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NECKLACES USING COMPUTER VISION TECHNIQUES. ADVISOR : DR. SAPRANGSIT
MRUETUSATORN, 88 PP.

Due to the evolving methods of theft in jewelry stores, which involve diverting
the attention of sales staff, causing confusion, and stealing gold necklaces through
concealment or distraction, often without the staff's knowledge of the disappearance
of the gold necklaces, researchers have become interested in detecting the movement
of these gold necklaces. Gold necklaces are small, have a shiny surface, easily reflect
licht, are malleable, and can change shape, making theft successful. Given these
characteristics, directly detecting gold necklaces is challenging. We propose a method
for detecting Shape-Shifting gold necklaces by incorporating adaptive background
subtraction to separate objects such as gold necklaces, along with image processing
techniques that improve tracking efficiency using Gaussian Mixture Model (GMM)
mixture model. The challenge lies in the small size, Shape-Shifting ability and oily
surface properties of gold necklaces, causing light reflection and changing the color of
the gold necklaces to a non-gold color. We compare the performance of the GMM
algorithm with the performance of the GMM algorithm enhanced by adaptive
background subtraction. Experimental results show that the tracking accuracy

improved to 86.07% after performance enhancement.
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nsinaesloyaindudou lnsuusteyasanilunquees o uiaznquazdinisuantadkuunid
283967109 GMM fiUselovdlunatsau 1wy n1sdnnqudoya N153ATI89AIN wagnIs

UTZIaNaN sTINYA ugUR 2.4



5U#l 2.4 GMM Soft Claster

MANNNSYNUTBS GMM e nsutengy GMM Budufenisduuysdeya
sonilunquees  udaznguariivunLaziUIweINSLINLLUUINATILANAISRY 113
Uszanamnsifieed 10t GMM 2zUszanams1dimedues MIkanuas wuunddiniuu
agnay winiwesinarismdanads aruuUsuTiu wesiniinuesurasngy nudnsi

21-2.2 uaz JUil 2.5

P K
GMM Probability sl = ZO;N(.I'I/I;. )
=1
p(a) :over all probability
K
Z : sum over all Gaussians

=]
@; :the weight of the jth Gaussian
N (x| 15, 0;) :probability of the ith Gaussian
K
Z ¢; = 1: the weightsmust sum to 1

¥ 2.1)



Expectation (E) Step

. oN (i, 6%)
Z;il oiN (x| ivj, 65)

ik 3
A
’sz : probability sample ith belongs to gaussian kth
A

¢k : the weight of the Kth gaussian

$| . O ) - probabilty that the ith sample was generated
N( ik, Ok by the kth gaussian

ZK ¢Z N‘(:L_ ) |ll . a. ) : weighted sum over the probability that the sample
j =1 o 1 & fi st |

ith was generated by each jth gaussian

(2.2)
Maximization (M) Step
N .
q'S A Z ﬂ : The new kth weight becomes the average of
k - N  probabilites that a point belongs to that gaussian
ZN St T
ﬂ — i=1 YikTi : The new kth mean becomes the weighted
k EN ik average of all points
=1 /%
N & A \2
~2 i E,;=1 Yik (Z‘, - ll'k) : The new kth variance becomes the weighted
Or/= E1\/' A variance of all point
=1 Yik
(2.3)

Expectation-Maximization

M-Step

Update Hypothesis

E-Step

Update Variables

E‘U‘ﬁ 2.5 Expectation-Maximization



ns5¥enves GMM fAe IAudavgy GMM a1unsasesiudeyaniiisusnenis
P a a = a a o v Y
LaNkINaInrateUsEansaIn GMM duseansanlunisAuiniazaiuiisasessuteya
° a a v a s A 9]
WIULIN N15AAN GMM aansafiaaladte msdnesveddunaainsavenisiigliv
ANYULYDILFARZ NG
Joidgves GMM A In1sidenduiIungs uunguimvazaudmsu GMM
:J’ d' g A o I P a o ! L% ¥ ¥
Wugniiazimun nsidendtwiungundeeiiulienvililumaliaunsadunindeyala
1 L3 d‘ = ] U d’ a -] . Y 1 ¥
aganysel Tuvaeiinisidenduaunquisnniiulueniililuwa overfit fudeyar Toya
ARaUNAN19ada (outliers) GMM lasiaan outliers A1 outliers tnal a@11150d INaso
a s [J ! ¥
fiwesvedunanazyililunalignsos
) | v a 4 o A @ &
Mogamsldau nsesERan GMM aunsaldiiensningeanainiiu
A9l GMM 8131308519l naueINunasaglinaraing Uy GMM aunsaldite

uunganmwsaznindudiumilvesiund v odiuniavesing

2.1.3 msauunawuulsuls (Adaptive Background Subtraction)
nann1stunIsauiunad Background Subtraction Method (BSM) lasunns

PBNLULLLIBATITUIRGlAENISHENTNgaan seninensiseuiisusuuliimsudng

¥
= v v

9aN8INUILIATIEVLONIIALEBUN AN DM TIATUINITBINUT weN TN Uag

be

1 o aa 1%

Wisusudumsunladinglaaes de3sl 8n1szAumaueanaImd insseuiisu

£ '
aa v a |

FENINANVDY 2 bNSH LazadIaunIngseeen19iuan iwsuniingisendnaAnmeg wiiu
UIUTANATIANY ugnivualagn1siiasigriileninlanalgdiunsn WeA1nIy

WANANNSERINSERASILAUALN QY Sane3Tiu BSM azvinasewnginluingiinaunaoud

mﬂgﬂﬁ 2.6

Reference image

Input image

Detected
foreground image
Subtract |:> Threshold

Not detected
foreground image

Background subtraction method

JUN 2.6 nannslunisauiumes
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157149 Adaptive Background Subtraction fuinguuiaian eg1vasosne
199A1 1A8N15MIAIAINLANAIITENI S Wieliaunsansiaduinguuisantaegned

