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ABSTRACT

This paper presents a method for detecting the positions of tennis balls in video files
using deep learning for ball position detection in video images. However, there are some
image frames where deep learning cannot accurately detect the ball positions due to the
small size of the tennis balls and their fast movement in that particular frame. To address
this issue, when the deep learning system fails to track the movement of the tennis balls, a
Kalman filter is used to estimate the positions of the balls in those frames and replace the
missing positions with the estimated values. Experimental results demonstrate that the
proposed method can closely approximate the actual positions of the tennis balls in the

image frames with high accuracy.
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Hagtudimsiierssuuiymussiviundssgndldauluinsgdr fufuegraunsvans 3
ssuuifensnlflutiagiufienisisousidedn (Deep Leaming) umalianisiFouivesaeuiinmes
warilyayUsefinug (Machine Leaming) flandamsilnasusiedeyariieainansdniuiilsainnis
Boudiitelvannsmiluuszendldanludiusieg wunsasaaeulunti msaseaeunsziiien
saoust 10usu Tulia.a. 1940 Warren McCulloch uag Walter Pitts IéfannTunaidnisniidrass
msvhaueagadUsvanluauesesmyud (1 muidefinanlfiuiuguddydmiunstam
ﬂfgiyﬂﬂﬁzﬁ“lﬂi&ﬁﬂuLﬂaLﬁmLagﬂﬂ%’jﬂLLiﬂ aam"l,sﬁmuﬂﬁzﬁw%mwmuﬂaLma%ﬁﬁaaﬂuﬁdwﬁuﬁauiwq
fisfauazdlairesdarudmmilumstameluladinniiiaes auflsd aa. 1980 Taelulidud
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SeuinanuRanainkarUsuumwedladin LeCun 1aWmun Convolutional Neural Networks
(CNNs) [3] ?zfqmmxﬁm%’umumiiﬁhmwﬁ’1&1LLaz Bengio l@Waiun Deep Belief Networks (DBNs)
[4] GaansnsaiFeuslilaglidestimsdmuadimniine fuarannsausnuezdnuauzuesdeyalsa
Ffausituin Deep Leaming légninluuszgndldlumarsaunfenisidndes nisUssuana
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AY15550YA (Natural Language Processing; NLP) [5] uagn1sdusaonlud@d aeuitud 2015
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LARIAIINANI0VR Deep Learning lunsdndulalunuiidudeuldosadniau
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Fedndmiunisnsaiuuasiidusseludfvad (7] lunuidedlfiaueiinsaisiussee
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Memory Networks: LSTM) :1uidgsieunfeniseeniuulaseasniamsiieuiidedndmiunisdun
Tsandaelsl 18] luumarudfeilfhiauensfinviwagnmssenuuussuudniusuunlsandael
Tngldutdlsneondu 4 Yssiavldun lseuouunsalua lsaluga lsalutumdeuarluund sound
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ualdidemadinnaidoudidedn (10] dwivmiafediyaussaslumstaniniocmivaioan
anufiananfiniinnuaseusiaduiinlngaziudeyanimiianndestusunsugniiaunsieg
Awlnsounazdanaifin YOLOV3-tiny Wamsnadeunudissuvaiusassyviadnuasnaldla
ATUNIUANYTAl

fnsesnan (Kalman filtter) [11] Wudaneifiumsadnamansilddmiunisuszanoei
anurlunisussendldlunainualeowiniedy svuumivaunIsUssanadygin n15IvMuay
Aswganans Sanosfuignitauitundiuanlae Rudolf E. Kalman lunouduvesya 1960 lu
¥ ufl Research Institute for Advanced Study (RIAS) #iun13nende Johns Hopkins
dane3fiusnsesnauugnesnuuutitelflunuimnssueanalasiamylunmsussunaaniuy
YT VURUUNA TR (Dynamic) ﬁy’wumIma‘L%%’agamnLsuwua%ﬁﬁé'fgfymiumu TngfINTInIauIY
I iEmaiddasaisdudeutuuhlianmnsossnumanusvesssvunuuliiBaduuagl
Dundideuls

