 20028 Z ZZ ]Ambip(ity in the

o] E S]JvP %0 v [U]e uSE] u *uE u vsX /S ] }u%ops

x Capture an image of a set of known world points.

x Extract the image points for each of the world known points.

X Reconstruct the imageoordinatesof the test points ontdhe calibrated plane.

X The mean reconstruction errotRconstruction, 1S then the mean distance in
metres between the known world points and their corresponding

reconstructed test point¢§Equation (21))
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Where Freconstruction iS the function that transforms from image coordinates to world

coordinates.

Despite the mean reconstruction error being a more appropriate assessment criterion,
there is more uncertainty in the mean reconstruction error than in the mean

projection error. This is due to potential errors in the known world points objéty

points, @and the extraction of the image point$Fage extracion EqQuation(20) can be

expanded to includeBori points and  Brage extraction(Equation (22)).
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As the known world points object can be accurately machined, it can be asstmed

contain ro error and this simplifies tequation (23).
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Equivalently Equatio(R1) expands tagive Equation (24).
) S ’9 (29
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Whichsimplifies toEquation (25).
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As illustrated in Equatio(®3), Brage extractioniS independent oFprecrion and as suclt is
a constant scalaryet when calculatind®construction, EQUation25), Brage extractioniS
propagated through the reconstruction function. As such its value is dependent upon
the reconstruction function, which adds uncertainty Bconstrucion. Consequently it is

important to minimise Bage extractionSO it can be assumed all error is doe

Freconstruction-

(Hudson 2015identified the known world points using the intersections of a black and
white checkerboardRigure2.18). Checkerboard intersections demark a set of

dimensionless points whiotan bepreciselyextracted from an image with sybixel

accuracy using a Harris corner detedfidarris & Stephens 1988)

Figure2.18: Checkerboard intersections identifying known world points in the image.

Alternatively(Mateos & Tsai 2000; Kannala & Brandt 2Gf#)ote the known world

points as the centres of a grid of circl&sgure2.19). The known image points can be
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inferred by finding the centre of the circles in the imagewever(Mateos & Tsai
2000)note that the centre of the ellipse that results from projecting a circle is not the

centre of the original circle. This is due to:

1. The projective transformation means the planar resolution is not consistent
across the ellipse. Pixels further from the e account for a larger area
than those closer to the camera. Therefore the centre of the ellipse will
denote a point that is shifted from the true centre towards the camera. This
effect is particularly apparent when the camera's angle of incidence ys ver
high giving a large range of planar resolution.

2. The amount of distortion is not consistent across the ellipse. Pixels further
from the principal point will exhibit more distortion. Therefore the centre of
the ellipse will denote a point that is shiftébm the true centre towards the

principal point.

Both (Mateos & Tsai 2000; Kannala & Brandt 20f@8)ect for issue 1(Mateos & Tsai
2000)use the common tangents of the grid of circles to identify known points on the
periphery of each of the circles. Given these iinspde to identify the centres.

(Kannala & Brandt 200@yopose a numerical method to find the centres. Both

methods also consider solutions to issue 2 in cases where the intrinsic parameters are

known.
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Figure2.19: Circle centres identifying the known world points in the image

Checkerboard intersections and the centres of a set of cilm#s provide methods to
extract known world coordinaon a planeDuetothe u E [« A] ofwRw
and relatively high angle of incident®the planeit is unknown if either of the two
methods are suitable for the expected poJderefore & investigation should be
performed to discover which of these methods is most suitabldemarkknown

world points from the expected camera pose.

2.5.3 Planar Camera Calibration

Camera calibration is the process of estimating the intrinsic and extrinsacreders
of the camera. Camera calibration methods are proposdgHaikkila & Silven 1997;
Sturm & Maybank 1999; Zhang 2000he method ofZhang 2000Q)which has been
widely adopted and has impieentations in C+{Bradski & Kaehler 2008hd Matlab
(Bouguet 2015)uses a planar checkerboasdis an example of planar camera

calibration.

The first step of the planar camera caliboat procedure is to estimate the intrinsic

parameters. For each d¥different images of a planar calibration objeét/known
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points are extracted to give a collection Afpoint sets. Each of these point sets has a
unique optimal set of extrinsic parametebut the optimal intrinsic parameters are
global across the collection. The optimal intrinsic paramet&rss well ags and 7; for

FATU MYcan be found by minirsing the projection error, Bojeciion (Equation (26))

) &P (26)
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Where d(A, B)is some distance measure betwe@randB, in the case ofZhang 2000)
it is the Euclidean distancag is thej™ point extracted from thé™ image andX; is

the corresponding worldoordinge of the point. For brevity the distortion correction

has been omitted from the equation but these parameters are also optimized.

Subsequently the extrinsic parameters for a new calibrated plane can be estimated
using control points, points of knowsoordinateson the desired plane. Given at least
four correspondences between image coordinates and world coordinates, the extrinsic

parameters are initially estimated by the following procedure.

a) Normalize and undistort the image coordinates.

b) Use Singular \liae Decomposition to compute the homography that
transforms from world coordinates to normalized undistorted image
coordinates.

c) If the number of correspondences is greater than four, refine the homography

by minimsing the projection error.
The extrinsic arameters are then refined by the following procedure.

d) ExtractRand 7from the homography.
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e) RefineRand Thy minimsing Bojecrion USING Equatiorf26). This timeKis fixed,
Wis the number of control points an/is 1. Given these constraints Equation

(26)can be simplified t&quation (27).

, o . (27)
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The procedure outlined in stepseaestimates the optimal parameters to transform
from world coordinates to image coordinates. An alternative is to estimate the
projection matrix that transforms from cama coordinates to world coordinates.
(Hartley & Zisserman 2008)ggest that this could be achieved by mirdng the

reconstruction error for the control pointas in Equation (28).

P (28)
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As noted earlier,Bconstruction 1S Subject to more uncertainty thagjecrion due to the
errors in the image point extraction. Subsequently this misation is traditionally not

performed

As highlighted in the performance analyst requirementSectior?.1, due to the

different configurations of stadia, a performance analyst does not have a standard
camera pose. It is therefore of interest to understand the effedhefcamera pose on

the recanstruction error.(Brewin & Kerwin 2003hvestigated the effect of tilt angles

on the reconstruction error when using twdimensional direct linear transformation
(2D-DLT). They found that tilt anglesthre range-2° to +6ad little effect on the
reconstruction error. However in this work the expected angle is approximately 80°, so

these results are not directly applicable.
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(Hinrichs et al. 20093)Isoinvestigated the effect dfilt angle on the reconstruction
erroron 2DDLT, but they considered angles up to.6l%ey found that while the yaw
angle had mimnal linear effect on thgzdimension of the reconstruction error, there
was an exponential effect in thexdimension. At 60° of tilt this resulted in a
reconstruction error of approximately 0.9 im the xdimension and less than 0.05 in
the ydimension. Yethese results were computed using 2. T which is not suitable
here due to the large amount of lens distorticdg may not be applicable when
consideringKannala & Brandt 2006y u E u} oX "H ¢ <p vS0oC SZ

expected camex pose on the reconstruction error should be investigated.

2.5.4 Summary

This sectioroutlined the procedure for the transformation of image coordinates to

((

world coordinates. This transformation requires a camera model comprised of intrinsic

parameters ancextrinsic parameters. Intrinsic parameters are those that transform
from image coordinates to camera coordinates. The extrinsic parameters are those
that describe the perspective projection that transforms from camera coordinates to

world coordinates.

Camea calibration is the process for estimating the parameters of the camera model.

Traditionally the parameters of the camera model are estimated by projecting known

points onto the image plane and minimising the difference between the projected

points and he actual image points.

The accuracy of the camera calibration can be assessed using the reconstruction error,

the mean difference between a set of reconstructed points and their corresponding
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known world points. The reconstruction error is dependent mploe accuracy of the
image point extractionthereforethe error in the image point extraction should be

minimal. This leads to the objective:

Determinean accurate method to extract planar world points from a frame captured

at the expected camera pose.

This thesis is concerned wigixtracting accurate player coordinateberefore image
points should be reconstructed to world points with minimal error. This leads to the

objective:

Develop an accurate method for the reconstruction of planar poifrtsm a frame

captured at the expected camera pose.

At an international hockey tournament, a performance analyst matyalways have
the same camera posdhe reconstruction error may not be consistent across these

cameraposes. This leads to the objective:

Assess the effect of camera pose on the reconstruction error.

As noted in SectioB.3the use of a 4K camera gives larger objects in the scene and so
is benefical for their extraction and classificatiovet it is unknown ifhe increase in
camera resolutiorhasan impact on the reconstructioerror. This leads to the

objective:

Assess the effect of camemssemblyon the reconstruction error.

The estimation of the extrinsic parameters requires control points that are known in

the world coordinates and in image coordinates. The previous objectives in this section
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assume that the control points are extracted with zero error. This assumptionakdn

which leads to the objective:

Assess the effect of control point errors on the reconstruction error.

2.6 Aim and Objectives
This chapter reviewed literature associated with extraciteyer coordinategor all
hockey players using a single caméaen the findings the following aim has been

identified:

Develop an algorithm to extract playeroordinates from footage captured with a

single wideangle camera at a field hockey tournament.

To meet this aim the following objectives have been identified:

1. Determine anaccurate method to segment playdriobsfrom an image.

2. Train a Convolutional Neural Network to classify the contents of a blob.

3. Determinean accurate method to extract planar world points from a frame
captured at the expected camera pes

4. Develop an accurate method for the reconstruction of planar points from a
frame captured at the expected camera pose.

5. Assess the effect of camera pose on the reconstrucgaior.

6. Assess the effect of camesssemblyon the reconstructiorerror.

7. Assess the effect of control point errors on the reconstructesror.
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A chapter is dedicated to each of these objectieslowing thisa final chapter will
bring the work of the previous chapters together to assess the overall accuracy of the

algorithm. This chapter will havhe following aim:

8. /VA «3]P § Z}A HE 5 0C 8Z %0 C E[s }}E Jv §+ v

wide-angle field hockey footage.
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3 Segmenting Player Regions

3.1 Introduction
As noted in the literature review, a playpeoordinatesare extracted based on a blob
segmented from the imag&he segmentation of this region must be accurate to

ensure that thecoordinates aregeliable.
The segmentation of an accurate region is a-step process:

i.  Classify the individual pixels as eitlpdayer or nonplayer.

ii.  Group player pixels into player regions.

In this chapter, step ii will only consider thec8nnectivity when grouping pixels in to
player regions. Subsequently Chapdewill consider the grouping of these blobs into

Z * U %blofis[using semantic understanding of their contents.

Thischapter investigates which of six segmentation algorithms is the most accurate.

The six segmentation algorithmseve chosen from existing literature

1. Dominant Colou(Seo et al. 1997)

2. 3 x 3 Variance GMM (3V GMI#pn HoyningerHuene & Beetz 2009)

3. 9 x 9 Variance GMM (9V GMI@pn HoyningerfHuene & Beetz@)9)

4. 17 x 17 Variance GMM (17V GMMdn HoyningerHuene & Beetz 2009)
5. Red Blue Green (RGB) GNi&ivkovic 2004)

6. Temporal Mediar{Cucchiara et al. 2003)
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The accuracy is assessed at the pixel level using theoFe and at the region level
using the Image Segmentation Assessment Tool (ISAT) defdayed irFigure3.1.

These assessment criteria are explained in detéldotion2.4.1

This chapter addresses tlobjective: ‘Determine an accurate method to segment
player blobs from an imageThenovelcontribution to knowledge for this chapter is
the systematic analysis afset ofbackground subtraction algorithm for wide angle

field hockey footage.

- GT Over-segmented
— MS Noise
o O
Missed o]
(oI«
< o
Correct 6
@’ @ Missed
Missed

Figure3.1: The possible resultant sets of blob segmentation. Here GT, ground truth, is the expected blob
configuration and MS, machine segmentation, is the outmftthe blob finding algorithm. Blobs can be: Correct,
Missed, Noise, Ovesegmented or Undesegmented. Each set is mutually exclusive. (Soufdazhurin &
Kharma 2012)

3.2 Dataset

EuroHockey 2015 was an international field hockey tournament played in London in
the summer of 2015. The male and female tournaments, which ran concurrently, had a
combined total of 40 matches. The majority of matches were captured with a static

wide anglecamera to give a total of 153 quarters. The matches were played from 8:30
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am until 10:30 pm and were not postponed due to weather conditions. Subsequently

4 %SUE A] } }vs Jve A &] 8]}v ]Jv o]PZ38]vPU A 37 &
playing kit caburs. The footage, provided by England Hockey, was captured at 25

frames per second at a resolution of 3840 pixels x 2160 pkeikustratedin Figure

3.2, the camerawvaspositioned at X=48 m,Y=-15 m andZ=7 m.

3.3 Method
For each algorithm the meandeore and mean ISAT was calculated across the 20
frames of a test set. The 20 test frames were sampled from footage from four different

matches inthe EuroHockey dataset.

Z 3§53 A]l } PV %E]}E 8} §Z 3 ES }(}v }(SZ usd Z[
Figure3.3, each of the test quarters was chosen to reflect the different environmental

conditions experienced throughout the tournament.

Some of the tested segmentation algorithms developed a backgtoumdel over a
sequence of frames; thus there was a 100 framtalisationperiod before the test
frame. Subsequently the test set consisted of the®,0060", 204", 250" and 308"

frame for each test video. The frames were taken from the openingesecg of the
footage to ensure a distribution of players across the whole pitch. A 50 frame gap
between test images allowed two seconds for player movement to ensure variation in

the foreground across test frames.

65



Z (m)

Y (m) A0 10

Figure3.2: The camera positionX= 48 m,Y=-15m, Z= 7m) for the videos used in the investigation.
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(A) (B)

(©) ' (D)

Figure3.3: An example frame from each of the videos in the dataset. Each video was chosen due to different environmental condiéiphiglit, (B) Rain, (C) Overcast, @@ytime
Shadows.
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Frame 100 Frame 200 Frame300

Frame 150 Frame 250

Figure3.4: The sequence of ground truth foreground images for Video 1.
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For each of the tedrames, the RGB imageas extracted from the video and a ground
truth foreground binary mask was createthnually by setting any pixel that formed a
player as 1 and all other pixels asKlgure3.4 displays the ground truth foreground

sequence for Video 1.

For eachestvideo, each of the segmentation algorithms was applied and the
foreground mask at each test frame was extracted. A33nedian filter was applied to
each foreground mask to remowamysmall blobs. The result of this wasset of
machine segmented binary masks. To avoid noise in the spectator area, both the
ground truth binary masks and the machine segmented binary masks masked to

the pitch region.

For each algorithm:

1. The Fscore and ISAT was calculated for each test frame. To calculate the ISAT,
Twas set to 66%s in(Mazhurin & Kharma 2012)
2. The mean fs5core and the mean ISATRsvcalculated fothe frames ineach

videoand for the frames in the entire dataset

The mean rather than thaccumulated~score was calculated to account for any bias
due to a different number of ground truth foreground pixels in each test frame.
Similaly the mean ISAT was calculated due to a different number of blobs in each test

frame.

3.3.1 Segmentation Algorithms

Six foreground segmentation algorithms were considefidtse six algorithms were

used inexistingliterature to segment field sport playefeom the field. The
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descriptions below identify the specific papers each was taken fiaunh algorithm
modelled the background of the scene. The foreground was those pixels that deviated

from this model. The algorithms were:

Dominant Colourt This algothm exploited the rule that the pitch must be a uniform
colour. A pixel was classified as foregrounébif all channelsits colour was not within

§ZE «Z}o }( 8Z Ju P [¢ }u]l]v vd }Oo}uEX /3 A « «Ju]lo & 3}
(Seo et al. 1997yithout the assumption that green was the dominant channel. The
algorithmf parametersre listed inTable3.1 and were optimisedusingparticle swarm

optimisationon afield hockey datasetHigham et al. 2016)

3 x 3 Variance GMM (3V GMM)This method exploited the uniformity of the pitch.

The image was transformed to grayscale. A 3 x 3 filter was moved over the grayscale
image and the vaance calculated at each pixel. The expected per pixel variance was

u} oo pe]JvP " pee] v D]AESUE D} o ~'DDeX /( %]AE Of°
model it was declared foreground. This method was very similar to that proposed in

(von HoyningerHuene 2011)The only difference being the use of the GMM of

(Zivkovic 2004)dZ oP}E]S3Zuf[e % E u 8 E« A E o0 (§ + 5Z (u

9 x 9 Variance GMM (9V GMM)This method was similar to 3 x 3 Variance GMM
except a 9 x 9 filter was used. Huene applied a 3 x 3 filter to an image ph&i& x

288 pixels. At this low resolution the pixel area of a player is relatively small and so
high variance is observed across the whole player. In this Chapter the tests were
performed with images of 3840 pixels x 2160 pixels. At this higher resolitie

players have larger blocks of similar colour. These larger blocks will exhibit little
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variance so will be classified as background. The use of a larger filter attempted to

resolve thisissuedZ O0oP}E]S3Zul[e % E u 8 E« A E o0 (8§ =+ §Z (

17 x 17 Variance GMM (17V GMM)rhis method was again similar to 3 x 3 Variance
GMM except a 17 x 17 filter was usedlZ oP}E]3Zul[s % E u 8§ E+« A E o

defaults.

Red Green Blue (RGB) GMM his was the GMM method proposed (Bivkovic
2004) It used the OpenCV implementation with the parametested inTable3.1. The
parameters wereptimised forafield hockey datasetising particle swarm

optimisation(Higham et al. 2016)

Temporal Mediant This was the temporal median method proposed(@ucchiara et
al. 2003)using the parameters listed ifable3.1. A pixel was background if it was
within a threshold of the median value of that pixel and foreground otherwise. The
parameters were optimised for the field hockey datassing particle swarm

optimisation(Higham et al. 2016)

3.4 Results

Figure3.5 displays the mean precision, mean recall and meandfe across all the
frames in the test set for each of the six segmentation algorithms te3tee . RGB
GMM and Temporal Median algorithnase superior to the other algorithms, however

at the pixel level there is little difference between these two algorithms.
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Table3.1: The parameters used in the investigation as optsad in(Higham et al. 2016)

Algorithm Parameter Description Value

Dominant thresholdChannell Threshold on channel 1 of colorSpace 0

Colaur
thresholdChannel2 Threshold on channel 2 of colorSpace 23
thresholdChannel3 Threshold on channel 3 of colorSpace 0
numberBinsChannell Number of histogram bins on channel 1 of colorSpace 1
numberBinsChannel2 ~ Number of histogram bins on channel 2 of colorSpace 231
numberBinsChannel3 Number of histogram bins on channel 3 of colorSpace 1
colorSpace Color Space that the algorithm works in. 0 = RGB, 1 = HSV, 2 = Lab, 3 =YCrClI 3

RGB GMM alpha Parameter that defines the exponentially decaying envelope 0.034272
backgroundRatio Ratio of Gaussians that account for the background 0.447127
threshold Pixel foreground if greater than this many variances from background mean 59.7615
varinit Variance of new Gaussian model 26.4657
cT Complexity reduction parameter 0.71691

Temporal threshold Pixel foreground if greater than value 22

Median samplingRate How often background resampled 10
historySize Number of frames in sample 65
weight Amount of influence given to previous samples 8
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Figure3.5: The mean precision, mean recall and measdore for each ofthe six algorithms. Error bars indicate
the standard deviation across the frames.

Figure3.6 displays the mean ISAT ratios across all the frames in thedefbr each of
the six segmentation algorithmégain RGB GMMhd Temporal Median are superior;
an unsurprising result as a correctly segmented blob is dependent on correctly
classified pixels. Yet the Temporal Median algorithm returns a higher pereeotag

JEE 8§ o} p 8} Z' 'DDJ[+ SsegmenC 3} }A E
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DOvel-ngmenlad
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Dominant Colour 3V GMM 9V GMM 17V GMM RGB GMM Temporal Median

100 —
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Figure3.6: The mean ISAT ratios for each of the six algorithms. The ratios are the nuoftignound truth blobs
that are classed as: Missed, Correct, Oswegmented, Undessegmented. Error bars indicate the standard
deviation across the frames.
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Figure3.7 displays the mean number of noise blobs in each frame across all the frames
in the test set for each of the six segmentation algorithms tesidis illustrates that

the Dominant Colour and 3V GMM have over 125 noise blobs per frame. Assuming 24
blobs in each frame, th means theras approximately 5 noise blobs for every true

blob. On the other hand Temporal Median has only 11 noise blobs per frame, less

than 0.5 noise blobs for every true blob.
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Dominant Colour 3V GMM 9V GMM 17V GMM RGB GMM Temporal Median

Figure3.7: The mean number of noise blobs per frame for each of the six algorithms. Error bars indicate the
standard deviation across the frames.