UsANSn I SIAVLUUT 00 INANLUULNIATIIY Taunazinea lunTuazgnInnaumiee ag

Y 9

TosunisanasuanuaudululsNedamesazanansiunds wazlssunisusulmaiduaing

[y 1

WUSHUYRINUMAY Uazlas Ainwaridnaggnivgiunguadawmesiiieides uazdnuszian
1 [ td‘ [y} g = 1 I3 1 d" ::glj [ G 1
ANUINPAAN SRR SINUTUR WD udunTlaveIN U o Ly
’N e v ) = ~ &
wadan1suszaranan nlgueninginioun (foreground) @anNAIWINL
a9 (background) lmesnlutim  wedatvungegisdsdmsunisigauluinleniiainag
Wiguuwlasegiaue ABS vihnulagasralunaiiunasdmivusazinisalunm lumailinag
v X | = = W A ' v A A Y a
a51vuAInAefenserdsegIuvesinea busunaun Weliwlsulniinun weda ABS
zlSguisuannatunsulrdiua lulimanunas ¥nAIRNaLANULANA19A W19l
HednAgy wansfinuanuludumiavesingundoun
dofveanala ABS Ao awnsaUsuliidiuainudsiiuaeuuUategiaye
ABS anunsaasnaluimanunadlnilaag1esaniins which makes it well-suited for use in
videos with dynamic backgrounds &AUVUNIUGBLENEINKALLIY ABS d11150MENIAY
2 a Yy 1 o= a a B ~ ' a ~
WanuNeonI NN NIAegeliuse@ansam wileedvasanawaslasundas way o
UszAnSn 1w ABS aunsaUszananadIflelias1939aL5)
dodevaunaLa ABS Ao e1alseingLadeunntn ABS envliaunsauening

A Q{'Q{'yvlsu |

wmdeunNtlnegnlisednsnm fMegramsldau ABS nsinmudng ABS awunsaldfnny
9 = g ooy 1 13 a Al a ¢ v
noiAdeunhIfle 1y sagws AuAuaUY vSedniUn, N1TIATIENNITATIAT ABS a1unsaly
AATENNITITIAT 19U TIUIUTOLUAUUOUN W30ANTIVBNTN UaZ N13SNYIANUaenY

ABS @313l thiNen5393UNITUNIN YSeRnnURRedaady

2.1.4 n15l9a1u Adaptive Background Subtraction (ABS) fudnguiatan
a1u1saeiudsEansnmlunisnsiaduwasineulased lesuni1seanwuy
WnNanTIRIVINgIneNIsheningeen senitamaiUSeuisusuuliddivisudng dane3viuae
a 6 z:gll aal a d' YY) dy ¥ % 1 gj =l al U d'
Iasziileninledunaitensiaduingilomi weningwaiiu wasiSeuiieuiuimsud
Lifidnglaey fag5l IBMIAUNIAMLLANAINNEINIIUTEULABUSENIAIYDY 2 1lsH
LATASIUUNINTTLOLN VUL WSUNTIRQLTENINAWNUNTULAAUINUIUIRANATIINY T

1 9

gNMVUAlAENITIATIEM N IALaNaEdIULIN WOAIANULANAITENINERISHAUA

'
[ N o W

nael dane3fin BSM  awviuesewngdnluingiidduedeunn  angun 26 USu
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AnTweTauanuurvesing Usummaiiwesves ABS Iimunzauiudnuuzvasingi

ANABINIINTIIIULAZAAAIL WU USUA sensitivity Litalianunsansiaduinguunaéntes

Qe w

nlegldindefianatn nsldisnsnnmiieandyaasuniy (Noise) nsldisnisna
o ieandyanaisuniuitlddesnsenataeli ABS vauldusdughunniy wu nsldiEns
wuinueuslavi (Blacking and Whitening) lawfiaanupudnvasnin msnsiaduiiodenity
wdefonzay wumsdeniundsiihifinsedeuln wieiinmswdeulmieslunm dield
ABS amnsnnsaduimguunadnldissdnsamenniy msldousutumaluladsug ns
1 ABS wildsufumeluladdy o wWu nisuszanananin (Image Processing) wion1sld
Machine Learning tiousuugsmnuusiuguazussansnmlunismsiaduuasiinauing ns
NaFaUkArUSUUTSEUY  Nnaed LLaBU%jUUEQSSUU@EJ'NaﬁWLﬁii,JEJ dlelrannsnyhaula
fatu Tnensldandeyafivannvans uazmsuiudmnminesesngnios msldou ABS
suuinguuindnenafumsinmelunisnsadunegiona  uinsusuusaagliinaiad
Wy dansatedfindsyansninlunmsiiiunuldegnafivsyansnmnntuausinss

wazAuwiugn Tunsnsnsdunazinauingaiunsainsiauvuludnlusuiae

2.1.5_n1slAn Threshold U Adaptive Background Subtraction

A1 Threshold dunuinéd1Agylu Adaptive Background Subtraction (ABS)
Tneldmunumsusningeenanniiunds A1 Threshold fiwianeauazaely ABS uaningls
ot Tnelisaneniundailidosnindundae

FBn13:dend Threshold ¥ildsd]

2.1.5.1 Fnsaesiinassgn USuA Threshold fiagtfosauninagldnadnsd
ABINI3

2.1.5.2 3813 Otsu LJudsnsomlusiflunisidendn Threshold lagldignas
1ATIEVBALALNTUYDINN

2.1.5.3 TN15n5WN WA NHAANEYRY ABS iUAN Threshold sinaq Y

d@unsaLaen@l Threshold Munyasl

£% 1%
= (YY)

9 o A ' a =~ o
UBAITILI AB AN Threshold MMLNCANILIUBYNUING WUNAT LASHNIN

U

waslunn nsUsuen Threshold niiuly enavinly ABS weninglalaiwiugn
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a

2.1.6 Fngiasuuiasgindls (Non-rigid)

T

=Y

Toguieingdiulandianudangunisaiusadsuusalinuiainie

= A o a A aw " T S | D |
Lﬂau‘l‘sﬂﬂﬂ'}‘ﬁu@ IU‘U5‘U'V|6U@ﬁﬂqiﬂigﬂﬂamaﬂquﬁajﬂEJ‘Vl'N.ﬂ']W ﬂOﬂ-rIgld @WQQQ?G}QWINF’N‘V}

Tugusaviselassadnweiy fso1adunaunainnisiadoulm, n1snady, ¥sen1ssauiuges

o

mavany 9 dmilviliiinisdsuulasgusn sudamsidsundaduveulunnisniguen

WU N5EENTUINURInglagNIENUINKIINANIBNTEATELINgULEY A1nfeg 19Uy

2.