51%%’U41uﬁ§aﬁﬁwﬁaﬂa§ﬁmﬁaﬂiaqmamumﬂisqﬂm‘i%ﬁavjuauﬁﬁwﬁwmmmwﬂﬂaLLaz
ATUANAINEN [12] mu%%&ﬁﬁi’mqﬂizmﬁﬁaaaﬂLL‘U‘ULLaza%ﬁﬂﬁuauﬁﬁwﬁwﬁmmiamuau
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N3DIANAUIU T,maﬁwaaaé’mmmiumuﬁaaﬂ?iumm'ﬁ'ﬁLLmﬂﬁmﬁu‘ImaﬁLﬂmmEflumﬁﬂmqmmw
voaduslilndlAssfuideadiuatuandign deutfinisairsuvudiasaiiovuneidumslaasues
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sapuddyanaiiinsiurdeuiuduntsauiidudunsuazldslagldfnsesnaniu [14]
ATt aueseinAensvaseAdnnessilunstauuidulaglddnsesaaniu [15] lu
unanuigyaianafafinsosaauuiinisliaunsousuandnnesiliiaonadestutnin
dutiy deazananuianarnluszuuldedialuszdnsam deuniinisirdinsesanauiumn
Uszgndldfenisldfinsesmanuudin Unscented KF Tunisuseanasideavesssuuinygudnsds
[16] umenuifeilasinauenisUssnuande e sruuiiadtunnidumes inansdasld
#INT89AIALLUY Unscented Kalman Filter saufsnnaiiinedingg snidesgaeiiidinges
manunszandlifonsmuauaugessiumaudulagldfniuauuuudsudieddasiuiui
dunmarasudmsuedestu 4 Tuiinawiadn 1171 lumAdedasiuausnisldfnsesaamuly
msUszinamnmgesanaudulngldinususazarnusstulufonwueeiifuteya
i wanhuadnsvesiansasmasnululflunismuausedumaduielinvssdumanudy
I$odnsfiiafiosnmuaznsiisnnty
dnsvaddeiiiunsiauszuumsiamugninudalfldnnmsuniwisleidesainiany
Fululsonislegrinuiasivmnadnvieindeuiisneniniags Sdimsiamnssuufnasgninuia
TngltimadanisiFouiiddnieaadunnsindeuiivesgninuialuudazisuvesinle vinls
tnfwidlaianauaznisedeuiivesgninuiialdegisdnaunniu sgslsfinmussuuinniugn
wulialdanunsofaaugninmudalaluynmsuni Lﬁa%’mmiﬁ’uﬂagmﬁ%ﬂiﬁﬁmmﬁwuamm:ugﬂ
wudatulnldmagouiuvudadnioaadunmmaaioufivesgnnuialuusazinsuveanin
3o mnszuuldanusodamugninuidaluuiavsunmldszuuazldinsesmaunuiieriiune
s‘hL.mmmsm?iauﬁsuaqgﬂLmuﬁaiummmwﬁ?uq FsaztousuUssanuutugwesszuUAnngn
wiullalaemsuszanaaiumiesgninuialussun1nisle