3.5 Discussion

Dominant Colour segmentaitn is commonly used to segment players in broadcast
footage(Seo et al. 1997; Ekin & Tekalp 2008)s employed becausedbes not make

an assumption about the camera being static, though as indicatEdyimre3.5 it only
achieved an $core 0f0.51 Despite achieving the third best recall and thereby

correctly classifying 60% of those pixels that should be foreground correctly, only 46%
of the pixelghat were classified as foreground were corrdeigure3.8C illustrates

that the majority of the pixels incorrectly classified as foreground can be explained by
the pitch markings that alsdeviate from the dominant pitch colour. A subsequent
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processing step could handle these pixels, yet both RGB GMM and Temporal Median

achieve better recalls so it is deemed unnecessary of fuithagstigation

(8)

Figure3.8: A segment extracted from one of the test frames. (A) The original RGB frame. (B) The ground truth
foreground binary mask. (C) The binary mask output of the Domin@otour algorithm. (D) The binary mask

output of the 3V GMM algorithm. (E) The binary mask output of the 9V GMM algorithm. (F) The binary mask
output of the 17V GMM. (G) The binary mask output of the RGB GMM algorithm. (H) The binary mask output of
the Tempmral Median algorithm. For all binary masks, black is background and white foreground.

The 3V GMM method proposed yon HoyingenHuene 2011xachieved the highest
precision, however also the lowest recall and as a result lowssbFe.Figure3.8D

shows he algorithm correctly classii the areas around the edge of players where
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there was a large variance across the 3 x 3 filter, however the internal areas of the
%0 C E o0} 38Z38Z o0}AA E]lv U(JE £ u%o 3Z %o C
background. This resulted in playartbnes being classified as foreground with the

internal area of the player being classified as background. As the resolution of the

images is higher than that used(von HoyningerHuene 2011)this result was the

expected prior to the experiment and was the justification for including 9V GMM and

17V GMM. These two algorithms were similar to 3V GMM, but used a larger filter to
computethe varianceFigure3.5 suggests that a larger filter does increase the recall

but at the expense of reducing the precision. The application of the filter has a dilating
effect on the blobAs illustrated irFigure3.8D, E and Fhe larger the filter the more

§Z ]Jo S]JvP (( 8§ v SZ Z]PZ & SZ vpu €E }( ( o %o}e]S]:
Of those filter sizes tested thH&x 9 is the most accuratd his filter dilates enough to

fill the blob[s Jvs E]J}E&+*U puS v}S ¢} up Z $Z § Glaersings $uchas Jo |-
7 x 7 or 11 x 11 maynprove of theaccuracyhoweverboth RGB GMM and Temporal

Median achieved appramately 0.2 higher on the mean-Bcore suggesting far

superior performanceso it was felt unnecessary to investigate further.

It can be observed iRigure3.5 that RGB GMM and Temporal Median return very
similar mean fscores of approximately 0.84. These two segmentation methods are
superior to the other methods considered. This is supported by $#€l ratios in
Figure3.6. Ideally the Correct ratio would be 100% and all other ratios 0% but the
importance of the other ratios is not equal. Missed, @segmented and Under
segmented are all false negative errors, they are incorrect segmentations of expected
blobs. Oversegmented and undesegmented errors happen when there is evidence
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for a player in a location but incorrect segmentation has occurrieely fire known

errors. Image processing techniques can be applied to split or merge these errors into
correct blobsYetmissed errors occur when there is limited evidence for a player at

the location, they are unknown errors. With no evidence for a playiermore difficult

to rectify missed detections. For this reason it is important to minimise the number of
misses. RGB GMM missed a mean of 22% and Temporal Median missed a mean of 24%
of the players in a frame, the other methods missed at least 70%thsareasorfrom

this point on only these two methods will be considered.

Missed errors can occur when a player is stationary for a period of time. Both RGB
GMM and Temporal Median build a per pixel model for the background and find
deviations from thidackground. If a player is stationary for a period of time the model
will be updated to include them in the background. At this point they will no longer be
detected and will become a miss. Further to this, when they do start to move again,
while their true blob will be correct, the previous stationabjob will result in noise

until the background model is updated back to the true background. This kind of
missed detection can be handled by assuming a stationary player remains stationary

until movement is dtected again.

While Temporal Median and RGB GMM achieve very simgaofes, Temporal

Median achieves a mean of 18% more correct detections (Temporal Médmman

61% vs RGB GMMmean 43%). This can be explained by the RGB GMMs tendency to
over-segmat players (Temporal Mediahmean 15% vs RGB GMtvinean 33%). RGB
GMM is also more susceptible to noise blobs (Temporal Metlmean 11 per frame

vs RGB GMMmean 66 per frame)lhe removal of noiplayer blobgs addressed in
77



Chapter 4For these reasa) despite having a slightly higher missed rate (Temporal
Median t mean 24% vs RGB GMtinhean 22%), Temporal Median will be used as the

segmentation method throughout the rest of this thesis.

One of the weaknesses in the ISAT method is the lack of consideration for the
semantics of a blob. To demonstrate this, consider a simplified ISAT that only considers
Correct, Missed and Noise. To be classified as correct, the pixels of a machine
segmentedblob must overlap with at least% of the pixels of a ground truth blob and

vice versa.Jis set to ensure that the machine segmented blob is a good

representation of the expected ground truth blob. TH of pixels must be-8

connected but can be locatedv CAZ & E}ee SZ PE}pv SEPSZ o} X
image coordinatesre determined using the base of their bounding rectangle; if all the
overlapping pixels are in the upper body region then pomordinateaccuracy can be
expected. Equally if a maicte segmented blob overlaps with a ground truth blob but

less than7% of the ground truth blob, the machine segmented blob will be classed as

noise and the ground truth blob will be classed as missed.

The experiment could have been improved by selectasg frames from throughout
the test quarters. This would have ensured complete independence of the blobs in
each of the test frames. It would also have tested how each of the algorithms copes

with variations in light over a much longer period

3.6 Summary
This chapter addressed the objectiv®etermine an accurate method to segment

player blobs from an image®o do so it investigated which of six segmentation
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algorithms gave the most accurate foreground segmentation. The accuracy of the
segmentation was aessed at the pixel level using tha¢ore and at the blob level

using the Image Segmentation Assessment Tool (ISAT) ratios.

Temporal Median was found to be the most accurate segmentation algorithm. It
correctly segmented 61% of the expected bldib#. is assumed that the majority of

blobs are single players, it follows thatly approximate 6% ofthe players have been
detected and subsequently can have a coordirateracted. Ifa method can be

developed to reform correct blobs fromver-segmented blbsthen the number of
detected players increases to approximately 75%hile this result shows the promise

of using Temporal Median as a background subtraction technique to find blobs, it does
mean that approximately 25% of all players were not correensented and

subsequently cannot have their coordinates extracted.

The Temporal Median algorithm did not exploit any structure specific to lietkey;
therefore with adequate tuning of the parameters similar results should be achievable

on other fieldsport datasets.

Thenextchapterinvestigates using a convolutional neural network to classify blobs as
players or norplayers.Given this classifier it should be possiblerterge over
e Pu vs o} « §} (}E&u }HioGswhileZimuitan@islyninimisngthe

number of noise blobs in each frame.
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4 Classifying Player Regions

4.1 Introduction
The output of the background subtraction procedure discussed in Chajxea
collection of blobs that have been classified as foreground, however each of these

foreground blobs may be classified as: correctly segmented, usegmented, over

segmented or noiserigure4.l illustrates examples of each of classes.

Correct Noise

Under-segmented Over-segmented

Figure4.1: Scale examples of the four different classifications of blobs following the background subtraction of
chapter 3.All blobs have been padded to be squares, as this is necessary for the input of the convolutional neural
network.

Ideallyonly blobs that contain a correctly segmented plagkould be considered to

have their coordinates extracteget understandinga blob [ contentsmayaid in the
handlingof casef poor segmentationFor example, take the large undsegmentea

blob inFigure4.1U ]( ]§ v § Bu]v §Z Sakenot tathelha@efof ( $
the bounding box theiit may be possible to developmocedure to determine the

SEN o} S]}v }( S$Z %o as@uck fheif codidinate Consequentlyt is of
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benefitto classify each blob by its contents. As noted in the literature review,
Convolutional Neural Networks (CNNs) have won each of the ImageNet Large Scale

Visual Recognition Competitigh.SVR@Jassfication challenges since 2012.

A CNN is a feed forward neural network inspired by the visual system. It is formed from
layers of banks of convolution matrices. Each convolution matrix is a set of parameters
that cause an activation when a specific sture is present in the input. Each region

of the input is convolved with each convolution matrix to give an activation map, a
different representation of the input. Each layer takes the activation map of the
previous layer as input. The final layer of tBBIN classifies the input based upon the

representation of the penultimate layer.

Applying a CNN to a specific classification task is a case of learning the parameters that
classify the data correctly. To do so a loss function is minimised over a ¢yaigtina
collection of input and class label pairs. As CNNs are susceptible tfitbaugrto the

training data, accuracy over the independent validation set is used to determine which
iteration of the learning process has the best generalisability. Aoyuover the

validation set is also used to choose between the different models. Finally the accuracy

of the best model is assessed over a test set.

This chapter addresses the objectived E ] v JvA}opus]lv o E HE o E SA}C
the contents of a 0 } . This Convolution Neural Network can be used to remove non

player blobs, thereby increasing the precision of the coordinate extraction algorithm,

and, as will be presented in Chapter 10, to reform esegmented blobs, thereby

increasing the recallfdhe coordinate extraction algorithmThe novel contribution to
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knowledge for this chapter is the application of a convolutional neural netwottke

domain of field hockey player classification

4.2 Method

421 Classes

The model was trained to classifyuf posible classes:

1. Single playert well segmented.

2. Single playert bottom poorly segmented/( ]38 ]« IV}IAv %0 C E[e ( &
in contact with the base of the bounding box, an attempt could be made to

*SJu S SZ SEWM o0} S]}v }( SHscléespredotiiately o8cxirs

when the player has a strong shadow protruding towards the camara.
attempt was made to remove shadows using the expected Hue, Saturation and
Value (HSV) of theackgroundCucchiara et al. 2003)oweverthis method
did not eliminate all shadows.

3. Multiple players.

4. Not a playerThis class contains not only the blobs that contain no player but
also the blobs that are only segments of aplayg@Z %0 C E[* %o }*]S]}V

be extracted from glayersegment;ithereforethe blob should be discounted

from further analysis.

Exampls of these classes are illustratedkigure4.2.
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Figure4.2: The four classes included in the study were: Single Playell segmented, Single Playerbottom
poorly segmented, Multiple Players and Not a Player. The Not a Player class included both noise blobs and blobs
that containsegments of players.

tZ]o }83Z E 0 e o oy Z ot EPIvP0}}®OCC@®u vS [ }uo Z A
included, the overall aim of this work was to identify player coordinates. Throughout

the work it is assumed that the player coordinates are the ceotrthe base of the

bounding box; having information about the top of the bounding box does nahaid
identification of this point. Therefor&Z (]&+S o0 *¢ }puo0 vut Z*]vPo

}SS}u A oo * Pu wBesgblobs would be includetiere.

4.2.2 Image Collection

The aim of the learning process is to learn the parameters that correctly classify the
contents of an image. Or alternatively, if each class is thought of as a distribution in the
feature space, to find the parameters that correctly partitithe distributions.

Therefore the training set should be representative of these distributions.
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Five quarters were chosdrom the EuroHockey Dataset (Secti®R) to form a

training video datasetAs the training set must be labelled manually, five quarters was
chosen to give sufficient data while not making the labelling task excessively time
intensive. The five quarters were chosen to bepresentativeof the general

tournamentbased upon two factors:

x Each team used two difference uniforms throughout the tournament. The
quarters were chosen to includbe majority ofthe 1(( €& vS pv](}Eu }o}p
used.
x Each quarter of the tournament was classified based upon the environmental
}v 18]}ve 8§ 8Z 8 ES }( 8Z <y ES EX dZ o0 ec ¢« AE
Z €z Jv]vP[U ® C ~IC[U Z A v]vP ~Z }A+[ v ZE]PZ3]

quarters comprised om from each of these classes.

The same criteria were used to seledugher five quarters to form a test video

dataset that could be used to assess the generalisability of the model.

One of the assumptions when training a CNN is that the data is @mmt and

identically distributed. As video is time series data, the independence assumption is
violated across single frames; the content of fraies dependent upon the content

of frame NV-1. This violation can be mitigated by sampling the video awe

frequency. Both the image training set and validation set were formed by sampling the
training video dataseait 0.2 Hz0.2 Hz was chosen as it provided sufficient ¢lgt

alsomaintained a reasonable amount of tinbetween samples, fiveecondsTo
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achieve independerg; thetwo datasets were sampled from different segments of the

video. The allocation schema is formulisedEquation (29).

_  G6N=EJEBN=I@PN=EJ/=T (29
&=P=QAR_ L r@=PEKIIRR=H/EJ

Where for each video in the training datasétainMaxis given by Equation (30) and

valMinis given by Equation (31).

BEJ=H(N=1A1BF&EEAK
PN=EJ =70 ( — © (30

R=H/EPN=EJESWwrr (32
The frames in the range betweera/inMax and va/Min were not sampled. This gave

an approximate training frame to validation frame ratio of 4:1.

The image test set was formed by sampling test video datasedit 1/40 Hz This
lower frame rate was chosen because the test set did not need to be as large as the

training set.

For each sampled frame, the following procedure was applied to each segmented blob:

1. The bounding box was extracted. Aumding box is defined by th@/, v)
coordinate of the upper left corner, its width and its height.

2. The bounding box was padded to make it square. The padding was always
applied to ensure the centre of the base of the bounding box, the point taken
as the blobgoordinateon the calibrated plane, remained constant.

3. The image bounded by the new boundiogx was extracted.

4. The image was resized to 224 pixels x 224 pixels x 3 colour chatheels

dimensions necessary for input to the CNN
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5. The image wamanuallylabelled withone of the four included classes

6. For images in the training or validation setthié correct class was-3, one of
the player classes, thehe dataset was augmented by addiagluplicate
image reflected about thg~axis As noted iKrizhevsky et al. 201,2he
semantics of an image are invariant to reflection and as such this is a low cost
way to increase the training and validation set sieis augmentation was not
performed for Class 4s it would exaggerate thelass imllancediscussed in

the following paragraph.

Table4.1 displays the number of examples in each class in each dafdsedataset

has a class imbalantecause itis constructed by manually labelling all the blobs from
a sequence of frames and not all the classes occur with the same likelihabalss
imbalance can lead to poor classification resbitsausehe model biases towards
predicting the overrepresented clasg-or instance in a binary classification problem
with a class imbalance of 99 negative examples for every 1 positive example, the
model will achieve a 99% classification accuracy simply bsifgiag everything as
negative.Toovercome thisundersampling balancing the number of examples in
each class by randomly sampling, veasployed and is described in more detail in

Sectiord.2.5
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Table4.1: Number of examples in each claséthe datasets

Training Set Validation Set Test Set
Class Number Percentage Number Percentage Number Percentage
1 15212 48% 3406 46% 1360 42%
2 1294 4% 350 5% 79 2%
3 3122 10% 684 9% 219 7%
4 12228 38% 3004 40% 1576 49%
Total 31856 7444 3237

4.2.3 Classification Methods

To train a CNN from scratch requires a vast amount of data; the training set for the
ILSVRC classification task is approximately 1.3 million injegesakovsky et al. 2015)
As noted in the previous section the training set here is approximately 32000 images,
therefore poor classification results can be expected. An alternative is to take a CNN
leamt on a much larger dataset, such as ILSVRC, and transfer it to the required task.
This process, known as transfer learning, exploits the factttteatearntlow level

features are similar across classification task and dai@&etinski et al. 2014)
Transfer learning can take two different approaches:

1. Feature Extractor Use the existing CNN as a feature extractor for the new
dataset. Train a Support Vector Machine (SVM) on the extracted features.

2. Finetuning- Train the CNN on the new dataset so it adapts to the new task.

Typically the first apprazh is employed when the dataset is small and the second
when the dataset is largef.he dataset used here is midsized when considering
training CNNs; therefore bbtthe approaches wereonsideredo find which gave the

best classification accuracy.
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In the case of finguning the CNINthe classification accuracy is dependent upon how
many layers of the model are allowed to adalpit is assumed that the low layers of
the base CNN are similar for all datasets, over fitting to the training dataset may be
reducedand better accuracy achievday only finetuning the higher layers.
Subsequentlyhe studyinvestigated howthe classification error waaffectedby fine-

tuning to different depths of the network

A similar decision must be made for the featureragtor. Again, if it is assumed that
the low layers of the base CNN ayenericand that thehigher layes are more specific

to the original taskit follows that the features extracted at different layers will achieve
different classification errors. Thefore, the studyinvestigated how &upport Vector
Machine VM) trained on different layers of the existing CNN afiedthe

classification error.

4.2.4 GooglLeNet

The existing CNN used in the study was GoogL&Neigedy et al. 2015)his CNN was

the winner of the 2014 ILSVRC classification task achieving a top 5 classification error
of 6.66%(Russakovsky et al. 2019he main contribution of GoogLeNet was to

achieve improved performance while keeping the computational budget constant
achieve this the authors introduced the Inception modweg(ire4.3), an extension of

the Network in NetworKLin et al. 2013)Whereas prior to GoogLeNet each layer was
one operation and the layers were performed sequentially, the Inoepthodule
parallelises convolutions of different sizes into a single layer. This allows image
structures of different sizes to be determined at each layer and therefore increases the

representative power of the network.
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Figure4.3: The architecture of an Inception module. (Sour¢Szegedy et al. 2015)

The complete architecture of GoogLeNet stacks nine Inception modules to form a 22

layer network(Figure4.4).

4.2.5 Classification Procedure

As noted in Sectiod.2.2the dataset had a class imbalance. This imbalance was

addressed in the training set by random ungampling.

The undersampling procedure was as follows:

1. Determine the class with the lowest number of training images. This was
class 2 which had 1294 images. All of these images were added to the
balanced training set.

2. For each of the other classes, 1294 randoralyigled images were added

to the balanced training set.

The two classification methods use training sets in different ways so more details can

be found in the relevant sections.
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As the validation set classification error was used for model selection, the validation
set also needed to be balanced. Yet to ensure the comparison was vhhd, i be
consistent across all the different models. Therefore the validation set was under
sampled once and held constant for all models. This procedure gave a balanced

validation €t with a total of 1400 images.

Class imbalance was not an issue withia test set as the classification error of the

individual classes can be analysed using the confusion matrix.

All CNN operations were performed using MatConv{\fetdaldi & Lenc 201%grsion
1.0-beta20, a CNN framewik for Matlab. In preprocessing, each image was

normalised. The feature extractor approach normalised the image by subtracting the
mean image computed over the ILSRVC 2014 dataset. This followed the normalisation
procedure used when GoogLeNet was oridinahined. The finguning approach
computed the mean RGB triplet over the combined training @aldlationdataset and

subtracted this from each pixel in the image.

Feature Extractor

The feature extractor approach used the CNN to extract a featector from each
image and then learns a SVM to classify the image based upon this feature. The
Inception modules provide a set of logical points in the network from which to extract
the feature vector. Therefore for each image the activation after eackgtion

module was extracted to give nine different feature matrices. All SVM models will be
referred to by the Inception module prior to the point of feature extractiéor

examplelnception 9was formed from the activation aftef™@nception Module.
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Udng the entire activatioomapwould result in a very large feature vectéior

example the activation map after thd"3nception module is a 14 * 14 * 512 matrix, a
total of 115,200 elements A feature vectowith this many elements is highly likely
over-fit to the trainingdata. Thereforethe size of the featurevas reduced by average
pooling along the "8 dimension.In the example ofhe 5" Inception modulethis results
in a 512 element feature vector, created by taking the mean of each of the 14 x 14
element tensorgFigure4.5). Thisdimension reduction procedur@aschosen as it

wasused after the § Inception module in the original GoogLeNet architecture.

14
I = 100,352 elements

512

Average Pooling
Dimension Reduction

- sicenens

512

Figure4.5: Average pooling dimension reduction was used to reduce the number of elements in the feature
vector. Here, for the &' Inception module, &erage pooling takes the mean of each of the 14 x 14 tendors
reduce the vector from 100,352 elements to 512 element

Table4.2 lists the nine featurevectorsthat were extracted from each image.

Table4.2: The ninedifferent feature vectors extractedor each imagdrom the GooglLeNet architecture.

Number of elements in feature vecto

Inception 1 256
Inception 2 480
Inception 3 512
Inception 4 512
Inception 5 512
Inception 6 528
Inception 7 832
Inception8 832
Inception 9 1024
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As nine features are extractddr each imagethere are nine different extracted
datasets Eachextracteddatasetwas normalisedy subtracting the mean vectand
then dividng by the vector of the per channaitandarddeviations Any channel that

had no standard deviation was discarded as it gave no discriminative ability.