=
\I

Non-rigid

JUN 2.7 Tmgianunsadeundasgusiela (non-rigid)

Tumsuszanananin, n13dnnisiuingilidunuuuds (non-rigid objects)

Tnazdundnwegsazidoniesanianududoulunisnsiadunaznisiin et esannil
a a = | o Ao < . B [ v [y
nsdsuulasiseitiedlusuisesing n1sningdu non-rigid WilvinszuIuN13ATITY,
N13AAAIY, kaENI5ILUNYEAVRITNgNTANTUTouTY vinliinelanldlunisUseaiana
ansosdaugangy wazannsavinulaiunisivdsustasiineiliawesing laeeiall
Usednsnm
[ =~ I < I oo . .
n13UszIaNan mvedng 7 liduuuuwd swse non-rigid object image

[ 1Y) d'

A I o v A A a ¢ Ao A

processing WunszuIuNsildimaluladiiediaseiuazdnn1siua i ingmuaeunuag

1 1% d! [~ dl' a v = [ 1 t:’ljd d' d‘ d‘
sUsalanuan Fadusesivinmedesiningmaiidnisiaasulnikazildeunladin
v Y 1 &l =~ A v P A a v v I [ YY) ~ 1 &
Fudou 1y uywdneioulmnseingiadeunmeusaliuais n1sdnnsivingilaidunuy
udadlanudrdglunsudledamlunainnaieniu Wi Msiesgdnmmansuwng, n1s
n397uANUaendelusEuuaRsln (CCTV), Laznsdnnisiuviueudndewndaulnly

ANNLINADUNFNGY
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'
[ d

FagAlidusuuwduinezdeuzusisldniuaan 619910 "Rigid Object” %50
"Togude” N3Usraddsusiadliiesnselituisundatas lnedngiliidusuuudsenaduy
Tunthuywd, 1, 59, vseangiada walaunsadsuguielavuedfuwseiinseyimadu

WU US9N9, U590A, NIDUTIDU 9)

2.2 nuddeiiineadas

X. Feng et al. [1] na1daniswauIganasiunazn1sldansawisangalunis
UszanananmasuiianesiaunvitegelidedAgy Inguedanyuvenisinauiy
anshananes el n1susanananmlngld Deep Learning uag CNNs 1 ResNet uae
DenseNet il aifinAuuiug lun1s3MLAUTEANAIN S8UU SqueezeNet TUszANEAM
wazUszundansneIns n1sauwunthenieinlenis Deep Learning Huszloaulun1sanuun
thevieiflenansaaduing 148aosiunouiiu RONN wagdBiReatu YOLO wisufuauna
SEMIIAEILarALLILET NS nwundy (Segmentation) N153ANAENIR ALY
Deep Learning tiaanuudugilusysufinga wu FON uag encoder-decoder frameworks
nsldersauas nsld GPU way FPGA dalunisiaiun DNN iepanuusiugwasUseansnm
7519 TPU wae Intel NNP winUseansainlunisuansuanazyseansnmlunisldndsay
msldensaunasniiussavsnngadugaiu eusulginramsiug) waeiiuszansamm luns
19 7UV9 DNN 8819110

L. Zhou et al. [2] lana1ils nsas1edydnualresdiuysznauussaIngIusuns
andunislsven: msldmadaneufinnesidu (cv) 1udsddnlunisadsdndnualves
d1UUIZN0UIBIAINAINTUNITALTUNITITUIRN N1TATIATUANWaIZN LAY (Feature
detection) N5Y1NULUNITATIITUIA, VY, waziduduiiuguvesdanesiiu cv e
CNNs LasuUsEansnlunisnsadudnuaeditay n153u3 (Perception) M3suifinseunay

N1358UAT0E14, N353 YR, waznIssEYrIIAYNaLlY, Taudensseumsnseyinluinle

o a

CNNs SlunumdrAgluauiug madnuumdu (Segmentation) danisnasAintedinisaidl

[

nausinee lagduagivingaiglunini, vesasaldilandugaideitu dice loss w3a loU,

Y

a

CNNs Usuugeuszaniamlunis@nuundu nsasislumaaudf (3D model generation)
Aol esniswaunlasld Deep Learning, lagtaniz CNNs, W owarun UL nad Ul A &
Uszavsnngs Sunliuiezuiuusessavsnmsolulusunan

E. Patel et al. [7] boina 17819 n1stUT e Ul g usening K-Means waz Gaussian

Mixture Model (GMM) Tun1s9anauveen1szaiuuy Cloud AudAyueInIsandaya N3
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o w

v <) a a 1% 1 [ a1 !
anteyaidudsddglunisuszaanaiialiuiaznudnyusddiusilunisyszanaluma
pg gL AMUTIIMIElUNTINNGNATE K-Means MSIMTUATILIUYBINGN TN ay
waznsidanganananssusuimunzamdudwddglunistesiuanuliaunavesnguuay
N3G ANNTIMElUNSTANgUAI8 Gaussian Mixture Model (GMM) A31181nEUIN
| o o ! A d' Y (% ! a b~} v a v 1
agin1simuedwIud U zaletasiunsUSuuisnniiuluvsednsinseusilyl
=~ = v 1Al = | o ~ °
LEAND HANIINAGRY GMM 1n15IRNguTasdenuInnil K-Means udi19zdliaAuln
1NN WATeYanlANINTY a3URAZMIININISHALY NsAnwIITNaRon1TNEINTalLayNIS