WAnlun1sidg
dnsutangunaaifldlunuiteiussneulufeyadoyasuitieatestuiwinuiariomun
$1uau 7,841 am TaeiduguiivinnisiAutedetngdmou 2 sieldungninuiasaslsinuda 9
Tuwiaznmazfuguiignuenesnunanialesilinmianuseesiuuazdusuiiyundeazdos
lifimsideufilumunisindouiivesgninuia TnsazutsdndiudmivlvszuunisiGousiviniu 80
Wosidudnosnwitoun wasdndaudmsunanmaaouiiniy 20 wWeddudvasamstoun ol
PedemsHnasumeTrUUNSUiEnLagdanesiuminsesmauulunsuss AL
maaqﬂmuﬁaﬁgﬂmmu X wazul y Mntsahmfildunndenadumisunnvedinle
TuduvesnisasuliszuuiSsudifsasuawgnimuiaszldimaianisnsaduamuuy
yoLOV5 Wuluiman1snsaaduing (object detection) figniamnlag Ultralytics daidulsiaaiis
Amannsalumsssyuarasuingluninesusanuarudug Semneiaismsillueai
asnsouowmimglugunmlddenisairensoufindonsouingiomelunmndentumsssysin
yosinglunseutiug fammluadaien WossuunsFeusidednasadunssuiuntsasldfud
Yot (Weight) %qLTJumﬁﬁgﬂLwU (x*w;) %30 (Input * Weight) Tneluduusnangrsimdnazdian
Wunuuduuavazilasuudaslunudnuteyadildfumsious
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Overview of YOLOV5

BackBone PANet Output
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I
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Figure 1 Deep learning architecture of YOLOV5

971 Figurel {Wuan1lnenssun1siseudidednues YOLOVS axuteanilu 3 diufe diuusn
BackBone (CSPDarknet53) vimihiilumsafnaudnuuzanamdetslflumnsaduing lag
T4lanma CSPDarknets3 dadulinmaniaudnuazanududeuiifismodmiunmsvhnulusunse
Fuing diusieaniie PANet (Path Aggregation Network) ludanufitaglumsusuugsnunnmsngia
Fuing Tnsawzlunsesaduingidnisedudeulunm Tasmafisdundunssadeyaiiunneiig
fuvosmmilellannaannsnduiussnsnduinglfeguuduandetieldunndeiu uardiuaaiing
fie Output Wuteyailtlumsuanmadndannisnsraduingluam lasagdseneuseteyaids
Muviaazdoyaiianiuieiuingingadu 1wy Jeveamavesing Aanusiila (Confidence)
Dusiu

uATeill RS uURanugnuialaeldnisdeudiddnlumsmiunigninuiai
Adandeuilunsazirsunim Fsunansunmazliansansnaeusiumiswesgninuialsininszuy
maGeudien feiudddhmnsesmanudunlfifossnauasiuminmaedeuiivesgnimuia
Tutsunm lunuidedasuianmsdiiunseondu 2 dudeil Funsuusnenisadsszuumaiious
wuBsandmiumansavaouiumisvesgnunuialuldazinsunmuesialofieliszuuatana
ssysumisesgriudalumsunmly uarturougaineiiosanssuunmaFeuiuuuddnldannsn
nsnapuumisesgninuialdmnsy fifuluiiednsesmamuiyhnisssnaadum
VRIPINUTALNUTTUUNTTEUTLUULTIEN

1. Msafessuunmsssusuuudsdndmiunsnsivaeuiumiwesgniudaluidazisunm
VoI

TudedueutiandumaihnwimlefiAvdestumaud dufomuiialansidflesiuu
13 Aelesnueneendumsunings Fisure 2 (a) Tneldindesiie Labelimg Judundasiieflddmsu
afudesuisusznounwnaila Taeviuadesmneuwiesingiidesnisianzaanelunwias
duthedufuvosiosuneresing Labelimg gritaundudsniwinseuuasdlusunsuasldou
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Hufuansualuunsings Figure 2 (b) Fslusunsuilanansatuiinns finiddesursdsenoulu
& XML, Pascal VOC viseazidulua YOLO fAla

(a) Image’s frames data for Deep learning training (b) Defined position of tennis ball in Labelimg

Figure 2 Preparingd ata for deep learningtraining

capturing images by extracting individual frames from a

v

labeled to define specific regions for deep learning

y

train the YOLOv 5model.

Use the weight values obtained after training in the tennis ball tracking

process.