For each of the nine differemxtracted datasetd00 fold Monte Carlo like validation
was employed. Monte Carlo validation is a way to ensure that} o[* A o] §]}v
accuracy was not achieved by chance due to similarities between the training and
validation set. In a Monte Carlo validation a random segment of the data set forms the
training set and the remaining proportion forms the validation Jéte model is

trained on the training set and then the classification accuracy calculated on the
validation set. This procedure is repeatdimes and the mean validation

classification accuracy is a better estimate of the generalised classificatioraegcur
Due to the distinction between the training set population and the validation set
population a traditional Monte Carlo simulation could not be performed here. Instead,
for each of thelV(A=100) iterations the training set was sampled using the under
sampling procedure outlined in the previous sectiés. noted earlier, the validation

set was kept constant to facilitate the comparison of models.

Therefore the training and assessment procedure for the Feature Extractor models was

as follows:

f For eachFeature Extractor model
f For each of 100 iterations:

I.  Undersample the training set.
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ii.  Use the training set to train a four class linear SVM. A different
SVM kernel may have improved the results, but was beyond the
scope of this study.

iii.  Calculate the classifican accuracy on the validation set.

2. Calculate the mean classification accuracy across the 100 iterations.

Finetuning

The finetuning approach retrained the CNN for the task of player blob identification.
To do so the existing classifier layer was rentb&ed replaced with a four class
softmax classifier. The parameters of the classifier layer were initialised using the
procedure in(He et al. 2015)Iin addition to this, a Dropout layer set to 0.5 dropout

was added between the™inception Module and the final fully connected layer.

Dropout(Srivastava et al. 2014 a method of regularisation used to stop the model
overfitting to the training data. For each batch in the training procedure, a percentage
of the parameters in the network are randomly set to zero. These zero parameters
have no impact on the output and the network must learn to classify without them.

This reduces the networks dependency upon a limited set of features.

To ensure model convergendhe network was trained for 300 epochsn epoch is

one complete pass through the training dataseihe model after epoch 300 is not
necessarily the best; the validation classification error may increase as the model over
fits to the training data. Thefere the model at each epoch was retained so the best

model could be returned.
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The training dataset was undeampled once per epoch following the procedure
outlined previously(Krizhevsky et al. 2012jnployed dad augmentation to increase

the variation in the dataset. They state that certain augmentations can be made to an
image without changing its semantical content. This included adding random noise to
the images, randomly reflecting the images, randomly rotating the images and
randomly cropping the images. Here only random noise was added to the images. As
noted in thelmageCollection sectioiiSectiord.2.2), the dataset was augmented

offline by reflecting the images in classe8 about the y~axis. Random rotations were

not included because due to the perspective camera view it can be assunaed t

%0 C E[* ( 3 AlJoo 0A C- § §Z }88}u }(8Z o} X Z v }
because the point of this study was to find blobs that contain entire well segmented

players.

As this is a classification tasketcrossentropy losswas usedThe original GoogLeNet
architecture has two additional loss branches to facilitate training in the lower layers.
These additional loss branches were not considered here so were disposéohief.
batches of 16 images were used to estimate the twshe modd. The minibatch size
was limited by the memory of the GPThe loss was bagkopagated(Rumelhart et

al. 1986)hrough the network and the parameters updated usadpm(Kingma & Ba
2015) Adam isan adaptive learning rate update procedure. A key problem when
training a CNN is setting the learning rate. To achieve optimal classification accuracy
the learnng rate may need to be reduced over time and may vary across the different
parameters. Adam handles this by adapting the learning rate for each parameter
dependent upon the magnitude of its recent updates. Further to this, asipaitthes
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are used, the gadient of the loss can be noisy, resulting in suboptimal updates. Adam
uses momentum to smooth the updates handling any noise in the loss. The-hyper
parameters for adam were set to the defaults(Kingma & Ba 20157 his was as

follows: base learning rate= 0.001,betal= 0.9 andbetaZ?= 0.999.

Weightdecay, another form of regularisation, was employeduxiher reduce the
chance of overfitting to the training sefAt each update, weighdecay subtracts a
fraction, E}( A JPZ3&[* u Pv]sp (EThis Bas tha effed &fXiecaying
the parameters towards zero, which ensures that all the parameters have a similar
relative size and as such all impact on the outpathis study @assetto 0.0005 the

default value foMMatConvNet

As noted previosly, improved accuracy may be achieved by onlyiiméng the

higher layers of a CNN. Again the Inception modules give a logical way to decide which
layers can be firduned. Subsequently eleven different GoogLeNet models were
trained. The model with thelesignationAll allowed all layers to be finuned. The

models designatethception M, where NVis an integer between 1 and 9, allowed the
fine-tuning of the layers in that Inception module and up. The model designated
Classifieronly tuned the final layerthe softmax classifier. This model is similar to the

Inception 9Feature Extractor, but with a softmax classifier rather than the SVM.

Monte Carlo validation is not typically performed when training a CNN and as such was

not employed in this work.

Therefore the training and assessment procedure forfthe-tuned models was as
follows:
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f For each model:
f For 300 epochs:

i.  Undersample the training dataset

ii.  For each training batch:
a. Calculate the loss
b. Back propagate the loss through the network to calculate

the gradient at each layer

C. he UusS} % S SZ o0 C E[* % E u s E-

iii. Calculate the loss over the validation set

Each model was trained onHP Z23Workstations (Intel@oréd™i7-4790 processor

3.6 GHz, 16 GB RAMtel HD Graphics 460

4.2.6 Results on test set

Once all the models had been trained, the best model was identified as the one with
the lowest classification error. This model was then used to classify the test set. A

confusion matrix was used to interrogate the misclassification between classes.

4.3 Results and Discussion
This section will first consider the Feature Extractor models before moving on to the

fine-tuned models.

Feature Extractor

The line inFigure4.6 displays the mean classification error for the validation set for

each of the nine SVM models. The mean was calculated across 100 randomly sampled
training sets. The error bars indicate the standard deviation. The mean classification
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error for all nine SVMs was between 20% and 23%. The following paragraphs attempt

to explain the differences in classification@rfor each of the SVM models.

0.235 T

0.23;

0.225 - 1
0.22 - | 1
0.215

0.21;

Classification Error

0.205 1
0.2

0.195 ! ! ! !
Inception 1 Inception 2 Inception 3 Inception 4 Inception 5 Inception 6 Inception 7 Inception 8 Inception 9

Figure4.6: For each of the nine SVM models, the mean classification error on the validation set. Each SVM model
was trained on a feature vector extracted after one of the nine Inception modules. The mean of each model was
calculated &ross 100 randomly sampled training sets. The error bars indicate the standard deviation.

The classification error fdnception 1and?2 are comparatively high. Thisbecause:

1. These two feature vectors are those closest to the original image. Therefore
there has not beersufficient opportunity to abstract the data into a form
that is suitable for classification. This highlights why depth is so important to
the accuracy of a CNN.

2. These two feature vectors contain a relatively small number of eleménts.
smaller feature vector has fewer elements with which to discriminate
between data. It is possible, that better classification accuracy could be
achieved by using the entire feature vector rather than reducing the feature
dimensions by average poolinchi¥ was not investigated because as
demonstrated later, superior results can be achieved by-fumeng the

network.
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The error is at a minimum fdnception 3 and4. This suggests that these feature

vectors are at the optimal point; far enough from thgout to have sufficient

abstraction of the data, but not far enough to have learnt abstractions specific to the
dataset. After this, the classification error progressively increases thrimggiption 5

7 as the feature vectors abstraction becomes more tgisécific.Inception 8is

somewhat of an anomaly as the classification error decreases, however this decrease is
insufficient to make the model competitive. Findihception 9has performance

comparable tdnception 1 Inception 9forms the last layers ere the classification

itself. Therefore the data has been abstracted to a form very specific to the original

classification task.

Finetuning
As displayed ifrigure4.7, the classification error of a CNN is assessed at each epoch to
determine how the training is affecting the performance of the network. Here, the

classification error is illustrated for theatining and validations sets for thdl CNN.

0.35 -
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Validation Set

0.3
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Figure4.7 The classification error over time for the All CNN on the training set and the validation set.
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It is the performance on the validation set that indicates how the network will perform
on unseen data. It is clear that the lines for the training set and validation set diverge,
this is a sign that the network is ovétting to the training dataset. Thimay suggest

that the GoogLeNet model is too complicated, has too many parameters, for the task

with the current training dataset. The followingpuld resolvehis:

f Use a simpler CNN model. The task is only a 4 class classification so the 6.8
million paraneters of GoogLeNet may be more than necesq&tgward et al.
2017)recently proposed MobileNs, a CNN architecture that gives similar
performanceto GoogLeNebn the ILSVRC task. It is designed to run on mobile
devices and subsequently contains only 4.2 million parameters. Using fewer
parameters should reduce overfitting, which may mean brglalidation
classification accuracy.

f Increase the regularisation in the network. This should increase the
generalisability of the network. Options include increasing the weight decay
parameter or increasing the amount of dropout.

[ Increase the size ohe training dataset. A CNN trained on more data is better

o S8} <S]u § $Hdnderlginpdistribution and subsequently generalise
to unseen dah. Class 2 is undeepresented in the dataset, which made the
under-sampling of the other classes necass More examples of this class
could be sourced to rectify this imbalance. While the other classes are a count
of the number of players in a blob, this class identifies if a single player is poorly

segmented. Chapter &tempted to optimise the segmentain; therefore it

100



follows that actual examples of this class should be scarce. Instead the class

could have been augmented by simulated examples.

Figure4.8 illustrates the validation classification error for each of the CNN models. At
epoch 300 most of the CNN models hadassification error less tha20%which

meant they outperformed the bessVM model. This suggests that for this task,-fine
tuning the model is the more suitable method for the application of an existing CNN.
This may be because the task is significantly different from the ImageNet classification
task the original GoogLeNet meldvas trained upon. The exception to this was the
Classifiemodel, which gave very similar performance to the best SVM model. This
may be expected as the only difference between @lassifielCNN andnception 9

SVM is the different classifiglowever it goes against the findings ¢fang 2013)

who suggest that a SVM typically outperforms a softmax classifier.
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Figure4.8: The validation classification error for each of the CNN models across the 300 epochs.
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Figure4.8 also suggests that it was unnecessary to train the majofitpodels for 300
epochs; there was little improvement in thvalidationclassification error after about
epoch 50. This combined with displaying all 11 traces makes it difficult to visually
determine which model is superior. Subsequeiitigure4.9 displays thevalidation
classification error for the best four modeMll, Inception 1 Inception 2andInception

3. Itis clear from these traces that these four models all gave a sivalidation
classification error of just over 10%. This suggests that the existing features at lower
layers are already suitable for the task and that training has little effect on them. This

is further support for the notion that the lower layer featuresageneric across task.
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Figure4.9: For epochs €150, thevalidation classification error for the best four CNN models: All, Inception 1,
Inception 2 and Inception 3. The dashed line indicates a classification error of 0.1.

From the traces ifrigure4.9 it is clear that the validation class#ition error is very
noisy; ab%change can be observed between epochsisis a result of aelatively
small validation seandthe similarity between the classes. Three of the classes are

similar in the fact they contain parts of one or more hockey players. This means they
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share similar textures and colours and that the difference between them is very subtle.
It follows that a small change in parameters may shift the boundary between classes a

sufficient amount to have this impact on the classification error.

Despite the four models all giving similalidationclassification error, assuming only
one can be used in the final algthm, it is logical to use the model and epoch that
gave minimaValidationclassification errorgpoch 140of the All model gave arrror

of 8.2% It is this model which will be used in the algorithm but first its performance on

the test set will be asssed.

Figure4.10displays the Confusion Matrix for the test set. Overall the model achiaved
classification error of 14.1%. This is inferior to the 8.2% observed on the validation set.
Thesuperiorvalidationperformance may be due tihis specific moddby chanceover-
fitting to the noise in thevalidation dataAs noted previously the validation error

across epochs is noisy due to the size of the dataset. The test set does not have the

same noisen its distributionand subsequently is not as accurate

103



Confusion Matrix

Output Class
()

1 2 3 4
Target Class

Figure4.10: The confusion matrix for the test dataset.

Alternatively this may be due to thermulation of the datasets. The training set and
validation set were formed from sampling different segments of the same five videos.
Therefore while independent across time, the training set and validation set are
dependent across the teams representeddahe environmental conditions. The test
set was formed from five independent videos, which had different teams and
environmental conditions. Consequently the difference in performance could be due
to the model learning characteristics specific to thenmag/validation videos, i.e. the

model has learnt to classify a player in that set of videos rather than a generic player.
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This form of overfitting was not considered prior to the experiment but suggests that

better results may be expected with a largerdamore diverse dataset.

The confusion matrix also suggests that the model tends to-prextict classes 2 and

3. Only 54.5% of those predicted as class 2 are correct, this drops to 42.2% for those
predicted as class 3. Similarly, only 68.4% of those blobs that should have been class 2
were predicted corredy. This is further support for the fact that thmeodel striggles

to separate the classes

While the best model achieved good accuracy, further accuracy may be achieved by

the following:

X Hyperparameter optimisation(Bergstra & Bengio 2012)he update
algorithm, alam, has four hypeiparameters that affect the learning process.
Not all sets of hypeparameters will find the optimal solution. Hyper
parameter optimisation attempts to find the hypgarameters that find the
optimal solutionm as shorter time as possible.

x Use the average probabilities from an ensemble of modedsm ensemble
(Dietterich 2000)s thecombination of a number of classifiers to increase the
overall classification performancéHe et al. 20163how that the ILSVRC
classification error can be decreased by predictirg¢tass from the mean
probabilities of a number of independently trained models. The four models
All, Inception 1, Inception 2andInception 3are good candidates to form an
ensemble. Yet, inferring the class with multiple models does add to the

computatianal cost at runtime.
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X Use the average probability for augmented imageEhis takes advantage of
the fact that certain transformations can be applied to an image without
changing its class. The image is augmented a number of times with
transformationssuch as a reflection about theaxis. The mean class
probabilities across the augmented images are more likely to correctly classify
the image. Similar to the ensemble of models, this improvement requires

multiple inferences at runtime.

4.4 Summary
This chapter addressed the objectived E ] v }JvA}opus]lv o E pE o E A}

§Z }vsS vSe }(Todo}ko, itinvestigated the performance of two different
methods for the transfer of an existing Convolutional Neural Network (CNN) to the
task of player blob classification. The existing CNN tie@GoogLeNet architecture

and had been trained on the ImageNet dataset. The performance was assessed using

the classification error.

The first method, labelled Feature Extractor, used a featureoresttracted from
GoogLeNet to train a Support Vector Machine (SVM) for the classificatiorAtask.
classificatiorerror of approximately 20% was achieved when using a feature vector

extracted afterinception3 or 4.

The second method finuned the paramegrs of GoogLeNet for th specific
classification taskl he fne-tuning method outperformed the Feature Extractor
method. A validation error of 8.2% was achieved when the model was allowed to

adapt the entire networkThismodel gavea test set classificain error of 14.1%Part
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of this error is accounted for by the similarity between three of the claaselsnay be

resolved with more data.

This is a novel use of@nvolutional neural networkowever it didnot exploit any
hockey specific knowledge; thefore this model could be used tdassify player blobs
in any other field sportHowever, betteresults should be expected if a model is
trained with domain specific dataVhile the technique could also be used to classify
players in norfield sports,the increasedmageresolution of the playersnay mean

the data has different characteristics atite results may nobe comparable

The trained model can be used as a filter to eliminate non player blobs, thereby
reducing the noise in the set of playevordinate extractions. Further to this, if groups
of blobs rather than single blobs are s$#fied using the model, thendan be used to
reform over-segmented blobs into playersChapterl0 outlines the method to do this
as part of an investigation into the accuracy with which player coordinates can be
extracted; however the next five chapters investigate the-algorithm Reconstruct

World Points.
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5 World Point Extraction

5.1 Introduction

As highlighted in the literature reviewhe reconstruction error is assessed by
measuring the difference betweensatof known world points and the corresponding
image points reconstructed on to the calibrated plane. Téeiires theaccurate
extraction of theknown world pointorresponding image point&or a given camera
poseeachknown world poinf W hasan exact correspondence withumknownimage
point, /. The extracted image pointe, is themeasuredmage point of theunknown
world point, We. Unless/zand /eare equalthere will be somalifferencebetween W;

and We, which adds uncertainty tthe reconstruction error.

There are two possible sources of uncertainty when assessing tbastuaction error.
The first source of uncertainty is due to the misplacemafrthe world known points
By machine manufacturing the calibration objettte world known points are marked
with high accuracy and errors due to world point misplacement argémal. The
second source of uncertainty is due to the accuracy with which the image position of a
world known point can be extractedypically when assessing the reconstruction
accuracythe knownworld points are either marked by a grid of checkerboard
intersections or a grid dfircles. p 8§} §Z u & [+ AfviewaRdaelatively
high angle of incidence to the plaitds unknowna prioriif either of the methods of
demarcation are suitable for the expected camera pdseereforethis chapter
investigates which of these two methods is suitalie extract known world point$or

a frame captured at the expected camera pobkis method will be used in future

chapters when the reconstructioaiccuracys to be assessed.
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This chapter addresses tHe i 5] AD@ferminean accurate method to extract

planar world points from a frame captured at the expected camera gd$e novel
contribution to knowledge for this chapter is a method to extract image known points
when using a&amera with a high arng of incidence and a wide angle leii®. assess

the accuracy of this method, a pattern was designed #iktws a known world point

to bevisually resolvablat a range of different planar resolutions.

5.2 Data Collection
In this and the following camera calibration chaptassessmentsra made using a

1:100scale modebf a hockey pitchThis allows

x For machine accurat@lacement of known points.
X The testing of camera poses that are not accessibilee availablehockey
stadia.
All results presented are relative to the size of the scale mdded.scale 1:100 was

chosen as this could be produced on an A0 (841 mm x 1189 mm) rigid board.

A test plane for each of thieoard typeswas created and printed onto a flabard.The
checkerboard plane was 0.93 m x 0.57 m with 0.03 m squer@sFigure5.1A. The
checkerboard intersectionsvhich are dimensionless poingwovided a set 0f540

knownworld points on the plan€Figure5.2A).
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Figure5.1: (A) The checkerboard plangB) The circle plane.

The circle plane was 0.96 m x 0.86(Figureb.1b). In both dimensions, at intervals of
0.08 m,modified circles(Figure5.2B) of diameter Q04 m formed a 13 8 grid, the

centres of which denoted04 knownworld points. Unlike a checkerboard intersection,

a circle is not a dimensionless post remains resolvable atlower planar resolution

the number of pixels per metre (pixels/m) world known point can be inferred as the
centre of the circle, however due to lens distortion and the perspective transformation
the centre of the projected circle is not the true centre of the circle. The circle must be
modified saits true centre can beletermined in the projected image. Tinevel

patternin Figure5.2 wasdesigned to make the circle centre visually resolvable at a
range of different planar resolution¥he 0.3 mm white dot provides an accurate
location for the centre of the circle athigh planar resolutionthe 1 mm black
diagonalcross an estimation of the centre of the circle dower planar resolution and

the 4 mm white cross an estimation at an evewer planar resolution.
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(A) (B)

Figure5.2: The two patterns used to define the known poigton the two test planesThe red cross marks the
known point relative to the pattern.(A) A checkerboard intersection as used on the checkerboard plgBgThe
novel patternused on the circles planeéit ahigh planar resolution the circle centre is denoted by the white dot.
At alower planar resolution the circle centre can be estimated by the black diagonal cross and at anl@wen
planar resolution tre circle centre can be estimated by the broad white cross.

The image collection procedure for each test plane was as follows:

i.  Avideo of the plane was captured usin§a@ny FDRAX33 mounted with a
0.28xRaynox HDRB80OESvide-angle lens convertefThevideo had a
resolution of 3820 pixels x 2180 pix@K) 4K was the highest availakleage
resolution and as such gave thieghest available planar resolutioifhe camera
was positioned at the midpoint of the long dimension of the test plane, 0.15 m
backfrom the test plane and elevated by 0.08(Figure5.3). Assuming viewing
straight up as zero rotation, it was rotated 110° about shkaxis and 0° about
the yand zaxes.The camera was zoomed to maximise the plane in the field of

view and therfocussed manuallto achieve focus across the entire board
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Figure5.3: The camera position relative to theirclemodel plane
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ii.  Asingle frame, thelaneframe, was extracted from this video.

iii.  Without changing theoom or focus of the cameravideo of aplanar
calibration board in different orientations was captured. The calibration board
was an 8 squarg 8 square, 30 mm checkerboatd give a total of 49
intersections The board was orientated through a range of different angles and
translations to achievéull checkerboard intersectiolenscoverage.

iv.  Frames were extracted from the calibration videdlatiz to form the set of

potential calibration frames.