[

Jansteyaluszuu Cloud AsdrAgyfesiatsalonunuiuiluaivelvivansfuaiy

o

AoIN1suarTIUazBenvastayaluIafe iy

[
LY

M. A. B. Siddique et al. [8] l#nanafis snAdeiliiaasmneiiieAnwuazUszegndld
WATANISLUIEIUNNAYYA (Digital Image Segmentation) Imgldn1smiAinasl Otsu's
Thresholding Tuannuandenwes Matlab lnewadia Otsu's Thresholding Wuisn1suen
A duaesdundn (foreground wag background) Imamsmﬂ'wmmsﬁﬁmmzamﬁqﬂumi
WEALYEAIANLILN  (intensity) vosinwalunw  MISLUsEIUNNARYNE  (Digital Image

[

Segmentation).JunszuaumsnddglumsiianginmuazUszgndldlunainvates L
nsunng nsiihseds wagmsiding 3938nswes Otsu's Thresholding WumadiamIuys
drunmitldfusgnunivats  ilesnenuiSsuieuarUsgansnmlunisussaiananin
WUV grayscale Imamﬁmﬂ'wLﬂmsﬁﬁﬁﬂﬁmmLLUiUiauma‘Luﬂfjm (intra-class variance) oy
fign sATedld MATLAB HunestiofifiussanBnwdmiumauszananannidvanagns
Jpszvineadamans  detnelinsimuinasnsmadeudanesiunsuusduniniiladne
Ju adeiviildnudide fo nmsidenmaiianisuldiufimnzean Otsu's Thresholding
Humedafiduseansnmlunisuenuezmanuduvesiinaalunn - vilfaunsasendiui
FosmsliegsiuszavEaim Matlab Sflsidufiatuayunmsuszanananwiivanvianeuass
Usgdvsam  vhldnisiamiwasnsnaaeusanesturilddiouarsinda  n1smenaued

wingaulunsiusdunmdeinisnisusumsilwesinzauiuanusazUssian - alu
au & vo o a ¢ = - Y o saaa a o
MATeilavhnsadeukasUs U TwesesvavBunieluldnaansNAngn  n13tinN3
waAMULUlUNg U NUgIUYDINITHUSEIUNINIAE  Otsu's Thresholding ¥aelntindde
anunsausulduaziinnundanaiBuliensliussdvznw
M. Gogebakan [10] tiina138ia MMSCM (Juasnsdanguildluwmaiduiiugiu nns
a @ aa | ) & [y 1 2 [ o
#9151 MMSCM L Jwdgn stuiildlueadunugulunsdnngy laswiunisimundiuiu

nauluyateya nsldwatiatugs WullmanaunguLuuMd@euluuAgInuLaIs NS
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Awnedvesulsuvedlunanay nswisuiieu vinnsseudisuiuisndeguansliiiui
MMSCM fiusganinmmiloninlunsimuadiuiunguiasa g lun1s3uunyssan

FBnsandiAlu dnisunaueiSnisaad@lndiiiiuanudnsalunisdanguuaznisdiwun

Ao o

Usziam agulngsin MMSCM unuanafnamthiddglumedanisdangs Thadesilons
Anerideyaiiusansnwiazuiue

Y. Zhang et al. [11] lana1389 n153angudoya (Clustering) Huwmeiaiilasu
n1sfnwiiuegsunsnatsluynyunsissuswuulidlaeu wavgniuanldlunaigs s
Usggnaldlulanuisannanduads wihiesdinmsiauedanes fiunsdanauiivenideamanss
TugramanenaIsTui UL 19U K-Means, Fuzzy C-Means, DBSCAN, Lazn13innguuuy
d1dfutu (hierarchical clustering) waivianundl iamnsadanistudosy al dudoulddii

Gaussian Mixture Model (GMM) &afiusgdansamlunisdangudeyandudauwuy multi-

o
& 4 (% L4

modal ag19l5An1u danasiy GMM ndegindedteyanvaaainsadunald gslunig

Y

UfjUReniiveyausdimvinmely slainsimundanasiidlminsiunszuiunsiiudeyad

o 1 [

YPMELAZNITINNGNAIY GMM Leiulunszuiunsiseusined linaiuyseansamly

q

NSIANAUUBYaNTYaUNAILUIAY T8NTEUIUNSANTBLATIVINALYINIUTINAUNITIA

'
=

nauegsaduiuiielldnadwsiiaign Munsmaassfugadoyauinsgiu UCI wags nuin
Saneifiulnuifvseavinmnilonindanoifiuuvuaesiunouiifiog uazamnsadnw
Uszavisnmlspuslunsdinfideyaunmenn

P. Zhang et al. [12] ﬂﬂi%ﬁJﬁJﬁLﬂjUﬂﬂiLLﬁl“UﬂQJM’]IUﬂﬁﬁ@MW@J’SJWQﬁllﬂjLf]‘LJLL“ZJu

snaulagldmaluladidedn Wiosainnisiamuinanilassasuddsunandunisenviinig

9

Tnglanizill alin15.ad aulniog 198 aunIAn3 8l 15U ukUaIgus1e nasldunud

(2 '
o 2 = =

ANEIAYTBINUNLAZIAITAT 1T UINNSRBUSTEn T dymillaegelivsednsam
A4 & Ao & = v AN a o d' ° w & A
LAs pdlan WL uTmdsnsldmalulagidednlunisadisnuiaudAgre N unLaza

~ a [ o o Ql' o o & aa o o
ielglunszuiunisinauing lnevinisdnwunuruiaudAymarilidugedfineusu

'
=

nsanmulageliuszansanlunanuananeiu uenandglgunuianNa AL UURLeY

parelunisdndulalunisfinaiuing I5n15NUNEAUDNT HUNITILASIZIRUY Multi-Scale

9

o w

o a . A a ) A Y
WAEN1IAS N UTIAUEIAYWUL Spatial Temporal iefnnuingluninadoulnilasgng
~ a a o a = A a ¢ a a aa al
#Uszdnsnin uennideiinsneasiuaznsussidunaiiveNgIluseansnmuesisnisi
WU TULUADIUNNITAITY NANISNARDILALNTIAUSEANS ANV AT RN TULA kAR
Tiuirnuduasasauwiuglunisfienuingilidusrusnnulutoulunisldaun