Y

Figure 3 Steps to train the system to detect tennis balls
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Tunsszysiumimesgrinuidlusunimaranmnsossylngldauadedaiminildanmns
Boufidednuedluing Yolovs lasazsuiisunmmdniiazisy andussuunsiFoudidednaznsiom
Fuvisgninuafieglulsuam Wensaduiidavegninudanufinwaveasunmlaeimue
Afadumisinaidu (, y,) Tef x, Aodumisinwavearsunmmluwnuuuiuouuas y, Ao
G?’]Lm‘li\iﬁﬂL"'lja‘tjaﬂL”I/\|51Jﬂ'IWINLLT]‘IJLL‘IJ’JﬁxﬁLLazﬁ’mﬁﬁ%”Nﬂiana‘UQﬂL‘Vm‘aﬂ guinansiiliazgn
inlUlflutunoumsdiuiusanesiuinsesmauudioszsnmafitalilndiAsfurasanniigs
dmsutunoumsinmugninuialagldnadsuiifeinuasinsosmaiuazuansd Figure 3

coordinates value
X 621.0
Yp 255.0

Figure 4 The position of the tennis ball that can be detected in the frame

Lﬁaﬁquﬂmuﬁa‘diwﬂg%ﬂuLWiumw szuuiinmugninulaagnsuiumigagudnan
vosgnnuila (x,, y,) Uazasinisainanseudonseugninuiaiioglumsunimifiovsdindiuiioglu
nseuRegnnulla dauanslu Figure 4 Fedumsiigagudnans (621.0, 255.0) filsazgnuinlUld
fundluaunisinsesmamuluduneusdely

2. maihiinsesmasnuingsyuuiangninuila

nsesmannuduaiesdiefiiiussansnmlunsuszinaanuzvesszuuiioszuvegneld
Anuldudusuniodygrusuniunieg dnsldiuegrsunsnarslunainvaisuaussinluds
WeNsuEUS sEUuAIUAN NsUsTINaNadyyas 1Dudu

114



Research Article
Journal of Advanced Development in Engineering and Science
Vol. 14 ® No. 40 « May - August 2024

/ Get coordinates /

Estimate current location coordinates (X, )

and collected the variance obtained from

the previous coordinates

Predict the coordinates of the next location collected X, ,and P,,; , to be used in the
(Xo41, n) and estimate uncertainty in estimation calculation of the next round

A

Get coordinates for

the next round

Figure 5 Work flow of the Kalman filter algorithm

91N Figure 5 LEnTumpuMTLTeIdanesTiufansesmanlasaznenduaaly
WY (x) LATLUILNLRS ( (y,) telldAszInafidavosusazuny nduFaiaUsaa
YousazunuInszyiunislumsun niazazuaninsanaanzlununuue (x) luns
Fusunszuiunisuulaglifinsesmauusunsnienisiudiinavesgrinuiia nniuazd o
AAaswy (Kalman gain: K,) Tuasinsd 1 Tnglufumouuguntsimamn dmasmnuasiin
wiriurug LLaziuﬂﬂiﬁwmuﬂ%é’miﬂmﬂwamumu%%uaaviﬁummmLLUiUiauﬁuaﬂmiUismmm
wiinneumh

K = nn—1 (1)
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Table 1 Explain variables and meanings of Kalman gain

variables meaning
K, Kalman Gain
Pun-1 The variance of the previous state estimate
Tn Measurement variance

dieanunsaavesatauunulunisiadeuniuuinnuueulds antuazdialluldlunis
AnaiiemaUssinalunsiafeunluwlsunmtagdu ( £,, ) Ineassuafidalubuiwnuuoud
199nM9SuSIEN (x,) INAUIUTINAIY FaUn1N 3-2

~ ~

nn = xn,n—l + Kn(xp - xn,n—l) (2)