5.3 Checkerboard
Figure5.4 displays the plane frame for the checkerboard condition. In regiomsgbf

planar resolutiorthe checkerboard intersections are well defined points; however the
cut-out illustrates that in eeas oflow planar resolutiorthe checkerboard intersections

do not appear as resolvable points. Here the points are blobs of high or low intensity
pixels. The Harris corner detector algorithm, employed to find checkerboard
intersections, finds welllefined corners in the image and as such no corner is found.
This issue cannot be resolved by increasing the size of the checkerboard squares. The
checkerboard intersections are dimensionless points, the ability to resolve them is
solely dependent upon their @har resolution. As the points are unresolvable a
checkerboard is not a suitable method to indicate the known planar points when

capturing from the required camera pose.
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Figure5.4: Plane frame for the checkerboard conditioithe cutout displays two checkerboard intersections
neither of which are sharp, well defined points, but instead are blobs of pixels of low and high intensity.

5.4 Circles
Figureb.5illustrates that the circleare also susceptible to diminishing resolutidume

to the perspective of the camer&owever even with this effechey remainvisible in
the most extremeregions of } (E pflanar resolution This suggesthat circles have
the potential to bea suitablemethod for demarcation of the known world points at
the expected camera pos8ubsequentlyan accurate method is required to teact the
circle centres fronthe image The following two sections consider a manual process

and an automatic process for the extraction of the circle centres.
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Figure5.5: Plane frame for the circles conditiorThe cutout displaysthe circlewith a similar coordinateto the
checkerboard intersections highlighted iRigure5.4. The circle centre can be inferred from the white cross
however the black diagonal cross and the white are unresolvable due to the low planar resolution

5.4.1 Manual Extraction
Themodificatiors madeto the circlesmean theirtrue geometriccentresare indicated
in the imagelt follows that he grid of known world points can be created by clicking

each of these circle centres. TRisple proceduréastwo issues:

x Identifying the centre of a circle in the image is a subjegtidlgement which
is likely todisplayvariance overepeatedclicks.

X As highlighted inhe cut out inFigureb.5, the white cross added to the circles
estimates the centreghowever tre planar resolution isysufficient to
accurately resolve thenore accurate black cross or white ddhis makes it
difficult to identify /swhichincreases theincertainty. Due to the camera pose
restriction, thiscan only be resolved by increasing the camera resolution

possiblewith the available hardware

Each of thesessuesmaymean that/edoesnot equal/s howeverthe effect of this

error is not consistent across the plane. It is clear tnane pixekrror will give a
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larger difference betweer/zand Weat alower panar resolutionConsequently the

following twoideaswere investigated:

x Does the planar esolution affect thevariance of the clicked poifit
x How does a one pixel difference affect the reconstructaonoss the calibrated

plane?

The analysis procedure was as follows:

Camera Intrinsic Parameter Estimation
i.  For each potential calibration frame, the 49 calibration points, the
checkerboard intersections, were extracted. Those frames for which the
calibration points could not bextracted were disposed of. The extractions

from the remaining frames formed the sef point configurationsTherewere

40 point configurations.

Figure5.6: One of the calibration images overlaid with the set of point configurations.
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using the set of point configurations. The fisheye camera model presented in
(Kannala & Brandt 2006)as used. The following parameters were optimised:
the focal length the principal point and the 4 term radial distortion mod€he

standard deviation of the pixel error was= 1.42 pixelsy= 1.33 pixels

Circle Centre Clicking
i.  For five repeat®gach circle centre was clicke24 hourswas left between each
repeat tolimit any effect due to memorising the point that was clicked

ii. The mean and standard deviation for each of the 104 circles was calculated.

Camera Extrinsic Parameter Estimation
i.  The transformation from image points to world poiniss estimated using the
method proposed in Chapté. All 104 circles were used as control points, with

the knownimage points being the set of mean clicked values

Calculate theMetres per Pixel
i. Foreach circle

a. The meanuvalue was rounded up and rounded down to giwe
values witha one pixel difference. These were combined with the
original vvalue to give a pair of coordinates= (L/y, v)and c2= (Udown,
V).

b. c¢;and cowere reconstructed using the camera model.

c. Theeffect of a single pixel change arwas thencalculated ashe vector

coter
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ii.  This procedure warepeated for thevvalue to give two grids of two

dimensional vectors.

Figureb.7 displays the standard deviation in theand vdimensions for each of the
clicked points. The standard deviation is similar across the entire plane intzott v,

11X X §Z o] | diipesiftlaEirrdepective of the coordinate on the plane. This
suggests that the clicker is able to perceive a circle centre with the same consistency,
even ata low planar resolutionHowever o conclusion about the eftt of planar
resolution on accurey of the click can be made because the true circle centre is

HvIVIAvU ]X X 8Z o] | E[* % E ]A ]E o VEE u C v}s

World Position Y (m)
World Position Y (m)

0.08 0.24 0.40 056 0.72 0.8 0.08 024 040 0.56 072 0.88
World Position X (m) World Position X (m)

Figure5.7: For each of the world known points, indicated by thgfK, Y)position on the calibrated planethe
standard deviation in pixels of the clicked circle centres in: (A) thimage dimension and (B) theimage
dimension.

Figure5.7 displays the effect of a one pixel difference on the reconstructed coordinate
for each of the circle centres. The colour of a cell indicates the magnitudhes of t
difference while the arrow indicates the relative magnitude and direction of the
difference vectorFigure5.8A displays the effect of a one pixel difference in the
dimension. Ignoring the barrel effect of lens distortion, #dimension of the image is
parallel to theXdimension of the calibrated plane. This is reflected in the direction of

the difference vectors which have a major component alongXidémensia. It also
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means that the magnitudes of the differencesuare much smaller when compared

to the differences irv. The magnitude of the difference increases further from the
camera, however this effect is much more pronounced with a one pixel change in the
dimension Figure5.8B). At the most extreme point a one pixel difference in the
dimension equates to more than a 0.005 m resultant difference. This means a single
pixel accounts for as much as 1/19@f the entire dimension of the board model. This
large value illustratethe potential for a small pixel difference resulting in a large

distance between/tzand We, and the necessity for syhixel accuracy fofe.
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Figure5.8: For each of the world known points, indicated by thefX, Y)position on the calibrated plane, the
effect of a one pixel difference on the reconstructed coordinates in metres. (A) A one pixel difference i the
dimension.(B) A one pixel difference in thedimension. The colours indicate the absolute magnitude of the
difference. The arrows indicate the direction and the relative magnitude of the difference.

The calculation of the metres per pixelquires the estimation of an extrinsic model.
This estimation is made using the clicked image points, so any errors are propagated
through to the model. This error is somewhat mitigated by the using all 104 circle
centres as control points; each contraipt has less of an effect on the overall

solution. It is also somewhat irrelevant Bgjure5.8 is only meant tde indicative of

the rangein planar resolution aciss the calibrated plane.
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Asillustratedin Figure5.7, the userdoes not consistently click the same poatross
repetitions This suggestsomedifficulty in perceivinghe circle centreand results in
error in the ground truthpoints. As ithas been identified that a single pixel can have a
large impact on the world positioiit, is inappropriateto usethe clicked points when
assessing the reconstruction error. The following section proposes an automatic
extraction process that uses the geotneof the circles on the plandt does not

require the exact circle centre to be resolvable and calculates the centres at the

subpixel level

5.4.2 Automatic Extraction

Theautomaticmethod to extrat the centre of the circles usetie common tangency
of neighbouring circlefMateos & Tsai 20007 o determine neighbouring circles the
grid of known world points was projected onto the image plafies requirecan initial
estimate for the extrinsic parametershe extrinsic parametengere calculated using

the 6 control pointsillustrated inFigure5.9.
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Figure5.9: The sixcontrol points used to calculate the extrinsic parameters.
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Theextraction of the centre of the circles was broken into the following-sub

algorithms:

A. Initial Circle Centre Estimation
i.  The plane frame was masked to the area of interest, thresholded and then
inverted toensure the projected circles had a strong contragtiast non
circles
ii.  Animage fill was applied to each of theojected circlsto ensure they were
solidwhite blobs This resulted in the blob frame
iii.  An estimate for e centre of each circle was found in thieb frame as the

centre of the blob. Thisofmed the set of initial circle centrgBigure5.10).

Figure5.10: The blob frame overlaid with the initial circle centres.

B. Camera Extrinsic Parameters Estimation
i.  Inthe plane frame, the 6 control image points were clicked in ascending order

to give the set of estimate control image ptan
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ii.  For each of the estimate control image points the nearest initial circle centre
wasestimatedby minimising theEuclidean distance. This gave the set of
correspondences between the} v E}o %o } ] vcdprdiAgt€E and image
coordinates

Il } P &dmera calibration toolbgxalong with the intrinsic parameters
found inSection5.4.1and the 6 control pointswvas used to estimate the
extrinsic parametersTheestimated extrinsic parametemgere used to project
the grid of known world points onto the distorted image plane. This gave the

projected grid.

Mapping Circles tothe ProjectedGrid
I.  The projected grid was undistorted to give the undistorted projeaad.

ii.  The intrinsic parameters were used to create the undistotiéxb frame from

the blob frame (Figureb5.11).

Figure5.11: The undistorted blobframe, overlaid with the initial guess for the circle centrehich is the centre of
the blob.

iii.  An estimate for the centre of each circle was found indheistortedblob
frame as the centre of the blob.

iv.  For each point in the projected grid the nearestimate circle centre was
found by minimising theEuclidean distanc& his gave the mapping necessary

to determine which circles were neighbours of one another.
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Estimate Circle Centres
i.  An ellipse was fied to each segmented blob.
ii. For eaclellipse
a. Foreach of its 8connected neighbouringllipsesthe two common
externaltangentswere calculatedusing the method iffMateos & Tsai
2000) For the edgeellipsesthe reduced set of neighbours was used.
b. Eachpoint of tangency was classifiéy thedirection on themodel
boardof the neighbour used to calculate it. The classes wee#:Right
Up-Down, Diagonal UDownor Diagonal DowsUp. Figure5.12A
illustrates which class each neighbour belongg=igure5.12B visualises

the points of angency for one of the circles.

(A)

© e .
© e O
® o -

Figure5.12: The points of tangency for one of the circlg#\) The neighbours that form each of the classes: Red
Left-Right, Greent Up-Down, Yellowt Diagonal UpDown and Bluet Diagonal DowRUp. (B) The corresponding
points of tangency for a circle in the segmented image. The fitted ellipse is indicated in orange. The colour
scheme is the same as in (A). Note The points of tangency for each class form a line perpendicular to the class
label.ii) The upper two yellow points are not collocatesliggesting error in one or both of thellipsesused to

form these points of tangency This may be due teesidual distorion inthe undistorted imageor the circle
segmentation.

c. Linear regression was used to fis@maightline to the points ineach of
the classesThisline was perpendicular to that suggested by its class

label.
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d. Least squares minimisation wpserformed to find the intersection of

the four lines This point ishe centre of the circléFigure5.13).

Figure5.13: The circle centre is found as the intersectiof the four linesfitted to the points of tangencyThe
circle is the same as that iRigure5.12B but theellipse has been filled with blacto improve the visualisation of
the lines.

iii.  The dstortion model was used ttransform thecircle centregFigure5.14) to

plane frame points. This gave the setrefined circle centregFigure5.15).

As thetrue centre of the circle is unknown, the accuracy of the circle centre
extractions cannot be assessed objectively. Subsequently there may be an
unquantified error between the true centre of a circle and the extracted centre of a
circle. This error woulgartially explain the errors in the reconstruction accuracy

computed in future chapters.
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Figure5.14: The circle centres extracted from the image overlaid on the undistorted blob frame. The blue crosses mark thedstitiakte for the centre of each circlaiven as the centre
of the blob. The red crosses mark the refined circle centres.

Figure5.15: The plane frame overlaid withYellow Dotst The initial circle centres. ReBots t The refined circle centresThe cutouts magnify three of the circles.
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Instead the circle centres were assessed qualitatively. A visual comparison can be
made between the extracted circle centres and the true centres indicated by the circle
modifications. The cubuts inFigure5.15 magnify three of the circles. The yellow dots
indicate the initial circle centres, the red dots the refined circle centres. There is a
systematic error in the initial circleentres. As noted earlier, this is a result of the
perspective transformation and the lens distortion. The perspective transformation
meansthe planar resolutiordecreases from the front of the circle to the back of the
circle. This inconsistency meangtbentre of the projected circle is not the centre of

the circle, but instead is shifted towards the camera.

The lens distortion increases as the radial distance from the principal point is
increased. Points of the circle further from the principal pouit be more distorted

than those closer to the principal point. This results in a compression of the blob in the
direction of the principal point, which shifts the blob centre towards the principal

point. As the blobsre small the intreblob variation indistortion is small and this shift

is relatively minor when compared to the shift due to the perspective transétion.
Theinitial circle centres do not provide accurate circle centres and should not be used

as known image points

Figure5.15 also displays theefined circle centresFor each circléhe refinedcircle
centre isaligned with thecentre of the modified circldt canbe observed that for the
circle closest to the camethe refined circle centre falls within the 0.3 mm white dot
that denotes the centrefror the other two cuuts, which have much lower planar

resolution, the white dot falls within the white cross, vilyalose to the expected
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centre.This suggests thahe method provides an accurate way of extracting the

imagecoordinatesof the known points on théest plane at the expected camera pose.

Due to the structure of the gridhe expectedworld coordinates of thepoints of
tangencyare known.As each circle has eigtlistinct points of tangencyit follows that
the numberof the world known points could be increased by using the points of
tangency rather than the circle centregetFigure5.12B illustrates that thepoints of
tangencyare not errorless For example,lie upper two yellow points are not
collocatedsuggesting error in one or both of the ellipses used to form thesetpoin
tangency. Tasmallerror in the ellipsesnay be due tgoor image urdistortion due
to ill-fitting intrinsicparametersor poor circle segmentationinstead he proposed
method uses the redundancy of multiple erroneous points to formulate a better

estimate of the circle centre.

The structure of the gridlso meanshat a singlestraightline should bisect theentre

of each circle in a rowgolumnor diagonal Giventhis assumptiona single line could

be fitted to all the points of tangency inraw, column or diagonaWith more points

of tangency it could be supposed that the line is a better fit as it is less subject to error
in anysingle pointof tangencyHowever,due toan imperfectintrinsicmodel,the
undistorted image planés notrectilinear and the expected straight linappearas

curves Calculating line locato eachcirclereduces the curve to short segment

which can be better represented by a straight line.

Similarlyfor each circlethe number of point®f tangency usetb formulate a line

could be increased by using all the circlea ime direction rather than just the direct
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neighbours Again this method is unsuitable due to residual distortion in the

undistorted image plane.

The proposed method requisaccuratesegmentation of the circles on the plarfeoor
segmentation an be lead to inaccurate ellipses, which in turn leads to high variance in
the points of tangency and errors in the circle centiesareas ofow planar

resolution accurate segmentation is complicatby the modifications made to the

circles; herefore in subsequent chapters filled circles will be used.

It should be noted thathe proposedautomated method is not error free.n§ errors

in the method are subject tahe same metres per pixel errpresented inFigure5.8.

5.5 Summary
This chapter addressdtie objectiveWDeterminean accurate method to extract

planar world pointsfom a frame captured at the expected camerap¥se d} } <}U ]S
consideredusing checkerboard intersections and circles to indicate the known points

on the plane.

Checkerboard intersectiorege unsuitable to indicate the known points on the plane.
At low planar resolution tle intersections are unresolvable and as such the known

points cannot be accurately extracted.

As drcles have a dimension they remaisolvableat a lower planar resolutionThe
known point can be inferred as the centre otecle;howeverdue to the perspective
transform and lens distortiothe centre of the projectedircleis not thetrue centre of
the circle.Manually clicking the centre of the circles is unsuitable becaligbe low
planar resolution makes the precise centiggesolvableand2. human error leads to
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variance in the point clicked herefore a novelautomaticmethod of extraction was

presentedthat finds the true centre of the circle in the image.

The true image points of the circle centres ar&known;therefore the circle centres
could not be objectively assessed. This is a fundamental limitation of the work in this
chapter and a potential souraa error in the assessment of the reconstruction in
future chapters. Instead thigue centres were assessed qualitatively usanmgpvel

pattern thatmeans the world known points are visually resolvablange of different
planar resolutionsThetrue centresdisplayedgood alignment witlthe expected

coordinates

Using a grid of cites and the method presented allows accurate extraction of known
image pointdrom the expected camera pos&his method will be applied in the future

camera calibration chapters to extract the known image points.
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6 Planar Reconstruction

6.1 Introduction
As highlighted in the literature review, image reconstruction is the transformation of

image plane coordinates into world coordinates. Following camera calibration it is
possible to determine the ray that a point falls on; however as depth information is
lost during the imaging process, it is impossible to determine the distance to the
object.However if it is assumed that all points lie on a calibrated plane ciherdinate
of the point is then the intersection of the ray and the plane. This is the psogkes

planar reconstruction.

Extrinsic camera calibration is the process of estimating the pose of the camera
relative to a world coordinate system. In the case of planar reconstruction this is the
U E [+ %}+ E o 3]A 38} 3Z % 0 v lifratiah methoo df(HeikkileE

& Silven 1997¢stimates the projection matri®sgecrion that transforms from wod
coordinates to camera coordinate8yrection is €stimated by minimising the projection
error, the distance between a set of world coordinates projected into image
coordinates and their expected coordinates. The planar rettooson is then

performed sing the inverse projection matri¥sgecion. Thisinverseprojection will

only be optimafor reconstructionif the camera plane and the calibrated plane are
parallel. When parallel, the planar resolution, the number of pixels per meter
(pixels/m), of the calibrated plane is consistent across the whole plane. If each control
point has minimal projection error arttie same planar resolution, theByrojection™

must also be optimal. Yet when the calibrated plane is captured from a perspective

view, the planar resolution is no longer consistent. ConsequéBthecion biases the
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reconstruction towards those conil points with a higher planar resolution. At a high

range of planar resolution this resaih poormeanreconstruction accuracy.

Alternatively, the projection matrixZeconstruction, that transforms from image points to
world points can be estimated @ictly by minimising the reconstruction error, the

u v ]S v SA v &E }VeSEU 8§ %o}oodrdinatedS[e £ % §
Traditionally this estimation is not performed because of errors introduced in the
image point extraction process. As demonstrated in the literature review these errors
propagate through theninimisation procedure causing errors in the planar

reconstrucion.

dZ]e Z %3 E E e+« « Tevelod ansdokunate method for the
reconstruction of planar points from a frame captured at the expected cameraXpose
The novel contribution to knowledge for this chaptethat for camera poses that
have ahighangle of incidencavith the calibrated plangestimatingPeconstruction gives

lower reconstruction error than estimating theverse ofFgjection-

6.2 Preparing the Data and Intrinsic Calibration
A 0.96 m x 0.24 m plane was created and printed onfatebbard.As in Chapteb, the

long dimensior(0.96 m)of this board was a scaled representation of the length of the
hockey pitch. The short dimensig¢d.24 m)was chosen to be as long as possible given
theu}es ASE u }( SZ % E(}EU Vv V OCeS[* %}e*] O u
angle lens converteAs this chapter igvestigatirg the method to reconstruct points

onto the calibrated plane andssuminglie points have been undistortedt is

irrelevant whether the wide angle lens converter is includBide chapter is more

concerned with demonstrating that the proposed method of reconstruction gives
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superior results, rather than the absolute value of thossults. The wide angle
converterdoes howeveaffectthe quality of the imag@roduced;thereforeit was

removedto eliminate any aberrations it may cause in the image.

In both dimensions, at intervals of 0.08 m, circlesgliaineter 0.04m formed a 13 ¥
grid of 52 known pointsChapters demonstrated a method to extract accurate known

points from a grid of projected circles.

The four corner points plus the twoichpoints along the long dimension formed the

set of six control points. The numbering of these started with 1 at (0, 0) and proceeded
in a clockwise direction. As illustratedrigure6.1, the board was captured by a

camera located at the midpoint of the short board dimension;lsatk 0.22 m from

the board and elevated by 0.11 nx€ 1.18 m,Y=0.12 mZ=0.11 m). As in Chter5

the camera was &ony FDRX33, but this time without a widangle lens converter.

The capture resolution was 4K (3840 pixels x 2160 pixels).

The image dtection, intrinsic calibration and known world point extraction followed
the procedure listed in Chaptér It was assumed that the extracted d&centres

were error free. The image control points were taken from the set of extracted circle
centres. As no wideangle lens converter was mounted, Browns distortion model
(Brown 1971as used. The focal length, principal point, tangential distortion and
three term radial distortion were estimated-igure6.2 displays the plane frame with

the overlaid circle centres.
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Figure6.1: The experimental setup. The control points are indicated and labelled in grey. The camera was positiodéd Btl8 m,Y=0.12 m andZ= 0.11m.
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Figure6.2: The plane frame overlaid with the extracted circle centres.

6.3 Classic Method of Reconstruction
}uP u @ouguet 2015)mplementation of(Heikkila & Silven 199Was used to

determine Porgjeciion. This is a twestep process:

1. Initial Estimate Estimate the homography that transforms from world
coordinates to cameraoordinates
2. Refine the EstimateConvert the homography t6»gjecrion and refine the

estimate by minimising the projection error.