LANMI9AU
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S. Kumar [13] lanandamedaffidgynlunislddeyanowdundn Sewmdanves
aw A [% [ av o’ A = £ 1 = a a

MAjeilfensaidlunavesingliidusuinauanaininioulmliegdivssdniam
Jaymndniiiaelu NRSTM Aeadududauvadluinaffodas 1 9uusaganueIntun1sanwun
sUs1vesingndoulmednedase @013l Prior Factorization Method sinawddaymnlu
nmsldteyaneudundniililiamnsadwuningidudeuliegefivsedniam nuidei
o aal =t ' = = o v
YnaueIsn1sildlasainguszamiiguuuuan (deep neural network) tieasnaluinaves
Tagihiduuawinauainain Bnnstitisananududousaz Ussansnmuaanisiuuning
lummaaes JIdglanaaeiuyateyanainvalguasan nn1swaiLaneeiy 1iefigad
Anuasatunisindulanaznisdinunvasisnisniiaus waansuandliiudmiiy
wiuguaryszansnmueaisnislunisasdlumavesingiiliiduwvusnnuainami adeu
lmlgegnaiivsgansninuazietale

C. Stauffer and W. E. L. Grimson [15] lana133nnisiamuingluninadaulng

[ & o A = < [ ! a d'

nsugnueginganiunasiuasuuUaaduldynman wu msdsusdasias n1sindoulng
Ya4ing WsemsiUdsuwlatluanimiinden 3nsldwuudiassnauiunanuiule weldlu
n3AnnINdng neliaduanansatunisusunsiseuilanunisasuwdastuanimiwind ey
lagldn1sTiuiedayadinviatgnn tileasswuuinassvesiiunas lagiinsusuanatsuas
aududasglumseudiiousunisiseuslndiduniswasusdadlvanimuinaaulsiogng

[y

anludlf vn1snaaeiugntayaaInvaIeionage uUTEANSAINUBIITNT WATNATNS

Y & = 1o a a a a o & ¢ ad N
wandlviiudsmuwivguazszansamialunisinnuinglunanduiealnd 33n1sid
Uszansamlunisfinauinglunandudealngd wazanusaldaulafvaninwindeuningg

[

Wasuwas Gadudsiiddglunsussgndldanuluaniunisaiade

P. Xiang et al. [16] l§nafis TansmsraduauinUninuunaiutnd Temily
nsldRadnuazves HSl wagdssuniu iuvelvsyansnmdnda duddny nmsanuuedii
\den OCF strips 1it panA1ue 4 o ukasLi uuszans nawlunisuszunana HVAM afin
andnunizdrdylaglisedineusuiiieiaiunuiussansnwlunsmsaduanaiiaund ns
auilunds TVCF usnfiufifidnuniluwnzandssuniu nmsusuimdnlaesalul® n1sld
dvdnlagldsverrinameanasaannissuniuvesiunds nsiieuiisunisnaass ns

a a

wansaudUsEansanlaelidnglunisusuusumatinnisnsiaduanuiaunaly HSl e

asa o o v 2

Wigueuiuisnviuale yadeyaiailouuazasiiansusgavsninvesisnisluaniunisali
WANANAY NS HULRBU UUTLANSAINIUNITHTITUANURAUNF AL ANAITUNIUVDY

Bnsmaden MsUsliulsganiam ldunsvl ROC wagdn AUC Mavianegivilainn asu



17

aa

Snsfiiaue Wunsnsiaduaruiaundlu HSI laemssaunisiiassnissusiiauls nisau

=

funds waznsUsutmidn wadndnismaaesduduauivssans nmvosiulugadoya
wansineiu wandliudnanimlunsldlunaieans

Y. Zhang et al. [17] lonanadie anuddgvesnsueningrimaluainn1sasas
Tuilos msusnimguinmdsiinnuddgegiamnnlunsasasiudiodasanmsludoulyves
naiUABuLUAAsETe nsTey Tngrvs BBuneiinisidy HOG wasmsauiiuvdslaeiy
sTnefiAnduanmaldsuslasesiasaing msdanstunisdsuudasmeuasaing
FBmsuuziiu GMM waziaietieUszamidednniontunadnuasfiuiuldigu LBP uay
ALMT Taseas19aee ALMTFM a8uteamudnuae ALMT wazivmaian1sduaauiudiegig

<

AMTUNITTUNNUNES N13ATRTUINGUUIMST wazn1auian nsUseunnass 1uns

v

LARIAUHUTEANTAINYDI ALMTFM HIUN1INAa0duuInteasnasluiedsuasyatays

Y

CDnet2014 agduagnmsnauituauing ALMTFM 3an1siumsiuieunladuaauatadingatng

g}

Usg@nEnndmsunIsnsaadueun v auassalunsimuanisdneskaznisinnisiu

1
1 A

Tognluedeulmvsawndaulmddiatey uidelusuianagdunisuidymimaiiiiiie

q

UsgandnnanvuluanIunIsaiasy



Ui 3
ASN1sAIUIIUIRY

=

mATeEes MInmaduuazAnmuaiesnevesiiiuasuulasguialdsemaia
oufiumesIdu levhnsAnwiuuidn naud wasnuideiifetestuingussian non-rigid
FahAnusild sddunuduneumahaudsd

3.1 MTIATERdymuesidY

3.2 MSANYIANNLINRBNITTUYIENBIA

3.3 8ANKUUNTLUIUNTNINANANSAARUUUHALNAIY

3.4 n3Uspfiudsgdnsnmnsiasieinnufagiu

2
Y Y

TAYLEUNITAMRUNWITETNIMUS 3 TURDUY

1. @3deniitedmsunuideainanuauls f3defnwnuidenneites way
nouiiiosanaseunenedm dauauiftuuig vnliiansayviounasladiy uazasesns
noasAa1NnsaUdsunlagus1alalidin (non-rigid) Femuuanislunisvinwiss ns
WiguWieuIsnisne q weliussaadvane