Table 2 Explain variables and meanings of current state

variables meaning
;nn Estimated value at the current time
;n,n—l Estimated value at previous time
K, Kalman Gain
zZ, The measured position value at the current time

waennlamnuszinadld a natagtuiazdwinmaanuud tuselulunszuiuiinges
ABNIUADNITENANATUTZUIUVDIRARGA LU ANUTENIUVOIRANGALY (Rpprn)  F2LAU
Aszanvesiindagdu (2,,) dEunisi 3

~ ~

xn+1,n = xn,n (3)

Table 3 Explain variables and meanings of changing state

variables meaning
; Estimated value at the next time
n+in
x Estimated value at the current time

nn

TunanfgrfuarUssanaesinnaziaanulisiusulssndudessiuainuluwiusuillily

v
&

aunsinsesaaniy wislasnsvguiifenisldrnnunlsusu (P,n) 3909728 Inan1slaen
AEUIUNY (K,,) kazA1nukUsUsunouni (P ,_) Faaun1s?l 4 wazthanauwUsusauilaly
TlunsAnnseudaly (P,,,) fsaunsi 5 Inenadnsldazgninludmunluamasnunuiiold
TunsAwalufinadald
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Pn,n = (1 - Kn )Pn,n—l (4)

P =P (5)

n+in nn

Table 4 Explain variables and meanings of Variance Equation

variables meaning
Pn_n Current State Estimate Variance
L — The variance of the previous state estimate

Wasunisvinuluseudaluardssananisiidawazalaiaudngnauinliazgnii
nauldunuabifiufidaneuntinluseuinludsaunisi 6 waz 7

(6)

I
=

nn-1 n+1,n

Pona = P @

nn-1 n+1i,n

Table 5 Explain variables and meanings of the current variance becomes the previous variance

variables meaning
;n ne1 Current State Estimate Variance
P The variance of the previous state estimate

TurAdeiilduuunfnveinssuiunsinsssmanuinyssandldiioanduiiad (mpulse)
o1aindulussuuinnugninuila
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Automobile Voltimeter Example Automobile Veltimeter Example
1a 12 4 e = ohservations
. . Kalman output
12 T 104 - — true volage
104 .
81— S
a7 L l‘ 3
« observations 61
61 —— Kalman output
—— trug veltage ad
a4
24
34
a4
ot
S~ -~
'\..\ - C
-2 o -24
(] 20 40 60 &0 100 Q 20 40 B2 80 100
2 10
@r =2 b)r 2" =
n n
Automobile Voltimeter Example Automobile Veltimeter Example
12 | ., + observations 12 Leroe « observations
. ’ —— xalman outpur . ’ KAIMaN ourpur
104 . — true voltage 104 & — true voltage
1 s o 1 o
a4+ ] S Pl U
61

Automobile Veltimeter Example Autemobile Veltimeter Example
12 P + observations 12 4 g ome * ohservations
. ' Kalman output . ’ Kalman output
10+ - — true voltage 04—+ - — ftrue voltage
1 - . 2 5 . . =

PR I - a 5+ o 1

61

P

2+

o4

24

(e) r,2" = ) 12" =

Figure 6 Sine graph with impulses in the system
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910 Figure 6 LLammiﬂizsgﬂ@ﬂ%’ﬂismumiﬁaﬂsaqmamulﬁaaWiﬁuﬁaﬁﬁlﬁm%ﬂuiwu

TneAwUasdunsmesndu & aswansly 3 Table 6

Table 6 The table describes the characteristics of the curves used in the experiment

Line name Color Description
Values that should actually
True Value Green .
occur in the system
) Value that there is noise
Observation Red o
occurring in the system
Estimated value calculated
Kalman Output Blue

by Kalman filter

Trgazugmvimsuenunu y ieldanunsadunafiuanuunnsissewiadunslgns ety
971 Figure 6 (a) agnuitAdanans (nswldunae) agianniioutududiass (M dded) udazgn
sumusheduiadnintuluszuy Mldluuedeiafaiouldandessiasasinty Woass
daun1saansesuAwIalussuulnemuuaan T, Wy 2% aziuaUsELIan1sianges
Aany (n5iEthiRy) aviinsindeuiinuaduiadiiiniu annsnaaesluntsusuiiiaan T, 9N
Tvsuidienn r. fidnunniu msedeuiinuaduiadriiatulussuure udunsmattufesd
Aranas Tlunsneassusuen r, W ﬁumﬁqmﬁm%’umiam%uﬁaﬁﬂ?‘il,ﬁm%uﬁa 2 Fuans