The fit of Porgjection Vv A u]v pe]vP Z }VSE}o %}]vS[e €& +po0S
error. Figure6.3A compares the resultant projection error after the initial extrinsic

estimate and the refine procedure. It can be observed that after the initial estimate

control point 5 has a relatively large projection error. As expected, the refine

procedure adjust$sjecion to minimise the total projection error. This reduces control

% }]vS fi[e %o@E&}i S]}v EE®}E S SZ A% ve }(}SZ & }vSCE

procedure Forjection has the minimal projection error.
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Figure6.3: Classic Method For each control point and the mean, after the initial estimate atfte refine
procedure: (A) The resultant projection error. (B) The resultant reconstruction error. Error bars on mean indicate
the standard deviation.

The minimgation procedure weights all pixels the same irrespective of their position
on the calibrated fane. Yet it can be observedhigure6.4 that there is a large range

of planar resolution over the control points; a one pigelor at control point 1

accounts for a larger world error thaone pixel at control point 5. Worgjection™ IS

used for reconstruction, there is a bias towards those points witigher planar
resolution.Figure6.3B displays the resultant reconstruction error, computed using
Porgjection”? and the method outlined ifDunn et al. 2012)after the initial estimate and
the refine procedure. If optimal, the reconstruah error would besimilaracross alll
control points. Instead the reconstruction error is biased towards control points 4 and
5, those points wih high planar resolution.
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Figure6.4: For each of the world known points, indicated by thelX, Y)position on the calibrated plangthe
effect of a one pixel difference on the reconstructed coordinates in metres. (A) A one pixel difference iw the
dimension.(B) A one pixel difference in thedimension. The colours indicate the absolute magnitude of the
difference. The arrows indicate the direction and the relative magnitude of the difference.

The nonroptimality of Purjecrion™ can also be observed by thacrease irthe mean
reconstruction error as a result of the refine procedure. After the initial estimate,
despite having the largest projection error, control point 5 has the second lowest
reconstruction error. As stated previously the refine procedureuss$ control point
e % E}i S]}v EE}EX higBiahar rEsdltién sohe large reduction
in projection error results in a relatively small reduction in the reconstruction error.
Subsequently, the projection error for control point 2, isfh has a much logr planar
resolution is increased, which has a much larger negative effect on its and the mean
reconstruction error.
6.4 Proposed Method of Reconstruction
The previousectionillustratedthat for a camera pose with a high rangepddinar
resolution, Porjeciion! is Not optimal when reconstructing the scene. This is a result of
the minimsation objective function not reflecting the assessment criteria. Instéad,
propose to calculate the projection matrifeconstuction, by minimsing the total

reconstruction error.

Theproposedmethod uses the same procedure to estimate the intrinsic parameters
and to determine the control point correspondences. Following that the homography

from undistorted image control points to world contrpbints is calculated using
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Singular Value Decomposition. there are 6 control points, the resulting homography

is refined by miningng the reconstruction errorTheproposedmethod is only

equivalent to the initial estimate of the classic extrinsitiraation method. Similar to

the classic method it may be possible to further optimize the projection matrix in a

refine step.

Figure6.5 compares the projection error and the reconstruction error for the classic

method and the proposed method. A lower mean reconstruction errigyre6.5B)

indicates the proposed method is superior if the desire is to reconstruct the points.

The smaller standard deviation indicates more consistency in the reconstruction error

of the proposed methd over the classic method.
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Figure6.5: Classic Method vs the Proposed Metheéor each control point and the mean: (A) The resultant
projection error. (B) The resultant reconstruction error. Error bars on mean indicate the standard deviation.
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A consequence of the proposed method is control point 4 and 5 have relatively high
projection error Eigure6.5A). Preconstruction? would be worse at augmenting reality

than Purjection, @S the projection error is no longer optimized. This suggests the
extrinsic calibration procedure should be chosen based uporléséred operation of

the projection matrix.

6.5 Accuracy across the Calibrated Plane
In the previous sectioit was showrthat, for the control points, more accurate

reconstruction could be achieved by usifgconstrucion rather than Porgjeciion. However
for this to be practically useful the improvement must genseatd the entire

calibrated plane(Hudson 2015assess the quality of a calibration using the mean
reconstruction error This metric is often amompanied by the standard deviation to
indicate the variation in the reconstruction errors. Reporting the mean and standard
deviation assumes the reconstruction errors follow a normal distribution, yet as the
reconstruction error is an absolute value itigolded normal distributiorfTsagris et al.
2014) Subsequenyl the mean and standard deviation are not representative of the
true distribution of the reconstruction error$nsteadthe medianreconstruction error
wascalculatedfor all 52 known points on the calibrated plaedditionally, the

maximum and minimum @nstruction errors were computed.

Table6.1 lists summary statistics for the two methods.

Table6.1: Reconstruction statistics across the 52 known grid points for the classic method ka&gitoposed
method

Classic Method Proposed Method

Median Reconstruction Error 0.0047 m 0.0034 m
Maximum Reconstruction Errc 0.0182 m 0.0112 m
Minimum Reconstruction Erro 0.0000 m 0.0004 m
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The maximum reconstruction error has been reduced and the minimum reconstruction
error has been increased suggesting more consistency across the calibrated plane. This

is supported by the reconstruction error mapsHigure6.6.
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Figure6.6: For each of the world known points, indicated by thefX, Y)position on the calibrated planethe
reconstruction error in metre. (A) Classic method. (B) Proposed method.

Both error maps display relatively high reconstruction error in the range0.16 mt

0.4 m,Y=0.08 mt0.16 m. This is a result of the imsic model; standard deviation of
the projection error over calibration points:= 1.69 pixelsy = 1.41 pixels. The intrinsic
parameters are used to undistort the image; therefore any error is compounded in the
estimation of the circle centres. A better intrinsic model will have an effect on the
reconstruction error; however due to the systematic ned of this error, it is still valid

to state that the proposed method gives better reconstruction accuracy than the

classic method.

Apart from the anomalous region explained above, the proposed mektasda
reconstruction error less than 0.01 m acsdbe entire plane. In contrast, the classic
method exhibits a trend of relatively high reconstruction errors in the region furthest

from the camera, tharea of lowest planar resolution.
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6.6 Summary
dZ]e Z %3 E E e+« 3SZevelop as hdcuviimethod for the

reconstruction of planar points from a frame captured at the expected cameraXpose
To do so, it investigated if better planar reconstruction accuramydbe achieved by
estimating Peconstruction rather than estimating=rojecrion?, for a camergposewith a

highangle of incidence to the calibrated plane

Porojection IS the optimal projection matrix that transforms from world coordinates to
image coordinates. However, for a camera pose with a high rangkeuadr resolution,
using Furgjection™? to reconstruct world points is not optimal. The reconstruction is

biased towards the points with higtlanar resolution.

Instead, Peconstruction, the projection matrix from image coordinates to world
coordinates, can be foundirectlyby minimsing the reconstruction error. Traditionally
this minimisation is not performed because errors in the image point extraction are
propagated through tPeconstruction. This method gives a significant reduction in the

reconstruction error over the classic thed.

This chapter has demonstrated that for a camera position witiga angle of

incidence to the calibrated plansuch as thosexpected at an international hockey
tournament, minimising the projectionPeconstruction, from image coordinates tworld
coordinates, gives more accurateeanreconstruction than using thizaditional

inverse ofFurjection. It also display$ess variance in the reconstruction error across the
calibrated plane Using this projection has not previously been considenetthe

sports analytics literatureBy simply changing the algorithm used to compute the

extrinsic parameters, a performance analyst can be more confitbethie accuracy of
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coordinatesacross the entire pitchlhis change does not affect their data cdiiec
procedure.The subsequent chaptswill usethis proposedmethod to investigate the

effect ofdifferent camera conditionsn the reconstruction accuracy.
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7 Reconstruction Accuracy

7.1 Introduction
In Chaptei6, the image control points were extracted from the set of circle centres.

Giventhe limitations of the extraction method it was assumed that the extracted circle
centres were error fre@and deterministicergo the image control pointaere error

free and deterministicln an applied environment the image control points are
identified bythe performance analystlicking directly in the imagé&his is a stoctstic
process due to human error and the above asption does not holdChapter6
showvedthat there is a difference in planar resolution across the calibrated plane. This
difference means that the metric area accded for by a single pixel is not consistent
across the planeSubsequentlyt can be hypothesisethat some control points will

have a larger effect on the reconstruction error than oth&snsequentlyhis chapter
investigates the impact of error in thmntrol points on the reconstruction errofFirst

the reconstruction accuradypr the camera pos@xperienced at a recent international
field hockey tournamenis calculatedFollowing this, the chapter reportow the

reconstruction accuracy is affectéy variation in the control points.

dZ]e Z %S &E E e+« « AZsesk the sffdct W control point errors on the
reconstructiorerror _The novel contribution to knowledge for this chaptehsw

typical control point identification erroraffect the reconstructionerror when

}vel] EJVP % E(}EU Vv V OCeS[e SC%] 0 %}e S Vv Jv§ (

tournament.
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7.2 Method
A Monte Carlo metho@Metropolis & Ulam 1949F a simulation method thatises

repeatednormal distributionrandom sampling to estimate numerical resulféiscan

be applied toestimate thedistribution ofthe reconstruction errogiven the expected
variance in each of the control point&ssuminga probability distibution definedfor

each control pointa random control point vectazan be formed by sampling each
distribution. Using this control point vector the extrinsic parameters can be estimated
and the reconstruction error calculatetl.this process is repeatadultiple times, each
with a different random control point vectothe distribution of thereconstruction

error given the expected control point varianteestimated.

The modeframefor the circle condition irChapter5 was reusedAs displayed in
Figure7.1, thisframe capturedhe modified circles plane. Thisodification was
designed taaid locating the circle centre at different planar resolutiofike camera

pose was similar to that in the EuroHockey footage useéchiapters3-4.

Figure7.1: Chapter7 reused theplane frame used for the circle condition in Chaptér Thisplane frame captured
the plane of circlegshat had beenmodified so the circle centres could be identified.
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A hockey pitch has fourteen line intersections. Each of these line intersections has a
defined locatbn and can therefore be used as a control point. To replicate this in the
scale model, the circle centre closest to each intersection was used as a control point.
These control points werkabelledA-N. The labelling waslockwise around the model
plane,with Aat (0, 0). Thé~igure7.2 displays a hockey pitch schematic overlaid with

the modified centres. The control points are indicated in red.

Figure7.2: A hockey pitch schematic overlaid with the modplane. Each of thefourteen line intersections on the
hockey pitch has a defined worldoordinate, meaning they are suitable to act as control points. This is replicated
on the model by using the nearest circle centre to each intersection. These control points, indicated in red, are
labelled A-N clockwise from A at (0, 0).

In thisthesisthe control point clickeccoordinateis assumed to follow &vo-
dimensioral Gaussiamlistribution. The differencedescribed by this distributionan be

attributed to:

1. Misidentification of the correct point in the imag&hisis unpreditable and

cannot be modelled.
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2. Misalignment of the cursor with the correct point in the imagaisis

modelled here by the Gaussian distribution.

A Gaussiadistribution can be represented by the mean value and a covariance matrix.
Chapteﬁshowed that the vaanceof the clicked pointgs similar across the calibrated
plane; however itannot beassumel that this is also true of the covarianaad as

such a unique covariance matrix was used for each of the control péiotsach of

the 14 control pointstie mean value andovariance matx were calculated by
manuallyclickingthe point twenty times. Two hourswvas left between eackampleto

limit the learning effecttaused by memorising the point that was clicked.

Sixteendifferent control point conditionsvere consideredThe conditions were
defined by how the control point vector was constructdthe firstcondition
constructed the control point vectdrom the mean clickedector. Condition 2used
the mean clicked vector for all points apart from confpoint A which was randomly
sampled fromits calcubted Gaussiamlistribution. Similarly conditions 315used the
mean clicked vectdior all points apart fronB-N respectively Finally condition, 16vas

constructed by sampling all the control point$e construction of each condition is

summarised ifTable7.1
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Table7.1: The control points that were randomly sampled for each of the control point vector conditions. If a
control point was not sampledt was set to its mean clicked value.

Control Point Vector Which control points were randomly
Condition sampled?
1 None t Used the meanlickedvector
2 A
3 B
4 C
5 D
6 E
7 F
8 G
9 H
10 I
11 J
12 K
13 L
14 M
15 N
16 A/ B,CD,EFB,IJKL MN

For each control point condition

1. The following was performed @00 times:
a. The control point vector was set to the mean clicked vector
b. Each control point that wa® be sampled was updated with a value
drawn from the relevanGaussiamistribution.
c. The extrinsic parameters were calculated using the methaduced
in Chapte6| The intrinsic parameters were those calculated in Chapte
d. Thecircle centres extracted in Chaplwere reconstructed onhe

calibrated plane and thenedianreconstruction erromwascalculated.

146



2. The mearand standard deviation of themedianreconstruction error was

calculated.

Forcondition 1the process was not repeated 000 times ast used the mean clicked

control points.

7.3 Results and Analysis

Figure7.3|visualisesfor each control pointthe two-dimensionaprobability density

function (pdf) generatedfrom the clicked dataThe control points were sampled
randomly from these probability density functioria.general the pdfs have more
variance in thavzdimension than thevdimension.This igprobablydue to the higher
resolution in thevdimension tharthe vdimension yet is counter to the findings in
Chapteﬁ Control pointsBandM had no variance in one dimension and as such are

displayed as lines.

Figure7.3: The probabilitydensity functions (pdffor each control point The pdfs are positioned relative to the
corresponding control point.
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Figure7.4|plots the reconstruction error focondition 1,the mean clicked control

points. The box plot follows the convention ¢fukey 1977)The median value is
indicated by the red line and the interquartile rang®R)by the blue box. The extent
of the whiskers denotes the highest datum within 1.5 IQR of the 3rd quartile and
lowest datum within 1.5 IQR of the 1st quartile. Any datum outside the range of the
whiskers is classed as an outlier and marked with a red chodhis case there were

no outliers.

Figure7.4 The reconstruction error for the set of mean control points. The box plot follows the convention of
(Tukey 1977)

The median reconstruction error when using theanecontrol points was 0.0043 m

with an interquartile ange of 0.0025 m {iQuartile = 0.0032 n8"™ Quartile = 0.0057

m). (McInerney 2017%uggested that £0.5 m is an acceptable reconstruction error for
field hockey. To make thesror applicable here it must be reduced by the same scaling
factor as the model; subsequently a reconstruction error of 0.005 m is deemed
acceptableln this thesis tk percentage oknown worldpoints that are below this

value will bedesignat S ZAozptable (E &} E Z AcceltatlZError Rate for the

mean control points was 63.5%.
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As onditions 216 were performed using #onte Carlo simulatiojrather than a
single median reconstruction error there is a median reconstruction error for each

simuhtion. Consequently a median reconstruction error probability distribution can be

constructed for each conditioffzigure7.5(displays the medianeconstruction error

probability distribution for the control point vector conditions-25. The mean median
reconstruction error wasonsistent across the control point vector conditio@0043
m), the same as the median reconstruction error when usirggrtiean control point
vector. This is to be expected as then-meancontrol points were sampled froma
Gaussian distributiorHowever the standard deviation varied across the conditions.
The median reconstruction error exhibited little variarfoe the canditions where the
sampled control point was on the neside of the planeln contrasithe median
reconstruction error displayed more varianfme the conditions that sampledontrol
pointson the far sideof the plane Thispattern can be attributed tahe planar
resolutionand isparticulaty evidentwhen comparingonditions 7 and 10Condition 7

randomly sampled control poir®and condition 10andomly sampleaontrol pointL

It can be observed JRigure7.3|that these two control points have very similar

sampling distributionsyet Gis an area ofow planar resolution andLin an area ohigh

planar resolutionTheresult of this, which can be observenfl—‘tigure?.S is that

despite the mean of the median reconstruction errbeing similar the standard
deviation ofthe median reconstruction error forondition 7 is an order of magnitude

larger than condition 10Gondition 7 %.000069m vs Condition 10 %.000008m).

This result can be explained by considering the process of extrinsic calibration. The
extrinsic calibation finds the rigid homography that minimises the distance between
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the world control points and the image control points projected onto the world plane.
In areas of low planar resolution the same variance in the image point results in larger
variance irthe world point. Larger variance in the world point results in larger variance

in the extrinsic parameters and as such larger variance in median reconstruction error.

Figure7.5: The median reconstruction error probabilitglistribution for control point vector conditions 215. The
error probability histograms are positioned relative to the control point that they randomly sampled.

Control point vetor condition 16 considered the more realistic caggereall control

points were subject to some random errigure?.6|displays theprobability

distributionfor the median reconstruction errordNote that the probability scale is

different to that used ifFigure7.5| Themeanmedian reconstruction error for

condition 16was0.0043 m andhada standard deviation of 0.00028; therefore 95%

of the time the median reconstruction error will be between 0.0037 m @@d)49 m.

As noted previously the mean median reconstruction error is the same as the mean
}JVEE}o %}]vS[e u ] v E }veSEMU S]}v EE}E pe S8Z

from a Gaussian distribution.
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Figure7.6: The median reconstruction error probability for the control point vector condition 16. Note that the

probability scale is different to the plots |rl¥igure7.5

The minimum median reconstruction error was 0.0034 m. While it can be claimed that

the control point vector that gave this result is optimidlcannot be inferred that this
control poirt vector is closest to the true control point vector. The distortion model is
not error free and as such residual distortion remains indbetrol points. The

control point vector with minimal median reconstruction error is theedhat best

compensategor thisresidual distortion.

The mean Acceptable Error Rate was 63.5% and had a standard deviation of 1.1%.
Again the fact that this value is the same as for the mean control point vector can be
explained by the Gaussian nature of the control point skmgpThe standard deviation
of 1.1%, which equates to 1.15 points, suggests thatlom noise in the control points

causedittle variation in the number of the points that are below 0.005 m.

7.4 Summary
dZ]e Z %S &E E -+« 3$Assepshe aéffiekt af/control point errors on the

reconstructiorerror _ Experimental datavas usedo estimatethe expected twoe

dimensional distributions for each @# control points.Given the distributions for the
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14 control points, 16 different control point vector conditions were definddnte
Carlo simulation was used to estimate ttmiedian reconstruction error distributiofor

each control point vector condition

Thefirst control point vector condition wed the mean control points and had a median
reconstruction errorof 0.0043 mand interquartile range of 0.0025.1ihe Acceptable
Error Rate was defined as the percentage of the known world points that had a
reconstruction error less than 0.005 fmhe Accefable Error Rate for the mean control

points was 63.5%.

The next 14 control pointector conditions eacliandomlysampleda single control
point. The resulting distributions indicate that variance in the control points in areas of

low planar resolution case more variance in the median reconstruction error

The final control point condition randomly sampled all 14 control points. The resulting
median reconstruction error distribution had mean 0.0043 m and a standard deviation
of 0.00028mThe Acceptable Eor Rate had mean 63.5% and a standard deviation of
1.1%. These statistics are an indicatiof the expected median reconstruction error

for the camera pose used for the rest of the footage in this thddisy suggest that

over half of the reconstructedgints were within 0.005 m of their expected location
however equally this means th&dr 36.5% othe pointsthere is an error of greater

than 0.005
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8 Camera Assembly

8.1 Introduction

As noted in the literature review, 4K footage has four times as rpawmjs per unit
area than HDThis means that the image representation of an object in the scene is
comprised of more pixels and esssuchmore detailed Anincrease in detail is useful in
the computer vision taskpresentedin Chapteran However, it must be ensured

that this increase in resolutionogs notincreasethe reconstructiorerror.

The previous three chapters have all useBDRAX334Kcamerawhen considering
camera calibrationHowever, i is unknown ithis camera assemblyives typical
performance.This chapteinvestigates this bgomparing the reconstruction error for
three different camera assembliekt reports both an inter camera and intra camera

comparison to investigate if thebservedeffect is hardware specific.

dZ]e Z %S &E E +- + AZsesk the sffdct W camesasemblyon the
reconstruction error ®he contribution to knowledge for this chapter is demonstrating
that the specificcamera assembly is vital when trying to minimise the reconstruction
error. It also demonstrates that usiregg1:100 scale model has limitations due to the

difficulty in replicating camera poses.

8.2 Method
The study considered three cameessembks 1) 4K,2) HD-AX33 and 3) HD-PJ260VE

These were chosen, as they are representative of current consumer hardiWegelK
assemblyuseda Sony FDRX33 with a 0.28x Raynox HREOOES lens convertand
captured atan image resolution 3840 pixels x 2160 pixelfheHD-AX33assembly

used the same camelaut the imagecaptureresolution was set to 1920 pixels x 1080
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pixels Thisassemblywas included to ensure that the identified effect is due to the

resolution rather than a difference in hardwareheHD-PJ260VEssemblyuseda Sony

HDRPJ260VE with a 0.3x Opteka Platimum Series lens converter and captured at 1920

pixels x 1080 pixel§heseassemblydetails are summarised|ifiable8.1

Table8.1: Details of he cameraassemblisincluded in the study.