& o a ) o A va o = Ve va J

2. Tupeulunisaniiunis WuduneundIdedslafnuinmuauUfvewmeda was
ANvEURIaTEEABNEIAN (non-rigid) Yimswieugunsal waslieulusunsy MATLAB lagld
Gaussian Mixture Model (GMM) $7uAU Adaptive Background Subtraction

3 < S v o a v av o av v

3. Jumaunisasy Wutuneuganglunisinuidensasunanuidenvuni

o =2 [ o a a o [~ Zj o a a v A
YNINANUNTUANYIAG ) A15AELNIT Ul ULTUR UM SAL UL AINFUN 3.1
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Algorithm Development
MATLAB

ADAPTIVE
BACKGROUND

Pl ]
Gaussian mixture models

& O

B

dayannisla
ANIUNSLUSENIANR

JUT 3.1 Jumounsaiuay

3.1 N33R UYNIVBINUITY
AadevinsAnwdynivesnuideinefinwunglanumalulagussulianann
(Image processing) ABLNIMBIINFY (Computer vision) kaasaunenasi IngiIdelavh

4

a ! ) el = = & v el' ay & =
N3 eilgrisinduannsdnuinunaatuianudeimgmalulagiiul ann1sAinm

v
av Aa &

wudn Adedfivedendulymed 2 Ussiiu fe adosnavesrnduinguuindniianse
wWaguuUaagusald uasinuaudfvaamnsad Nuiduwi dsviounaslaing nsasviou

a ° v & v a ¢ - < & av
wasuazN13NTZIRL i lvinsueiunlgaeuianes (Computer Vision) liuiduaIndl

auysnl

3.2 ANWENINLINAUVDIEIUVI8NDIAN
iAflfindosflounzgunsaifwioluiluntsdiiiuniside
3.2.1 wanAuas (Software)
33n15TUsunsa MATLAB nasdu 2020a wadesdlendndildlunsifeu
TUsunsudmsunsasusasinmuasesnavas TUswnsy MATLAB findeslouazflaridunis

PUNNAINNANYEINSUNISUTELIBANANIN WALNZEINSUIUIATIETIR LD
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3.2.2 N138713aL23 (Hardware)

1) auiiamasidnda Dell Ultrabook: CPU Intel Core i5 Gené6), 6300U@
Lﬁ'az.ﬂf GHz @ knuUszulana 2 wnw), GPU Intel HD Graphics 520, RAM 8 GB, CPU ia¥
RAM flifiesmodiuiumssulusunsa MATLAB wasnaaasiugadeyarunadnieauinnans

n15A29 Intel HD Graphics 520 81alimanzAuNuUTzIIaNan NIUIA ey

4 1 4

fidudou wifismedwmiunmessndowiu mnauidedosnisssinananinauialg
vidolimnuduteu enszdesfinsanldneniamesil GPU Afuszansningandi

2) ndosnuazden 5 duiinea Tddmsununnifleneluiumes

3) naesdaosgueatesrevesd  Mifloadianmundeniisiansnisuie

asevpevasluinas MeaziBesvesndesdrassisall 1. ndosuin: nie 36 wu.

6717 44 931, 79 29 By, YieiiwendAuasis 5 fuduuy Fudreiie-un dud wa
suvds 2. naosdiuniuliSnuunn 42 v x 42 w1, yfediimznddues 3. vaenlil: LED
150 W 813 52 3. $713U 2 viaen 4. viaealW LED 80 W 813 52 @3l F1UU 2 aen 5. Wiy
ALVBULAL: YU 17 Y. X 39 Y3l I 1 Uk

4) aSesmavesrn: aseunenasan 4 wdu llummegeuszuu laun aenan

fin, aenzlunden, aenglutudy wazanenmny

3.3 29NLUUKAZAILTEUNISNAADY
;fﬁ%’alﬁaaﬂquﬁﬁumiﬁﬂmmﬁu 3 YUABDUNAN

3.3.1 N158183AL8

nsnneinleasesaenasdl 14935 Stop motion Ave ¢ vdudsauARNEITIAL

'
a =)

fin WeidsuwuunsindoulmvesaseunevawmusssuyIA Ineinuaiisaguwuususudy

o/ [ &

dyanwalvesguuuuiiousndoya wildldfmvuaiianiesnseioulm Wuiieinsvdvases

o

Tindouniuvuulinizasgluuubidusssunduniian fregregunsalnaingui 3.2 uax
NIZUIUNTNNIUTBITZUU 1A8LTUAINNITATAUANUNIYINGIL

FR5UNSUABIUNT (frames per second, fps) 1UuNUBN IGIATIUI LN
(frames) Ananslundaiuiivesinle Gainldiovenisnauauaiawaznisauluasgradu

a A aa aas aa ° a a 1 a A a o

sysumAvesnmeaaulniludale Jalend fps Ae1adnndigliauaswmselmiuautnves
Amanad Ialend fps geinazinmiigauaanazaudn FaninzdmiunsuananIniingg
AdeulnIeg1999aL57 9031 frame rate MNNzaU09IALe 9521319 24 fps 9 30 fps

ANUNIUDATWNIUADIUT MIUEUANST 3.1
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ansnsmuadnsisuunaiseiui (frame rate per second)
BNTINTUADIUN (FPS) = F1UIUNTU/528LIANIAUAN LG LUNTAY (3.1)

uINsU (Number of frames) fie Iurunsuiavsngnasuludile

SreLaNINUANTluN15a18 (Total duration) AB SE8LIANINUANLTIUNISESIIALD

sU# 3.2 nMsangleuuu Stop motion



3.3.2 29nNkUUTZUU LAZALLUNISNARY

Detection and Tracking

Setup Config

Pre-Processing

Adaptive Background
Subtraction (ABS)