Tu Figure 6 (f) uenindleanfinuuanasiiinTuaytesasedisinandiedslane Table 7

Table 7 A table displaying the coordinates obtained solely from the deep learning system

Frame
Coordinates Method
1 2 3 4 5 6
X DL 177.0 161.0 0 0 248.5 291.5
y DL 519.5 530.0 0 0 462.0 431.5

910 Table 7 \uiildfuinszuunsBeusidedn (Deep Leaming: DL) Wiesognaiien lag
finnsnsrafutngionun 4 wisuain Sedisunnd 3 liarunsoasanugninuiald vinlsen
sundsiilgsusienduidn 0,0)

dleassihdanesiiufinsesaraniuiiuifiuainsiudislagnisiudsunlasen r, W

A11N50LAAIHANTTANLINLARY Table 8
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Table 8 A table showing the coordinate positions obtained from the Kalman Filter

estimation
Frame
Coordinate r,
1 2 3 4 5 6
DL 177.0 161.0 0 0 248.5 291.5
ro=2° 1770 16633 6238 2376 162.69  242.30
r=2" 1770 16633 16526 16356  230.15  269.46
« r=2" 177.0 16633 16633 16633  230.89  269.74
r=2" 1770 16633 16633 16633 23089  269.74
r=2" 1770 16633 16633 16633 23089  269.74
r=2" 177.0 16633 16633 16633  230.89  269.74
DL 519.5 530 0 0 462 431.5
ro=2° 5195 52650 19743 7521 31431 38674
r=2" 5195 52650 52309 51772 47403  446.78
Y r=2° 5195 52650 52649 52649 47581  447.41
n

r=2" 5195 52650 52650 52650 47582  447.41
r=2" 5195 52650 52650 52650 47582  447.41
r=2° 5195 52650 52650 52650 47582  447.41
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4| Figure 2 =

Figure 7 Reducing impulse response using Kalman filter
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Figure 9 Detecting tennis balls using only deep learning
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Figure 12 Detecting tennis balls using only deep learning
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Figure 13 Detecting tennis balls using only deep learning
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Figure 15 Detecting tennis balls using only deep learning
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Figure 16 Detecting tennis balls using only deep learning
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Figure 17 Detecting tennis balls using only deep learning
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Figure 20 The images that detect the position of tennis balls have some inaccuracies
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Figure 23 The images that detect the position of tennis balls have some inaccuracies
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Figure 25 Detecting tennis balls using deep learning and Kalman filter of frame 47
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Figure 28 Detecting tennis balls using deep learning and Kalman filter of frame 50
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Figure 29 Detecting tennis balls using deep learning and Kalman filter of frame 51
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Figure 31 Detecting tennis balls using deep learning and Kalman filter of frame 53
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Figure 32 Detecting tennis balls using deep learning and Kalman filter of frame 54
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Figure 33 Detecting tennis balls using deep learning and Kalman filter of frame 55
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Table 8 Deep learning-based coordinates and Kalman filter estimate values (frames 46-55)

Frame
Coordinates  Method
a7 48 49 50 51 52 53 54 55
X DL 216.5 197.5 1770 161.0 0 0 2485 2915 3205 0
KF 227.63 209.01 189.22 17178 165.11 16257 21567 26253 29836 312.04
y DL 5055 5115 5195 5300 0 0 462.0 4315 4105 0
KF 503.33 508.37 515.25 52436 527.84 529.17 487.65 45295 426.71 416.69
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