Assembly Imaging Device Resolution

4K Sony FDRRX33 + 0.28x 3840 pixels x 2160 pixels
Raynox HDR800OES

HDAX33 Sony FDIRAX33 + 0.28x 1920 pixels x 1080 pixels
Raynox HDR80OES

HDPJ260VE Sony HDRPJ260VE 6.3x 1920 pixels x 1080 pixels

Opteka Platinum Series

Each camerassemblycapturedan image of the model plarfeom a camera pose

similarto that of the EuroHockey footage (Bhapterﬂan Thecamera pose was

identical for the 4K an8iD-AX33assemblis, however due tdhe difference in the

physical properties of the cames;aan identical poséor the HDPJ260VERssembly

could rot be guaranteedThe model plane was similar to the model plane used in

Chapteﬁhowever filled circles were used@hefourteen control points were those

used in Chapt

For each camerassemblythe data collection procedure and the ciraentre

extraction procedure were the same asathn ChapteEI This gave a set of intrinsic

parameters anch set of mage known pointgor each camerassembly The fourteen

image control points were extracted from the set of image known points and the

extrinsic parameters were estimated asGhapteEI Theknown points were

reconstructed and the reconstruction ercalculated.
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TwoWilcoxon signedaank tess (Woolson 2008)ere performedto compare 4K vs
HD-AX33and HD-AX33vsHD-PJ260VEThe Wilcoxon signedank test is anon-
parametrictest that uses paired samples to determine if two populations have the
same distribution. It isised herebecause the recastruction error forms dolded

distribution and as such parametric tests are unsuitable.

8.3 Results and Discussion

Figure8.1|displays a boxplot of the results for each of the camessemblis. As in

Chaptef7|the boxplot bllows the convention ofTukey 1977)

Figure8.1: The reconstruction error in metres for each of the camerssemblies. The box plot follows the

convention of(Tukey 1977)The median value is indicated by the red line and the interquartile rarfifgR)by the

blue box. The extent of the whiskers denotes the highest datum within 1.5 e 3rd quartile and lowest

datum within 1.5 IQR of the 1st quartile. Any datum outside the range of the whiskers is classed as an outlier and
marked with a red cross.

An important thing to highlight is the difference betwethre 4K result here and tha

presented inFigure7.4| Despite these boxplots purporting to measure the same thing,

the results herdmedian reconstruction error = 0.0007&8)e worse than irchapte
(median reconstruction error = 0.0043 nThis difference iattributed to an

inconsistence in camera pose. Camera pose is a combination of camera location and

cameraorientation. As displayed |JRrigure8.2| care was taken to ensure the camera
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locationin the repeated experimentassimilar; however the same care was not
afforded to the camerarientation. This highlights &undamentallimitation of using a
scale model to assess tiheconstructionerror; a small absolute change to the pose has
an exaggerated effect on the scale model. For exampl@ @nlcameratranslationat

true scale, equates to a 1imtranslation on the scale modeit.is thereforedifficult to
ensure an identical pose when an experiment is repeatedhe scale modelt can be
supposed thathe assessment ahe reconstruction on an actual pitch woulbse more
repeatable as the camera can be placed with more accyutamyever this has

practical limitations and other errors must be considered, i.e. errors in the placement

of the world known points.

Figure8.2: Theplaneframe from Chaptoverlaid with the 4Kassembly Despite thetwo camera locatiors
beingsimilar, the cameraorientations are inconsistent.

In this chapter care was taken to ensure each camera assembly veasl giathe same
position and orientation and as such results between the different camera assemblies
are comparable. Therefore the investigation into the effect of the different camera
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assemblies on the reconstruction is valid. A more extensive invesitigatio the

effect of pose on the reconstruction accuracy is included in Chapter 9.

Thenext sectionwill compare the 4kassemblywith the HD-AX33assemblyi.e. it will
consider the effect of resolution keeping the hardware consistent.foha@wing
secton will compare theHD-AX33assemblywith the HD-PJ260VEssembly This
comparison is important to determine éiisting 4K hardware is limiting the

reconstructionaccu racy

8.3.1 4K vs HD-AX33

It is clear ifFigure8.1{that 4K andHD-AX33assemblis had similareconstruction

error distributiors. This is supported by the Wilcoxon sigreahk test which indicated

no statisticakignificantdifference between the twassemblis (z=1.50,p< 0.134.

The image is a projection of the world scene onto the image plane; however the image
is formed from discrete pixels. If it is assumed that a point can only be identified to the
nearest pixel it cabe supposed that a point in the HD scene cannot be extracted as
accurately as a point in the 4K scene. It follows, that in a theoretical world where there
are no errors other than those due to the limits of the image resolution, the rigid
homography shouldit the 4K points better and therefore the reconstruction error
should be lowerHowever,here the control points are formed from theorld known
pointswhich areextracted to subpixel accuracis such this error is eliminated and

the 4K world known poiis areequivalent tothe HD world known pointbut scaled to

the larger resolution. This is a major limitationtbé study and could have been
addressed by manually identifying the control points. The control points were not

manually identified becausiéwas deemed the automatic extraction was more
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accurate.On reflectionthis was a mistaken the methodas the accuracy with which
the control points can be identified a key componenvhen comparing the two

resolutions

Figure8.3lillustrates that the planar resolution is approximately halved when using the

4Kassemblyrather than the HRAX33assembly This is the expected behaviour as the
number of pixels is doubledhile the reconstructed area remains constant. As noted

]lv §Z]e Z %S E&[*e JVSE} M S]}vU S§Z]Je Jv E + ]Jv %0 v E E
can be resolved, increasing the accuracy of the image representation of the world and

aiding the computer vien operations.

Figure8.3: For each of the world known points, indicated by thglX, Y)position on the calibrated planethe
planar resolution for the 4K and HBX33 camerassemblies. Top Rowt The effect of a one pixel change in the
dimension on the reconstructed coordinates of each circle centre. Bottom Riolihe effect of a one pixel change
in the vdimension on the reconstcted coordinates of each circle centre. The colours indicate the absolute
magnitude of the difference. The arrows indicate the direction and the relative magnitude of the difference
within a cameraassembly
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8.3.2 HD-AX33vs HD-PJ260VE

It is clear from tle boxplots ifFigure8.1|that the reconstruction errors for théiD-

AX33assemblyand theHDPJ260VEssemblycome from different distributionsThis is
supported by the Wilcoxon signednk test which indicated a diatical significant
difference between the twassemblis (z= 868, p< 0.000) This is due to the
different hardware and can be attributetd residual distortion because df-fitting

intrinsic parameters.

The residual distortion due to the intrinsic parameters can be assessed using the mean
projection error of the calibration points. For th#D-AX33assemblythe mean

projection error was 0.95 pixels and for thl>-PJ260VEssemblyt was 0.57 pixels.
Thesevaluesindicatethat the intrinsic parameters were able to better model tH®-
PJ260VHata than theHD-AX33data. This is supported by the #igrojection error

maps iTFigure8.4 For the HBPJ260VEhe re-projection errors are quit@niform

across the frameThey tend to increase towards the periphery of the circular image

but this is minor when compared to the HEX33. The r@rojection errors for the HD
AX33 exhibiboth more variance across the entire fraraad higher residual distortion

in the points on the periphery of the image. The following paragraphs explain how this

residual distortion impacts on the reconstruction error.

Figure8.5(displays the reconstruction error heat maps for the-AR33 and HD

PJ260VE cameessembks. The colours indicate the absolute magnitude of the error.
The arrows indicate the direction and the relative magnitude of the vector required to
transform from the reconstructed world points to the actual world points. Despite a

larger magnitude in tt HDAX33assemblythe pattern of the errors is similar in the
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HD-AX33assemblyand the HBPJ260VERssembly This pattern is due to residual
distortion in theundistortedimage. More specifically it is because the most extreme
control points, those at (00, 0.00) and (0.96, 0.063ll in the areas that havalarge

amount of residual distortion.

Figure8.4: A map of there-projection error for each of the HD intrinsic calibrations. Each dot represents one data
point used in the calibration. The size of the dot is the associated relativ@raection error. (A) HPAX33. (B)
HD-PJ260VE
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Figure8.5: For each of the world known points, indicated by thglX, Y)position on the calibrated planethe
reconstruction errorin metresfor the HD-AX33and HD-PJ260VEameraassemblies. The colours indicate the
absolute magnitude of theerror. The arrows indicate the direction and the relative magnitudéthe vector
transformation required to move from the reconstructed world points to the actual world points

The known world pointsofrm a grid which can be defined byenty one straightines.

As the extrinsic calibration is a rigid trémsnation from image points to world points,

it follows that in a perfectly undistorted image the corresponding image points should
alsobe incidentto a grid of straight linesAny esidual distortiornin the image will

result in deviation from this grichowe\er, this grid is unknown Instead wecan
considerthe inverse operationgse linear regression to fit a straight line to the

expected points anthen examine the residuals of this.ﬁigure&G visualises this

operation. Here theaed crosses denote the normalised, undistortetbwn image
points for theHD-AX33assemblyThe blue grids formed of thetwenty one straight

linesfitted using linear regression.

ExaminingFigure8.6|it is evidentthat pointsfurther from the principal point have

more residual distortion. This is particularly apparent in the pdinéd form the
lowest of the horizontal linesAt both ends of the line the points have not been

undistorted enough with means the points form a ocug rather than a straight line.
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Figure8.6: For theHD-AX33assemblythe normalised, undistorted known image points are marked with red
stars. A blue line is fit to the points that form each of the twenty one expected straight lines. If the image was
perfectly undistorted the image points would be incident with the line. Instead the points form a curve.

Given the fact the extrinsic calibrati assumes a rigid transformation and the fact the
known imagepoints form a curve it is easier to explain the pattern of the

reconstruction errors ifrigure8.5| The two points (0.00, 0.00) and (0.96, 0.00) are not

fully undistorted, therefore the distancen the imagebetweenthese points andhe
others is less than it should b&s these two points are used as control poitite
extrinsicmodel is constrainedo fit them. This has the effect of pullinge

reconstruction of theother pointsoutwards towards the point, giving the pattern

observed ifFigure8.5

In hockeyonly averysmall percentage ahe matchis played in the extreme corners
of the pitch. This is even more apparent with the abolition of long corners.
Subsequentlyt may be preferred to achieve higher reconstruction acrossréstof
the pitch at the expense of the corners of the pitch. Further work could investigate
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this, specifically the effect of not using control poidtandKin the estimation of the

extrinsic parameters.

The results of this chapter suggest thathié automatically extracted circle centres are
used as the control points then there is no difference in the reconstruction error for
the HDAX33assemblyand the4Kassembly Despite this, it also found thélhe HD-
PJ260VBardware gave superior results to the 4K hardware used in the prior chapters.
Subsequently the nexthapter willuse theHD-PJ260VBardwareassemblyto

investigate the effect of camera pose tite reconstruction error. Using this hardware
assemblyminimises the error due to an4iitting intrinsic model so we can be more

confident that the differences in reconstruction error are due to the camera pose.

8.4 Summary
This chapter addressed the objdoh Wsse’ss the effect of camesasemblyon the

reconstruction error Fhree differentcameraassembliesvere considered4K,HD
AX33andHD-PJ260VEThe 4K antHD-AX33cameraassemblis were compared to
assess the effect of resolution on the reconstruction error. ABAX33andHD
PJ260VEameraassembliswere compared to assess if the reconstruction error was

limited by the hardwaressembly

The 4K antHD-AX33comparison showed thatigen control points automatically
extracted as circle centres the two reconstruction errors are very similar. This is to be
expected as if the control points are extracted on a continuous scale then HD is just a
0.5x scaling of 4K. Yet it highlights atation in the comparison methodf the

Chapter In practice the control points are clicked pixels which are discrete in nature.
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The study was unable to assess the impact of the difference in discretisation, the key

difference between 4K and HD.

The secondomparison between the two H&ssemblis found thatthe HDPJ260VE
hardwareassemblygave superior reconstruction error to the hardwassemblyused

in the prior three chapters. This was because the intrinsic model was better able to fit
to the lens disbrtion. Subsequently the next chapter will uge HDPJ260VE
hardwareassemblyto investigate the effect of camera pose on the reconstruction

error.

The results, when compared to those in Chapter 7, highlight a fundamental limitation
of using a 1:100 s@model to assess the reconstruction error. At this scale it is very
difficult to ensure an identical pose when repeating an experimer 1:100 scale is
such that a small absolute difference in pose can result in a large relative difference.
These smalabsolute differences in the pose are sufficient to give significantly different
results More repeatable results may be achieved by calculating the reconstruction
error on a full scale hockey pitch; however this has other practical considerations, i.e.

what is the error in the placement of the world known points?
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9 Camera Pose

9.1 Introduction

Camera pose is the location and orientation of the camera relative to the world
coordinate system. While at many tournaments a performance analyst is restricted to
a specific camera pose, at some tournaments they may have a choice. Each camera
pose will have a different view of the pitch and therefore captures a unique projection
from world coordinates to image coordinates. It follows that the inverse
transformation, thereconstruction from image coordinates to world coordinates, is
also unique. Each of these unique transformations has a different associated

reconstruction error.

(Brewin & Kerwin 2003; Hinrichs et al. 2008)estigated the effect of camera pose on
reconstruction error, however both only considered-BRT Here(Kannala &randt
2006)[* u & ui} applied, thereforehis chapter investigates how the camera

pose affects the reconstruction error.

This chapter addresses the objective:ee ¢¢ 57 (( S }( u & %o} }v SZ
E }veSEY S]The ddntEdiuddn Xknowledge for this chapter is the effect of

the camera pose on the reconstruction error. This knowledge could be used by a
performance analyst to assess the reconstruction error given a camera pose, or to

choose a camera pose from those available.

9.2 Method
In both dimensions, at intervals of 0.08 m, circledliaimeter 0.04m formed a 13 x 8

grid of 104 known points. This 0.96 m x 0.56 m scale model was printed onto a flat,
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rigid board.The study used the same control points as in Chﬁté’lhese control

pointsare marked in red ‘lﬁigureQ.l

Figure9.1: The camera poses considered in the study. The camera poses are colour bygdbdir designation:
Near t Blue, Mid t Green or Fart Red. The world known points used as control points are indicated as red dots
and labelled with their world coordinates.

The study considered the fifteen different camera poses illustratgelgnre9.1{ Due

§} 8Z + o0 u} of[* A} o]v e }( *Cuu SCECU ]38 A - u HVV
any camera pose beyond the midpoint of either dimension. The camera poses were

determined as a combinatn of two factors:

x dzZ u [ J*Sv (E}uSZ « 0 u} oX dZ]e ]- tu ]
u [ ]S Vv 38§ |l (E}u $Z « 0o u} o v §Z u C
The camera poses available at a stadium are dependent upon its bowl profile.
As stadia ee built to meet certain bowl profile guidelines, there is a
E o0 8]}veZ]% SA v  %}]vE[e o 3 | ]38 v v ]88« o
relationship can be used to calculate reasonable camera pbkestadia

guidelines could be found for the Internationab¢key Federation, therefore the
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three distances were determined based upon the guidelines of (HFFA

Fédération Internationale de Football Association 20These distances are

denoted in tre camera pose label by a letté\: t near,M tmid orF tfar.

dz

u E [' %o}'

E o 3]A

§} §Z + 0 u} oX &]JA

relative to specific markings on the field hockey pitch. These poses, denoted

by a number were as follows:

The effect of each of thesedtors was investigatec

1. Themidpoint of the X dimensiortin line with the intersection ofhe

half-way line and the side line

2. Three quarters of the way along the X dimenstan line with the

intersection of the quarter line and the side line

3. The corner of the scale modeketback diagonally from the corner of

the pitch

4. One fifth of the way along the Y dimensi¢m line with the

intersection of theshootingcircle and the goal line

5. The midpoint of the Y dimensiotdirectly behind the goal

ITable9.1|lists the coordinates of

each camera location considered. Pd§kis similar tothe cameragposeused to

capture the footage used in other chapters of this thesis.

Table9.1. The location of the camera poses in the world coordinate system.

X

N
Y

Z

X

M
Y

Z X

F
Y

Z

0.48
0.72
1.07
1.11
1.11

a b wdNPEk

-0.14
-0.14
-0.11
0.12
0.28

0.09
0.09
0.09
0.09
0.09

0.48
0.72
1.09
1.15
1.15

-0.19
-0.19
-0.13
0.12
0.28

0.12| 0.48
0.12| 0.72
0.12]|1.12
0.12] 1.19
0.12] 1.19

-0.23
-0.23
-0.16
0.12
0.28

0.15
0.15
0.15
0.15
0.15
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The daa collection and analysis method were the same as presented in Ci@&pter

9.3 Results and Discussion
The box plot ifFigure9.2(displays the reconstruction error for each of the camera

poses.Again he box plot follows the convention ¢Tukey 1977)

Figure9.2: The reconstruction error for each of the camera poses. The box plots follow the conventigmuey
1977) The median value is indicatdaly the red line and the interquartile rang@dQR)by the blue box. The extent
of the whiskers denotes the highest datum within 1.5 IQR of tH8 @Quartile and lowest datum within 1.5 IQR of
the 1% quartile. Any datum outside the range of the whiskers igssed as an outlier and marked with a red cross.

The results iEigureQ.Z indicate that for all camera poses the expected median

reconstruction error is less thaiMclnerney 2017) eicceptable erroradjusted for
scale of the model. Ydor only pogsFlandF2are all points below the acceptable

vaIue.Chapteintroduced the Acceptable Error Rate (AER), the percentage of points

that were reconstructed withess than 0.005n error|Figure9.3|presents the AER for

each of the camera poses. For all camera poses the AER is at least 70%.
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Figure9.3: For each camera pose, thcceptable Error Rate, the percentage of points that were reconstructed
with less than 0.005 m of error.

There are two patterns in the median reconstruction errors presentdgeignre9.2

1. The median reconstruction error decreases as the camera is moved further
from the pitch.
2. The median reconstruction error increases as the camera is moved from the

midpoint of the long dimension to the midpoint of the short dimension.

Given thesgatterns a performance analyshould be advised to locate the camera as
far from the pitch and as close to the halfway line as possible. The remainder of this
section will explore whytte different camera poses have different reconstruction

errors.

As noted previously, as the camera is moved further from the pitchntedian
reconstruction error decreases. One possible explanation for this is the reduced
required angle of view. A widangle lens is designed to project an entire hemisphere
as a finite circléShah & Aggarwal 1996jth the resulting projection subject to barrel
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distortion. (Kannala & Brandt 200@&)odel this distortion as a function of the angle
between the principal axis and the incoming ray, the angle of incidence. An incoming
ray with a higher angle of incidence will be more distorted. As the required ahgle
view is reduced, the maximum angle of incidence will be reduced and as such the
maximum distortion will also be reduced. If the maximum distortion is reduced the
complexity of the distortion is decreased and it follows that the distortion model can
fit more accurately. This is supported by the projection error for the intrinsic

calibration for each of the camera pogé&sgure9.4(displays the effect of fod¢dength

(fo) on the projection error. Focal length is used here as an approximate measure of
the angle of view. A lowefcindicates a wider angle of view. The camera model
allowed for different focal lengths in theand vdimension. Hergcis the focal length

in the vdimension.Theestimatedfocal lengths for each camera pose are listed in

Table9.2
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Figure9.4: The relationship between the focal lengtifd) in the u dimension and the mean projection error.
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Table9.2: The estimated dcal length in pixels for each of the camera poses.

N M F
1 748.03 821.01 902.43
2 793.37 895.14 973.74
3 1468.06 1538.67 1608.17
4 1025.07 1142.31 1320.81
5 882.34 1021.73 1174.36

As expected the mean projection error decreaseg#ascreases. This relationship

appears to hold untifc C iTi1 % ]A& 0X § 8§Z]e %}]vS §Z u Vv %@E}i ¢
to around 0.6 pixels. Thisdue to the use of a widangle lens convertor. The wide

angle lens convertor supplements the existing Isystem. The existing lens system

hasa zoom range that is suitable for use with the convertor, beltins range there

are optical effectsthat the model is unable to account for.

Despite the evidence that the angle of view has an effect on the projeetian,

Figure9.5[shows that the angle of view does not have a similar effect on the

reconstruction error. This suggests it is not the angle of view baotren factor that is
causing the difference in median reconstruction error. | propose this factor is the range
of the planar resolution of theircles in the model imagédhis will be discussed in the

following sectiors.
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Figure9.5: The relationship between focal lengttfd) in the u dimension and the median reconstruction error.