____________________

Set default values
- Work Space
- Config values

Fine the values

- Mean value of RGB
- Mean value of Gray
- Threshold value

- Train Background

- Gaussian Mixture Model
- Morphological

- Binarization

- Blob Analysis

- Kalman Filter

- Measurement

JUN 3.3 Flowchart 83U189URUANTIUATTVINAIU

_____________________

_____________________
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JUPDUN 1 AINTIUAITYINNUYDITZUU 95UN8TUABUTUANTYIIUYDITEUY

lAgTI AUFURN 3.3

1) aeidle  (Create Video) ¥i1n5a183RtBUUU Stop motion vy & VU

AsaunanasAasuwuUNIseaulmInusssu® el Framerate 30 FPS

2) Msin3euteyallatnu (Pre-Processing) in1sivandnlerinednisinniy

d3o8AaNeIA karandaIMTUNINAINTALE aUTuUTIAMA IR

3) MsweniunauuUsula (Adaptive Background Subtraction) ¥inn15un

ANANULANANNTENINLNTLIALD LNBLENASDUABNDIANDBNANNNUNAI

4) N5MI9TVUaEARAIY  (Detection and Tracking) Tudunauilazyinnig

ATIVTU LALRAMUATDEABNDIA LULAAZINTUYD AL
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Tagyinnismannae  (Global Threshold) AULANANSTAMLNEENTENINY
WsuivasesAanaIA1aINTuneu ABS iauaningeenainiiunddlegldinaeinianuuwnnedis
MNSARANUASDUABNDIA I ULAAZINTUYBNALD WAL ILATIEINAGNSN1TAAAILIAEN1TIAN

AU

Basic Theory

The posterior density of the current object state X; conditioned on all observations
{z1,..,z up to time t by a weighted

setS = {(s™,7M)n=1... N} ' Probability 7(") = p(z;| X; = si"))

The mean state of an object is estimated at each time step by
N

E[S] = 3 7™s
n=1
Adaptive Background Subtraction (ABS)
Formula : Background,,.;y = (1 - alpha) * I + alpha * Background,

. - alpha = 0.5
differenceImage = frame2-uint8(Background) oo .
also denoted as alpha or a, is
differenceImage = thisframe-uint8(Background) the SEEREINTY. 31 WORE
frame3 the null hypothesis when it is true

Backgroundy;,) = (1-0.5) * frame3 + 0.5 * Background ,,
frame2

Backgroundy,q) = (1-0.5) * frame2 + 0.5 * Background(f)

frame =1

Background = thisFrame

Threshold with Otsu method
grayImage = rgb2gray(differenceImage)
¢ thresholdLevel = graythresh(grayImage)

SUT 3.4 uanstumaumsAuuiuvawuuUTuaeula

PURBUN 2 MsAwIniuvAuUUTUAsUld (ABS) fegeangun 3.4
nsvinuludIuues Adaptive Background Subtraction lagviin13nsanduinganunsaiila

TAYNITASI9NITHANIRINTSINIHUUINADINUNET INUUAUNIAMULTELUUIINLUUINADS

[ J LY

AnTunsazIuNTIN ASUdsULUaINAAYlUTDUURAINAINLUUTIADINLNEY AUIBEa
% N A a PN I dy A o d' 1 J N [
noinaeulminanusgneuilununmuuniogseninamsiUdsundas NI

Y

WASDINLNELNENSUSEIRARALLRY Tneunfnddanasiivdrulsenaunieunaazgnuldly

Y
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[y

Wesunuiinweusedsdenndosiuing  AsguiumsiiBeninmsauiungs Aty
dusunmsusranamanuzwuulauin 1989 UTEUIUAMUAUILUUA T UNS IVDIFN UL
aSeunanoam X, Feleululun1sdunanenun {z,,..z) WU t AIEA1EIENNEN AU
AUNTITAIUIAAIUNNN

. . A o < 1y a Y o [
nnewe - Uint8 (Unsigned Integer) A@ vIuaNLUUlidieIowny  aiuuali
ponfimesld 8 bits Tunsunudeyaiiluandviudy szawnsounuadoyaiiiuas

FuuAulaluT19AIR s 0 to 255

S = {(s™ rM)n =1... N}

(3.2)

S wansbvaauzanyiniwesing laedanuiiazdulunisgusiiogiwuy

TairoillnaNaenAanaii MUANNISLARNIANNAUNUSTEUINNATILVDINIUNIAUA

Zﬁle (n) — 1

T, where (3.3)

anuzlafeesing  Axgnussnaluusagyisiaifiazty  AINENN1IAIY

AIANIIVDINATIM (Expectation of a Sum equation)

n=1 (3.4)
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Initialize Tracks

Detect Objects

Predict Location
Assign detections to Tracks
Update Tracks

Detect Lost Tracks l

v
Create New tracks
v

Display Tracking Result

JUN 3.5 Flowchart 85u189unaulun1snsaiuLasinmINasoenavade

¥ 1
v d

Funauil 3 Amsruduneunisnulun1snsIdu warinauaiesns
93 AuEPuetaziBen AuTUT 3.5

1) Manrnduingiadeuiluuegivsy hmsaufiundshouuudiaoma
LUUNIE (GMM) andayay1ausunausienistd Morphological wagyinn1303333uingeie Blob
Analysis

2) madeulesnsnaduivingiontu  vhnsussdunisiadeuiivess
azunindefnges  Kalman WisnsUszananisninadeulmuazauihasduresms

Wouled wazivuaautaziduresn1stenlesnisnsiaTunsaysieniIsiuLnsn



26

o [ < J [ DY 2 Ao 1 [y
3) nstiseinwnin Amuanisnsaeduliiuuniniilled laen1seuian

2 aa v v v P ¥ a £% < 1 o o U ay M Yo
LNINNUBYATLNTINTIVIUIAVILNYIVD Lim@uLLﬂiﬂiWNﬁ’]%iUﬂ’]iﬁli’)"ﬂ‘UU‘Vlell‘lﬂﬂTifi‘lm