Figure9.6[displays the model images for the pos$és M1 andF1 while the magnified

regions in the cubuts focus on the 40 pixel by 20 pixel region around the control
point at (0, 0.56). It is cledhe range of he planar resolution €écreases as the camera
is moved further from the model. Th@anar resolution has tw possible effects on the

reconstruction error:

1. Error in the Control Point ExtractionThe calculation of the reconstruction
error relies on accurate control points. Any error in the control point extraction
process will introduce error to the reconstruction error. In this study the
control points wereextracted from the set of circle centres. The circle centre
extraction process fits an ellipse to the representation of each of the circles in
the undistorted model image. It is the statistics of these ellipses that are used
to estimate the circle centred\ circle with a lower planar resolution whlave a
smaller image representation. An ellipse fitted to a circle with a smaller image
representation is more sensitive to each pixel; the removal of a single pixel has
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a greater effect on the ellipse statiss. If it is assumed a larger image
representation allows for more image detalil, it follows that the fitted ellipse is
more representative of the true circle and the extracted circle centre is more
accurate. Still it does not follow that the extractedobér centres of

progressively larger circles will be more accurate; it is more likely the accuracy
increases rapidly but then soon plateaus. Given this, a smaltgeran planar
resolution implies that the planar resolution is more cistent across the

whole calibrated plane, which will have the effect of reducing the mean circle
centre extraction error.

Error in the Control Point CorrespondenceSourteen of the circle centres

were used as control points. The control points are correspondences between
image coordinates and world coordinates. To achieve an accurate extrinsic

o] & S]}v }JVSE}o %}]vS[e Ju P }}E Jv § upeS

(72}
(V)18
N

known world point in the image. If it is assumed that an extracted circle centre
contains error, therthe image coordinate does not correspond exactly to the
known world point (WP) but instead to the hypothetical extracted world point
(EWP). The difference between the WP and the EWP introduces error to the
extrinsic calibration. If a constant circle cenétraction error is assumed, a
lower planar resolution willesult in a larger difference between the WC and

the EWC.
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Figure9.6: The effect of camera pose on the planar resolutidfor each of camera poses N1, M1 and Fbp Row
t The model frame with &0 pixels x 20 pixelsut-out that magnifies the control point at (0, 0.56Middle Row t
The effect of a one pixel change in thedimension on thereconstructedcoordinatesof each circle centre.
Bottom Row t The effet of a one pixel change in thedimension on the reconstructedoordinatesof each circle
centre. The colours indicate the absolute magnitude of the difference. @h®ws indicate the direction and the
relative magnitude of the differencevithin a camera pose

These two effects may explain why the reconstruction error decreases as the camera is
moved further from the model and the nge of planar resolution is deeased. More

*% ](] ooC ]3] v]v E +« ]JviZ vVvPo SA v 5§z u [
calibrated plane that increases tipdanar resolution of the highliged control point.

This is a similar finding the work in(Hinrichs et al. 2005albeit this work uses

<vvo v EvS[s u€ u} oDE.AZandge sidncidénce of 0°,

an aerial view, will minimise the mge of planar resolution acros$ the control

points, therefore it could be hypothesised that this camera pose would minimise the
reconstruction error. Further work couldetermine | ( §Z u [ vPo }(]v ]

is a key factor when determining the reconstruction error.
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Figure9.7|displays the model image for camgrasesN1-N5. Again the cubut

displays the 40 pixels x 20 pixels around the control point at (0, 0.58B-Nbthe
highlighted circle appears almost as a horizontal line segment. This makes it hard to fit
an accurate ellipse and as such extract acaucaicle centres. The increase in
reconstruction erroris explained by effect number 2 above, error in the control point
correspondences. Further work could investigate how the size and shape of the circle

representation effects the circle centre extramti

Figure9.7: The model images for poses: (A) N1, (B) N2, (C) N3, (D) N4 and (E) N5.-boéinuwtach image is 40
pixels x 20 pixels anthagnifies the control point at (0, 0.56).

It could be argued that error in theontrol pointextraction is an error in the
assessment method and as such these results are not transferable to the real world.
Yet the calibration in the real world also regesraccurate control point
correspondences and the resolution with which the image control points can be

identified is dependent upon #planar resolution.

9.4 Summary
dZ]e Z %3 E E -+« 3Assepsithesdffeckdf camera pose on the

reconstructon errorXTo do so, it investigated the reconstruction error for fifteen
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different camera poses. The camera poses were chosen to be representative of those a
performance analyst may have at an international field hockey tournanidrdrefore
this chapterprovides a novel resource for a performance analyst to determine the

expected reconstruction error given a camera pose.

For all fifteen camera poses the median reconstruction error was below. 0@ m
deemed acceptablenowever there was variation imé median reconstruction erro
Therefore a performance analyst who wishes to minimise the reconstruction error

should locate the camera:

1. Asclose to in line with the half way line as possible.

2. As far back from the pitch as possible.

The difference in th reconstruction error can be explained by the rangthaplanar
resolution of the calibrated plane. Control points at a lower planar resolution have

more potential for error dueto:

1. Less accurate extraction.
2. Errors in the extraction introducing erronsto the control point

correspondences.
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10 Player Extraction Accuracy

10.1 Introduction
Chapterﬁaninvestigated parts of the algorithm necessary to extract player image

coordinates from the scene. Chap@mvestigateda method to extract player blobs
from a wideangle hockey video. Chaprained a Convolutioal Neural Network to
classify extracted blobass a player or not a player. This chapter will combine these two
chapters First it introduces a method to reform oveegmented fayers. This method
uses the Convolutional Neural Netwarlass scoret assesshe likelihood that
different combinations oblobs are players. The combinations with the highest
likelihood are considered for further analysis. Subsequen#gsessshow accurately

% 0 C (E [ecodrdinBtescan be extracted from a widangle field hockey video.
Here an accurate extractios defined as an extracted point within some distarfoaf
its corresponding expected point. The chapter will not consider the accuracy of the

appearance of the player.

The work of this chapter could be combined with the world point reconstruction

presented in Chapterﬁ9 §} oo oo §Z HE C Als§Z AZ] Z %o C EJ:
coordinatescan be extractedHowever,such a study requires accurate knoworld
playercoordinates These are unavailable for the datasisted throughout this thesis.

As the true world positions are not available, it is beyond the scope of this thesis to

assess the accuracy of the complete algoritinfuturedata collection could be

completed that collects both video anplayer coordinates concurrently, however the
researcher must consider: 1. the accuracyhe player coordinate collection

procedure and 2. how the player coordinatesnbe synced to the video.
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This chapter addressesthe i $]A /WA 43]P § Z}A HE § 0C §Z %0 C

coordinates can be extracted from widagle field hockey footage e novel
contribution to knowledge for this chapter is an algorithmetxtract the coordinates
for all the players on a hockey fielagsing a single wide angle camefauis includes the

introduction ofa method to reform ovessegmented player blob§'he chapter also

assesses the accuracy of this algorithm given the camera pose at a recent international

hockey tournament.

10.2 Method

The dgorithm for the assessment of playeoordinatesextraction can be decomposed
into three subalgorithms:1. ground truth dataset creatior®. player extractionand 3.
analysis. In the first sulllgorithm the ground truth playecoordinates are manudy
identified in a video. The second salgorithm is the workflow that extracts the player
coordinates The final sukalgorithm analyses the difference between the ground truth
playercoordinatesand the extracted player coordinateSach of theollowing

subsectionss dedicated toone of these sukalgorithms.

10.2.1 Ground Truth Dataset

Qreation Procedure

Each ground truth dataset is formed from the plageordinatesfrom one or more
videos. For each video a set of frames of interest and a seagé of interest are
defined. Thecoordinatesof each player of interest in each of the frames of interest
were identified In this work %o 0 @od@Edjratesis defined as the projection of their
centre of mass onto the ground plane. If the playerntadisnary then it was assumed

that this wasthe %}]vs u] A C SA v §Z %0 C E[e ( X /( §Z
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this assumption does not hold and the point on the ground plane was estimated from

§Z %0 C E[e %} X I( 8Z %0 C @npthdr playér tiEn np poipt C
was identified for this player in this franad thisdatumis not included in the

analysiX dZ & (}E 38Z % E} pE (JE $Z A£ESE 3]}v }( A]

follows:

x For each video in the dataset
0 For each frame ithe frames of interest
f For each player in the players of interest
x If the playerscoordinateis visible in the frame
o Clickthe coordinateof the player on the ground

plane

Datasets
Two datasets were consideten the studyBoth datasets were created fino videosin

the EuroHockey Dataset (Secti? . The videos wereapturedin 4K (3840 pixels x

2160 pixels) from an approximatameraposition relative to the gch of X= 46 m,Y=

-13 m andZ= 8 m. This is similar ttamerapositionN1in the previous chapter.

Despitethe findings of Chaptﬁ the 4K resolution was chosen to ensure that the

%0 C E[* %]E 0 E % E « v3 §]}ve A E o EP The}uPzZ (}E

camera was calibratefibllowing the method outlined in Chapﬁ

The firstdataset the FourQuarter Datasetconsidered the algorithri ability to
extract players under differergnvironmentalconditions. Theséour quarters were

chosen because of their diversity in weather and the teams represented. The weather
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has an impact on the colours in the scene, which may affect the ability to extract

players. It can also cause shadows which can haadaerseeffect on segnentation

or player localisation, both of which will decrease extraction accuracy. Each team has

a different playing uniform, each formed from different colours. The extraction

accuracy may not be consistent across these different uniforms.

Each video wacaptured at 25 HzhE frames of interest were the 18ao 349"

frame. Starting the analysis at the 18@rame allowed thebackground subtraction
algorithm to convergeAnalysing 250 frames allowed <p § A E] v ]v §Z
positions, while miataining a reasonable manual identification tinfdl 22 players
and the 2 umpires were included in the players of interest. Ovefdbequarters this

gave an approximate total @4000ground truthcoordinates.

This dataset was formed from the first B@conds of each quarter; subsequently, as

observed ifFigurel0.1{ the players tend towards the centre of the pitch and there are

very fewcoordinatesin the more extremeornerregions. The high sampling frequency

means player movement is low between frames. This results in the pilagedinates

that are globally sparse and locally dense. Therefotele the dataset allowed

comparison between diff@nt playing kits and weather, it is not ideal for assessing the

overall accuracy of the algorithm.
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Figurel0.1: The playercoordinates for the FourQuarter Dataset The cutouts indicate the relative size of a
player at different locations on the pitch.

The second datasethe Whole Quarter Datasetried to address the limitations of the
first by extracting more diverse playeoordinates. For the entirety of a single quarter,
the imagecoordinates of four players frona single team werenanuallyextracted at 5
Hz.Two defenders and two forwards were chosen to ensure full pitch coverage.
quarter was 16 minutes and 42 seconds or 250&fhes. The first 100 frames were
disposed of to allow théackground subtractioalgorithm time toconverge therefore
there was a total of 4990 analysis frames. During the quarter the players left and re
entered the field via rolling substitutions; swdzpiently there were a total of 14779

playercoordinates.
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It took approximately 10 hours tperform coordinate identificatiorfior the entire
quarter for each player. Assuming a full set of players for both teams, it is clear that
manualy identifying thecoordinates ofall the players is not viable for the

performance analysts.

Figurel0.2|displays the playetoordinates for theWhole Quarter DataseilThe

coordinates are sparser than in thHeourQuarter Dataset, yet it gives better coverage

in the left most and right most quarters.

Figurel0.2: The payercoordinates for theWhole Quarter Dataset

10.2.2 Automatic Player Position Extraction
This section highlights thelgorithm forautomatic playeicoordinateextraction for

each frameFirst the frame is segmented using the background subtraction method
introduced in Chaptﬁ This gives a set of candidate blobs that that can be
categorised as: noise, correct player, ogegmented player, undesegmented player

and multiplayer.

182



The second step addresses the Ipiem of oversegmented players. Extracted blobs
that are spatially close together are grouped to fosuper-blobs. The grouping

algorithm is as follows:

1. For each blob:

a. Calculate bounding box.

b. Extract its imageoordinateas the midpoint of the base dfi
bounding box.

c. Use the procedure outlined in Chapﬁto transform the image
coordinateinto a worldcoordinate

d. o po 3 3Z A}Eo }}E ]Jv Shecainefav (E}u §

e. Estimate the expected height and width of a player at this distance
from the camera to create an expected bounding box. The functions
to estimate height and width were calculated empirically and were
found to be proportional to the reciprocal 8Z %o }]vS[e ]S Vv

from the camera.

f. Asillustrated ifFigurel0.3| create three possible bounding boxes

o]Pv A]8Z 8z e }(8Z o} [* }uv ]vP }EW
i. One possible bounding box is centred on the midpoint of the
o} [+ }uv JvP }AX
ii. One possible bounding box is aligned with the left edge of the
o} [+ }uv JvP }AEX
lii. One possible bounding box is aligned with the right edge of
§Z o} [* }uv JvP }AEX
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Figurel0.3: The three possible bounding boxes for the blob at the base of the image. Each possible bounding box
]+ o]Pv A]§Z §Z * }( g box The régipossible bounding box is centred at the midpoint of

§Z o0} [+ }uv JvP }AEX dZ C 00}A %}ee] 0 }uv JvP }A&E ] o]Pv A]3Z §Z o (:
box. The green possible bounding box is aligned with right edge of the blob }uv JvP }AEX

g. Add the three possible bounding boxes to a set of all possible
bounding boxes.

2. For each possible bounding box create a binary vector of its intersection with
each blob. For speed of computation this was implemented as the
intersectionwitZ S$Z o} [¢ }uv JvP }AE X SS E E *pOSe |

C (]Jv JvP 8Z ]Jvs - 3§]}v A]8Z 8Z o} [+ 38p o }uv

3. The initial blob may be well segmented, as such append an identity matrix
with length that of the number of blobs to the set of pddsi binary vectors.

4. Suppress any identical binary vectors to create a set of candidate binary
vectors. An identical binary vector means the possible bounding box overlaps

with the same set of blobs; this is the case for all the possible bounding

boxes irEigurelO.3
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5. For each candidate binary vector, create its corresponding candidate
bounding box. The candidate bounding box is formed as the bounding box
for all the blobs irthe candidate binary vector.

6. Asin Chaptﬂ each bounding box was padded to make it square. The
padding was always applied tetainthe centre of the base of theounding
box.

7. Extract the set of candidate images bounded by each of the padded
bounding boxes.

8. Resize each image to be 224 pixels x 224 pixels.

9. Use the Convolutional Neural Network (CNN) trained in Chﬁmﬂinfer
the class scores for each of the images.

10.Each blob may be included in more than one candidate image but can only
be assigned to one player, therefore the class scores and number of blobs
that form the imagewere used to determine whichandidate wasuperior:

a. For eacltandidateimageget the maximum score and the
correspondingnaximumclass

b. Dispose of any candidate images where the maximum class is the
non-player class.

c. Sort the list of maximurglasses by the maximum score and then the
number of blobs in the candidate image. Candidate images with a
high score and that are composed from multiple blobs are preferred.

d. While the list of maximum classes is not empty:
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I. Takethe element at the top of tk list and add it to the set of
extracted images.
ii. Remove from the list any candidate images that share a blob

with the element.

The final step in algorithm extracts the image coordinates as the midpoint of the base

of each of theextractedimages

10.2.3 Analysis
In this work the algorithm was assessed using the rgpadn by Equation (32)

NA?_HUJQ|:OOECSJW@KO1FA@©J| (32
e E JOQIATLA?PR@EPEKJO

Where mis the maximum distance between an expected coordinate and an extracted
coordinate. This value can be presented as a graph for a rangelbfs therefore

unnecessary to select a specific threshold before the calculation.
The precision is also reportddr the Four Quarters Datasggiven by Equation (33).

JQ1=0 O E CIERK GIRA @9 33)
? E. <J
LNA?EOIE JQIATPN=?PEKJO

The precision cannot be reported for thghole QuarteiDatasetas only a subset of
the players vasconsidered. Ergo many of the extractions were not assigned to ground

truth positions despite theossiblity that they werecorrect.

The per frame matching dfexpected player coordinates witextracted plger
coordinates was treated as an assignment problem and solved using the Hungarian
algorithm(Kuhn 2010)The/ x Jcost matix was formed using the Euclidean distance

between the extracted player coordinates the expected player coordinates. The cost of
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non-assignment was set to 1008 value larger than the maximum possible distance

between extracted and expected coordinatéiserefore, if possible all extracted player

coordinates were assigned to expected player coordinates irrespective of the distance

between the two.

Despite this chapter assessing the ability to accurately extract player coordinates from

the image, theassessment itself must be performed in the metric world space. As

demonstrated in Chaptﬁ the metric area accounted for by one pixel is inconsistent

across thepitch. Performing the assessment in image coordinates would bias the

calculation to those players in positions with low metres per pixel. Therefore both the

expected image coordinates and the extracted image coordinates were transformed to

world coordinates before the calculation. This transformation has the benefit of

meaning thatnis metric and has a physical meaning. The transébion was

performed using the method outlined in Chapﬁand used the same intrinsic and

extrinsic parameters for both sets of image coordinates. It was assumed that points

were reconstructed without error.

Assessing in world coordinates@s the further option of assessing the extraction

HE C %o Vv

illustrated ir

Figurel0.4

VS H%o}Vv SZ %0 C E[* %}e]S]}v }v S§Z

the pitch was divided by &x 5 grid. This gave 40 sectors,

each of which was approximately 1F.nfror the points in each sectdquation(32)

wasapplied with arvnof 0.5 m. As earlier in this thesis, valuemivas set at 0.5 m

based on(Mclnerney 2017)
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Figurel0.4: The pitch divided by an eight x 5 grid. Easdrtor is approximately 11 f

10.3 Results and Discussion

Figurel0.5

displays the recall for the two datasets and the precision forRbar

Quarters DatasetBoth datasets give a similar recall with about 50 % of the expected

coordinates being extracted withi0.5 m. This increases to approximately 66% after 1

m after which both taper off. The precision on the Four Quarters Dataset is

approximately 75% at 1 metre. Thisaisuperior performance t¢Carr et al. 2012)

who report aprecision of 55% and recalf 50% at a tolerance of 1 metre when using

multiple cameras. This result suggests that the coordinate extraction algorithm is

achieving stateof-the-art performance despite using a single camera.

Figurel10.5: For each dataset, the recall of the expected image coordinates that are matched with a detected
image coordinate given a maximum acceptable distancemfFor the four quarter dataset the precisios also
included.m= 0.5 m andm =1 m are marked with a dashed line.
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The characteristics of the recall lines can be attributed to two main factors: incorrect
extraction and norextraction. Incorrect extraction describes the error when a
detection has ben made but the extracted coordinate is not in the correct position. It
results in relatively small errors due to the midpoint of the bounding box not aligning
with the true player position and can explain the rapid rise in the recall between 0 and
1. Nonextraction errors occur when no detection has been made and as such there
can be no extraction. This may be due to rs@gmentation or misclassification as a
non-player by the CNN. It is this error that causes the tapering of the recall, which is in
effectan artificial limit on the maximum performance. This artificial limit can be linked
back to the results in Chapn Chapteﬁreported that 61% of the blobs are

well segmented and a further 15% are oxgegmented. Assuming that all over
segmented players can be resolved, this would mean approximately 76% of blabs we
well segmented. However in Chapgtrthe results on the test set suggested that 3.1%
of player blobs were classified as nplayers. This further reduces theimber of

players that have been extracted to approximately 73.5%, similar to the artificial limit

suggested by the tapering.

Comparing the two datasetshe recall of theWhole Quarter datases slightly

superior between zero and one, after whittie two lines diverge. This is possibly due
to incorrect matches. As noted jBernardin & Stiefelhnagen 2008)e closest match is
not necessarily the correct match. TWéhole quarter datasevnly expected four of

the players in the quarter, yet all the players were exteactSubsequently if the actual
match of one of the expected players was not extracted, it may match with a spatially
close but incorrect extraction. For lom it is unlikely that such a match will occur
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because two players cannot occupy the same spaceghemasmincreases so does

the likelihood that there will be another incorrect extraction within range.

Figurel0.5|also displays the precision for tl@ur Quarter DatasefThis is the ratio of

extractions that are assigned to a ground truth given a maximum assignment distance.
The graph shows that appriomately 60% of extractions are within 0.5 metres of a
ground truth position and as many as 75% of extractions are within 1 metre.
Alternatively this means that 25% of extractions are noise assuming a maximum

assignment distance of 1 m.

FigurelO.6|illustrates, for each dataset, the recall for each sector, ginen0.5 m. If

the cell is white then no coordinates were expected in this sector. Both datasets
exhibit a pattern of the recall decreasing as the sector is further from the camera. In
the sectors closest to the camera a recall of between 70% and 80% can be expected
however in the most extreme regions this reduces to close to zero. This suggests that
with the current hardware and approach a single camera vision based system is
unsuitable for highly accurate whole hockey pitch tracking but could be used over a
smaller area. The following paragraphs propose reasons the recall is poor in these

sectors.
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Figurel0.6: For each dataset, the recallr{= 0.5) for each of the sectors of the pitch. If the cell is white then no
coordinates were expected in the sector.

One possible reason that the recall is lower in regions further from the camera is an
increase in the uncertainty of the ground truth coamdies. The uncertainty of a

ground truth coordinate is a result of the following factors: discretisation of the image
*% U SZ Ju P & *}opusS]}v }( SZ %0 C E v SZ % E}i

mass to the ground plane. The following paragrapghsew these factors.

The ground truth image coordinate was the pitch pixel that was the downward

% E}i S]}v }( $Z %o C & [+ mamsidentificationsof trkZe points was
performed in the discretised pixel space. Assuming the true poinbegrerceived
perfectly, the discretisation means it has a maximum discretisation error of £ 0.5
pixels.As shown in Chaptﬁ a pixel further from the camera aaaots for a larger
distance than a pixel closer to the camera. Thereftre potential error of the ground
truth coordinates is larger the further from the camera. Now assume that the
proposedalgorithm extracts a playdreoordinates without this same disretisation
error; the recall willbe lower for points further from the camera simply duethe

larger potential error in the ground truth coordinates. The discretisation of the pitch is

evident inFigurel0.1} In the lower parts of the pitch, those closest to the camera, the
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points form smooth trajectories. Whereas in the most extreme upper parts of the

pitch, those furthest from the camera, themts form discrete, stratified lines.

dZ % @E A]}pe %}]vs eepu 3Z § 8Z %0 C E[s PE}uv SEu:

identified perfectly; this is not the case. The coordinate must be estimated from the

available image evidenct.is clear fronFigurelO.ljthat SZ & <}ousS]}v }( $Z %0

image representation decreases as the player is moved further from the camera. The
higher the resolution, themor & Jo (E}u AZ] Z 8} Jv( & 8Z %0 C E][-

coordinates and in theory the closer to the true point.

%0 C E[* Ju P }}E JvE A eepu e §Z % E}i S]}v }( S
mass onto the ground plane. As noted in the method section thistpeas estimated

from their pose; however there is error in this estimation process. The oscillations in

some of the trajectories |FigurelQ.1|are evidene of this error. The oscillations are

due to the step from one leg to the other and the amplitude increases as the player

travels faster. The oscillations are less appareﬁ'gurelo.z as the sampling

frequency is reduced to 5 Hz. The previous two points are dependent upon distance

from camera, whereas this is independent and affects all sectors of the pitch.

Each of the atlined factors introduces error to the ground truth coordinates of a
player. Some of these errors may have been reduced by filtering the ground truth data;

however that was not considered in this thesis.

Another possible reason that thecall is lower in regions further from the camera is
the method for transforming from the segmentation to image coordinates. In the
MHEE vS Ju%o u vs 8]}v §Z %o C E[s Ju P }}E Jv § ] §Z
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§Z + Pu vs§ o} [+ }uv ]vHBEpoinEsfodnd asithe sum of the bounding
boxes sides divided by two. One weakness of this implementation is that the space of
possible image coordinates is discretised, with a difference between values of 0.5
pixels. As with the discretisation of theogind truth coordinates, this causes a
discretisation error which when transformed to world coordinates is larger the further
the point from the camera. One solution to reduce this error would be to increase the
resolution of the camera. This would decredise metres per pixel and as such reduce

the effect of this discretisatiorThis is unfeasible with current consumer technology.

*S]Ju S]JvP §Z %0 C E[* }}E& Jv § (E}u $Z ]JE& }uv JVvP } A&
HE C ]JEE % 3]A }( $Zon%ider § pid@yes histding thEjrnskck such

that there is a long thin protrusion from the blob; this protrusion will be included in

the bounding box and the image coordinate will be shifted to compensate fbrgtre

10.7). Instead better results may be given by using the image moments to calculate the

centre of mass of the blob and projecting this point down onto the base of the

bounding box. Yet projecting down ontbe base of the bounding box implicitly

assumes that the player is stationary or travelling perpendicular to the camera. If, as is
more likely the case, the player is travelling in some other direction, i.e. one foot is

further from the camera than the otheethen the base of the bounding box is not a

P}} +SJu§ (}E& S$Z % @&}i S]}v }( 8Z %o C E[s VvSE }(u
E -pode A}po Z] A C ulE HE § oC *3]Ju S]vP 8Z ¢

centre of mass.
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SEPN }IIE Jv S eXdZ o | }S]Jv] §e¢38Z %o C E[* SEN }}IE Jv § X

A third reason that the recall is lower in regions further from the camera is #eeddi

the playerin the frame.As indicated iEigurelO.l the areaof a playerin the frame

decreassas they are positioned further from the camera.dtiéws that the detail of
their imagewill decrease, which in turn decreases the likelihood of an accurate
segmentation. The accuracy of the extraction relies upon having an accurate

segmentation.

In addition to this the CNN used to classify image patesgsayers, requires input

images to be 224 pixels by 224 pixels. For an image that has a small initial size the up

sampling procedure can lead to a blurry input imﬁh}gurelos . A blurry image may

lead to misclassification of the image as noise and its removal from the analysis.
Further analysis is needed to determine how thesgmpling procedure affects the

E E [bility to correctly classify images.

Figurel10.8: Examples of the yysampling necessary for input to the CNBmall ImagesThe relative size of the
original image Large ImagesTheoriginalimages all upsampled to 224ixels x 224 piels.
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TheFour Quarter Datasetas designed to allow comparisons between environmental
conditions and teams. Therefaror each quarter of thé-our Quarter datasetach of

the players was classified into one of the following groups: outfield Team A, outfield

Team B, goalkeeper Team A, goalkeeper Team B and Unipges:10.9|compares

the recall for the eight outfield groups across the four quarters. The goalkeeper and
umpire classes are omitted because of the relatively low number of examples in each
class. The maximum difference in recall between teams is 10% mh&0.5 m and
increases to 15% whemis 1 m. As there was normally 24 players in a frameliis

difference in recall results in approximately 2.5 extra extractions per frame.

The difference in the recall could be explainedtiy distribution of plagrs across

pitch. As explained previously the recall is highly dependent upon the position of the
players on the pitchin the quarters that have a higher accuratye mean player
position may becloser to the camera. In addition to this, the data is skdgrom a

time series at 25 Hz. At this high frequency, samglesd S.; are highly correlated.
This means that if the coordinate cannot be extracted accuratelyifdhere is an

increased likelihood that the coordinate cannot be extracted accuratel&for
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Figurel0.9: For each quarter in the Four Quarters dataset, for each outfield class, the recall of the expected
image coordinates that are matched with a detected image coordinate given a maximum acceptable distance of
m. Each quarter is illustrated in a different colour. For each quarter, one team is illustrated by a solid and the
other by a dashed linem= 0.5 m andn= 1 m are marked with a dashed line.

A second possible explanation for the differences in recalihfe quarters is that the
algorithm is less robust to some kit colours under some environmental conditions. The
next paragraphs will attempt to explain some of the differences in recall given the

different conditions.

The quarter indicated by the red lirsplays the worst recall. This quarter was played
under floodlights located at the four corners of the pitch. Subsequently each player
has four cast shadows, which if incorrectly segmented change the shape of the

bounding boX FigurelO.lor. As described above, these shadows can cause a

protrusion which shifts the midpoint of the bounding box. An attempt was made to
remove shadows using the expected Hue, Saturatiwh\dalue (HSV) of the

background; however its description is beyond the scope of this thesis.
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Figurel0.10: Example players from the quarters that gave the worst and best recalls inRber Quarter Dataset

The quarter with the worst recall was played under floodlights, subsequently there is four cast shadows for each
player. However, it is promising that evethough one team played in blue the recalls for both teams were

similar. The best recall occurred during a quarter where the sky was overcast. The teams were also wearing green
and orange so contrasted well with the blue pitch.

A further observation from§Z]e <p ES € ]« E 0§ S} §Z }o}luCE- }( 8§
team wore a white kit and the other a blue kit. It is promising that the two teams give
very similar recall as it suggests the algorithm is able to handle the blue kit despite the

pitch colouralso being blue.

Both teams in the green quarter exhibit good recall, suggesting that in general good
segmentation was achieved. This could be explained by the conditions. The quarter
was played under an overcast sky in the middle of the day, whadmt there were no

cast shadows;FigurelO.lor. The team with dashed green line gave the best recall. This

team wore a bright orange kit, which is very differentrfréhe bluepitch colour
Subsequently it is assumed that the players segmented very accurately which lead to

accurate player coordinate extractions.
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10.4 Summary

dZ]e Z %3 E E «« SKVA «3]P)A WIA HE § 0C 3Z %0 C

coordinates can bextracted from wideangle field hockey footageTo do so, it
introduced anovelalgorithm to automatically extract player coordinatdsis included
anovelmethod to reform oversegmented bbs into players. This method is based
upon the class likelihoo (} E Z «ldks. TRe accuracy of the algorithm was assessed
by comparing the automatically extracted coordinateth manually identified player

coordinates.

The manuatoordinate identificatiorfor a single player at 5 Hz for a 15 minute quarter
took approximately 10 hours. It is therefore unreasonable for a performance analyst to
manuallyidentify the coordinates foall the players in a tournament arah automatic

solution is necessary.

The accracy was assessed using the recall and precision of the extracted player
coordinates that were within a distanas, of the expected player coordinates. The

comparison was performed in world coordinates to gine physical meaning.

An mof 0.5 metres reulted in a recall of approximately 50% and precision of 55%. An
mof 1 metre resulted in a recall of approximately 66% and precision of 75%, a

respective 16% and 20% improvement on the staft¢he-art.

The errors in recall can be attributed to: Incoreatraction and norextraction.
Incorrect extraction occurs when the midpoint of the bounding box does not align with
the expected player coordinates. N@xtraction occursvhenno detection is made for

a particular player.
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Assuming a constantr of 0.5 meres, the recall decreases the further a point from the
camera. This is attributed to both a decrease in the accuracy of the ground truth
JJE Jv § ¢ v E - ]Jv §Z HE C A]3Z AZ] Z %o C @

extracted.

Different quarters disfayed different recall, suggesting that the environmental
conditions and the playing kits of the teams may have an effect on the accuracy that

can be achieved.

A limitation of thiswork, is the lack of a comparison betweground truthworld

known poins and the extracted world points. This compariseles on having
accurateground truthworld known points, something which is unavailable for dataset
used here Instead this chapter compared the projectitmthe calibrated planef the
ground truthimage coordinates and the extracted image coordinateguture data
collection could be completed that collects both video and playend coordinates
concurrently, however the researcher must consider: 1. the accuracy of the player
coordinate collection proedure, and 2. how the player coordinai@sd thevideocan

be synchronised
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11 Conclusion

In elite level sportcoaches are always trying to develop tactics to better the
opposition. In a team sport such as field hockey, a coach must consider both the
strengths and weaknesses of both his own team and that of the opposition to develop
an effective tactic(Leser et al. 201 -tate that spatiotemporal metrics are a key tool

in the performance assessment of field sports. This is supported by theofiork
(Mclnerney 2017)who identifieda set of performance metrics that can be used to

predict team success in elite level field hockey.

Radio frequency systems can provide spatiotemporal metrics, however the necessity
to wear a tansponder means that often data for both teams is not available. Instead
cameras provide an uimtrusive solution without the need for the players to wear

transponders.

Given a video of hockeymatch a performance analyst could manually identify the

player coordinates, yet this work has shown thatidentify the coordinates foa

single player at 5 Hz can take 10 hours per quarter. Subsequently it is unreasonable for
a performance analyst tmlentify the coordinates foall the players involved in a

match.

An alternativesolutionwould be to automate the extraction dfe playere

coordinates Existing commercial systems attempt to do this by using computer vision
techniques; however these systems do not meet the constraints of an elite hockey
tournamert. At an elite hockey tournament a performance analyst is restricted to a

single camera position, the location of which is not consistent across tournaments. The
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performance analyst therefore needs the ability to extrdw playeres foordinates
across he whole pitch but with the flexibility of the solution working from any

reasonable camera position.

Consequently, the aim of this thesis was to:

Develop an algorithm to extract player coordinates from footage captured with a

single wideangle cameraat a field hockey tournament.

To achieve this aim the algorithm was divided itw@ sub-algorithms: Player Feature

Extractionand Reconstruct World Point3his is highlighted jRigurell.1{ Player

coordinates form one of the inputs to the subsequent slgorithm, Trajectory
Formulation. lweveras noneof (Mclnerney 2017performance metrics rely on

trajectories; this was deemeéoeyond the scope of ththesis.

Figurell.l: Orange: The scope of this thesis, the algorithm to automate the procegs@fer coordinates
extraction. Data is indicated by parallelograms. Salgorithms are indicated by emboldened rectangles. The
algorithm is composed of two sualgorithms: Player Fature Extraction and Reconstruct World Points. White:
How coordinates extraction may fit into a Multi Object Tracking framework.

Chapterﬁanwere dedicated to the sullgorithm that extracted image points

from frames of a video. Chapeveloped a method to accurately segment accurate
player regions in a frame. This method, the Temporal Me(@tarcchiara et al. 2003)
models a per pixel expected background by sampling the median over the preceding

frames. The parameters of the model were optimised for a field hockey dataset in

201



(Higham et al. 2016)I'his method was able to correctly segment 61% of blobs in the
dataset, while a further 15%ere oversegmented. « $Z ASE& S]}v }( %o C
coordinates requires segmentation of their blob in the scene, the practical findings of

this chapter mean that the upper bound of correct player coordinates extraction is

76%.

Chapteinvestigated if a Convolutional Neural Network (CNN) could be trained to
classify the contents of an image for hockey player recognition. The four classes
considered were: singlglayer, single player with bottom poorly segmented, multiple
players and noplayer. Two different approaches were investigated. The first trained
a Support Vector Machine on the output of a grained CNN. The second fitened

an existing CNN for the $&. Finetuning the network outperformed the SVM approach
andhad a classificatiorerror of 14.1% on the test setPart of this error is accounted

for by the similarity between the classeaadmay be resolved with more data.

While this work was carried owmn field hockey dataset, the Temporal Median
algorithm and the Convolution Neural Network do not exploit anything specifieltb
hockey therefore these techniques could be applied in any field spidre parameters
listedwere tuned forplayer segmerdtion on a blue field hockey pitch, so there may
be inferior results given a different playing fielektir results may be achieved by

tuning the parameters fothe specific dataset.

The output ofthe first two chapters was a set of image coordinatesrkirzg the
%0 C E[* %o}e]S]}ve ]Jv e <cpvVv }((E uXdZ -Z }veSEM §

algorithm takes these image coordinates and transforms them into world coordinates.
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Chaptergbi9finvestigated this transformation and the effect of different conditions on

it.

The assessment of reconstruction accuracy requires afdetown world points and
their corresponding points in the image. Cha;ﬁjsed a 1:100 scale model $bow
that from the expected camera position, the centre dfiecle is an appropriate
method to demarcate the known world point&.scale model was used as it meant
world known points could be placed with machine precision and tthraicamera poses

tested were not restricted by stadium access.

Due to lens distorton and the perspective transforthe centre of a projected circle is
not the centre of the original circle. A method was proposed that used the grid
structure of the known points to extract the circle centréslimitation of this work is
that the extraced circle centres cannot be assessed objectively because the true
image points of the circle centres are unknown. This unaccounted for error adds

uncertainty when computing the reconstruction error.

Insteada novel visual pattern was designed, which abova qualitative assessment to
show the returned circle centres were aligned with the correct position in the image.
This method wasised in the subsequent chapters éatract the circle centres used to

assess reconstruction accu racy.

Traditionally imag coordinates are reconstructed to world coordinates using the
inversion of the projection from world points to image points. Chshowed that
for a camera pose with khigh angle of incidence to the calibrated plane, like those a
performance analyst experiences at international hockey tournamehis method of
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reconstruction is sHoptimal due to the difference in planar resolution across the
calibrated plane. Subsequently the chapter proposed estimating this transformation
directly by minimising theontrol pointreconstructionerror. Results suggest that the
proposed method results inlawer mean reconstruction error ankss variance irhie
reconstruction error across the calibrated plaf®r a performance analyst this means
that on average thextractedcoordinates are more accurgtand that the error
associated with conveirig from image coordinates to world coordinatesmore
consisent wherever the player is on the pitcim addition, the change is algorithmic so
they do not need to adapt their current data collection proceddi@s method was

used to reconstruct points in thellowing chapters.

Chapteexplored the expected reconstruction accuracy for the camera pose granted
to the performance analysts at a recent international field hockeyraorent. For a
1:100 scale model the median reconstruction error was 0.0043 m and the distribution
of errors had an interquartile range of 0.0025 m. The Acceptable Error Rate was
defined as the percentage pbintsthat were reconstructed with less than @B m of
error and was found to be 63.5 %lternatively this means that 36.566 the points are

not within the 0.005 ndeemed to be acceptable.

Chapteﬁinvestgated the effect of camera resolution on the reconstruction accuracy.
Two different comparisons were made. The first found that the reconstruction
accuracy is similar for footage captured with the same camera setup but at HD and 4K
resolutions. Due to theontinuous nature of the circle centres, HD is just a 0.5x scaling
of 4K and similar results should be expected. As the control points were not manually

selected the study was unable to assess the effect of the discretisation due to the
204



resolution. The seand comparison found that an alternative camerssemblygave

better reconstruction accuracy. As such this camessemblywas used in Chapté.

Chapter 8 also identified a limitation of using a 1:100 scale model when assessing the
reconstruction error. @apter 8was a repeat of the experimeint Chapter 7; however

the results were considerably worsét this scale it is very difficult to ensure an

identical pose when repeating an experimetite 1:100 scaleneansthat a small

absolute difference in poseaa result in a large relative difference. These small
absolute difference the poseare sufficient to givesignificantly different results.

More repeatable results may be achieved by calculating the reconstruction error on a
full scale hockey pitch; haaver this has other practical considerations, i.e. what is the

error in the placement of the world known points?

Chapter 9 considered the reconstruction accuracy given a ddtesfn different
camera poses. The camera poses were chosen to be representdtinose a
performance analyst may expect at an international hockey tournamiemereforethe
results can be used teterminethe expected reconstruction error forgiven camera

pose or to choose the most accuratamera pose from those available

For all the camera poses the median reconstruction error was below the 0.005 m
deemed acceptable, however to minimise the reconstruction error the performance
analyst should try to locate the camerad@sse toin line with the half way line as

possible ad as far back from the pitch as possible.

Finally Chaptcombined the work of Chaptﬁg A novel algorithm to
automatically extract player coordinates was described. This incluseda method
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chapter thenassesed the accuracy of the gbrithm by comparing the automatically

extractedimagecoordinates to manually extractechagecoordinates

The accuracyf the algorithmwas assesselly projecting a set of ground truth image
coordinates and a set of extracted image coordinates onto Hib@ated planelt

found that players could be extracted within 1 m of their ground truth coordinates

with a precision of 75% and a recall of 66%. This is a respective improvement of 20%
and 16% improvement on the statd#-the-art. The error in the recatlan be attributed

to incorrect extraction and noextraction. It also found that the likelihood of

extraction decreases the further a player is from the camera, reducing to close to zero
in the most extreme parts of the pitch. This is due to both a loagsuracy in the

ground truth coordinates and lower accuracy in the plageraction

A limitation of this chapter is the lack of comparison of ground truth world known
points and extracted world points. This would require a dataset with accurate ground

truth world known points and could beonsideredor future work.

A natural extension of #awork presented in this thesigould be to formulate
trajectories from the extracted coordinates. This is an assignment problem over time;
however itis non-trivial due to norextractions and the possible close proximity of the
players. A possible solution could ussed ofKalman Filtes (Kalman 1960§0 maintain
aper player movement model. Thdifference between eacKalman Filtef predicted
coordinates andhe extracted coordinascould then be used to assign detections to

trajectories A per player appearance model could be used to makeagsgynment
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more robust. Using an appearance modslcomplicated byeammates wearing
identical uniformsit is therefore the finer detasl such as hair and boot colour which
distinguishes players. As noted earlier, using 4K footage gives larger players in the

(E ue v oespZ +] ESE EEE §8Z (JvE & Jo» }( 8z

Having access to trajectories allows a perfonc&analyst to ask different tactical
guestions. For example they may agkw does player Aeact to their team losing the
o o Whjsxknowledge may allow a coach to develop a more in depth tactiepioit
§Z %0 C (][« Tsajectovie§can aldoe exploited to interpolate missing
detections in each frame. This should improve the precision of the algorithm presented

in Chapter 10

In summary, the results of this thesis suggest that with the available single camera
technology, field hockey playeocrdinates can be extracted with statd-the-art

accuracy in regions close to the camera; however the accuracy rapidly decreases in
more extreme regions of the pitch. Subsequently the player coordinates cannot be
extracted with sufficient accuracy acrad®e whole extent of a field hockey pitch.

While it is possible to calibrate a plane the size of a field hockey pitch, poor
segmentation means that coordinates can only be extracted for approximately 70% of
the players. It is particularly evident that therther a player is from the camera the

less likely that their coordinate will be extracted. Better results may be achieved by
increasing the resolution of the camera or improving the lens system, however using a

collocated dual camera system may be morer@priate.
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