& ay v = v o a ¥ < =
ammsﬂwlmiéﬂmm (11]&]ﬂ’]i@lﬁ’)”ﬂ‘ﬂUVILﬂEJ’J‘UENLUUiS?JBL’JaTVI‘Ll\‘i)

3.3.3 A5LUIUNTINUTBIUS AL

INFUN 3.6 waAIN13M91U IABITHINATITUAANINLINDULNYTINVRY

TUSHATY WU A3 wazAmasunsndudanszuIunIsUszaanalushNTy

B4 Editor - C:\Research\Project\Code\ExtractMovieFrames.m*
ExtractMovieFrames.m* MotionGoldTracking.m * | Inslicingcolorm .| Frame2Vid_Use.m
i
2= close all; % Close all figures (except those of imt 1%0)
S5 imtool close all; % Close all imtool figures.
4= clear; %, Erase all existing iables.
Bi= workspace; % Make sure the workspace panel is showing.
6= fontSize = 16;
7
Hi= Partfolder = fileparts('C:\Research\Project\Video\AVI\150W 2\"') :
O filename = 'Khotkit Rolld 150W 2.avi'
10i= movieFullFileName = fullfile(Partfolder,filename) ;
Ll

SUN 3.6 AMMUARUTILaYARIRUYBITEUY

MnjULUUTedEsaunevardusadsunUaagule (non-rigid) zwiudn
Juldlilmasfisnazade Dataset LiiswnSoudiou nszasosnanemusaziduasd
Mgl aananeuand iy Weasesrevasrnadeunviliinn1sdndn wseans
Viudouiu snisalivantasieduidlavesasosnenasiinls aninanunviaius Wuld
lptlapunniisnazasne Dataset §3d8elLuIAuAniIN191 Adaptive Background lunns

& o Ao 9 a 1% 1% ¢ ° = = I a o
auunasinsUSuaeuls  Tagldinaeinisigares  wWisuigureseiinga  N1n13

wWaguwlasTsumsuiuana N vz WTLIAle gnIn1sAILIAT Adaptive Background

9 Y

[

Subtraction lngldgns sail

Backgroundt, 1) = (1- alpha) * | + alpha * Backgroundy, (3.5)
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9ngasiinanauni arldeniifinsdsundadduudagsufiazdos nns
Wasuulasiimainiaznduadosnenasi aintuneuilisnaglden Threshold dasnienld
s Global Threshold FaLdiuisnnsues Otsu’s lagldinamimannisuenainseeia
mesam muguil 3.7 Samngaundt Local Threshold fifinainnisdunamiuiiuiion

soulme Faunaziduiiufives Background wWudiulve) faduriflamunzay o1avinle

naawslaiusiugn
135 the differencing
1236~ alpha = 0.5;
137 — if frame == 1
1:38 = Background = thisFrame;
139 — else
140 % Change the background slightly on each f
141 % Formula : Background(t+l)=(l-alpha)*I+alpha*Background
142 — Background = (l-alpha)* thisFrame + alpha * Background;
143 — end
144 % Adapting backg
a5 = subplot (2, 2, 3):
146 — imshow (Background) ;
il 2= title('Adapt e Background'):
148 = axis('on', 'image'):; % Show aspect ratio.
149 3 Calc a difference frame and background.
1550 — diffImg = thisFrame - uint8 (Background) ;
1851 % Threshold with Otsu method.

57 3.7 fegelusunsuludrunisdiuia Adaptive Background Subtraction
MsTlerTU MATLAB waimansviney snudadusisl
1) Sunoududy a = 0.5 (MsHnosAIdMSUNMINAFRUATLE AR STaz
ssijLWsu{]mﬁuLLmﬁuué’q, t = w5y, | = Auduvesn ndagiy, & (Alpha) = a3
twiinseang 0 uay 1 s‘éqmwﬁumiﬁﬂL@mﬁuwé’ﬂmﬁuagjﬁ’wﬂwﬂwﬁu)
2) dunsumsunsn (n=1) Background = thisFrame
3) dnsussusaun (n>1)
Backgroundit.q) = (1-)xthisFrame+Q&xBackgroundt,
0) AN ssEIasataTuas UMY
differencelmage = thisFrame — Background

5) Wiauesmsfnaulatuig, 1wy 8ves Otsy, awkeningiinaaulin
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AIAINEI1909 RGB = 0.3 R+ 0.59 G + 0.11 B
graylmage = rgb2gray(differencelmage)
thresholdLevel = graythresh(graylmage)
fupoud 3 s 5 wwvhadmiuusiassuisiuaavoseinle
Mngasiinarant agldmfifinsdsuiladusissaiiostion 5019
Usitamsioguasatosnanosdn  ainduneutisnaglden  Threshold dasndenldiduen
Global Threshold #afiuisnsues Otsu’s lagldinamisngalunsuonamdenuda
VBITEAUANT
fetnamsmuial dieasesiudini Tneldan Threshold = 0.018 filst
91NNV ABS
ANUULYBIEINY = 255 x 0.018
= 4.59 %130 5
frqafinaladidnarududimainine Threshold duasdiendu o luam
Binary uazqafinalafifidinnuidudinnannndie Threshold th agfidnuu 1 Tunm

Binary

Frame 850 of 850. 200 Mean Intgnsigies In Gray Leyels ‘

- st
= Overall Brightness v —|
Red Channel

= Green Channel
Blue Channel

@
=}

100 L

Gray Level

v ‘

100 200 300 400 500 600 700 800 900
Frame Number

(a) (b)
Adaptive Background Binarized Difference Image

200 400 600 800 1000

200 200

400 400
600 600

800 800

1000 1000

200 400 600 800 1000 200 400 600 800 1000

(©) (d)

'3‘0‘17{ 3.8 waAnINTIMIALRAEUS Adaptive background Subtraction
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U7l 3.8 (a) uandirlesuatuililunmsdumnsm U7 3.8 (b) wanans
yossziuadadsluse U Tneuanitosdun0veInIINaIne RGB gﬂﬁ 3.8 (C) wen
nsmivesiunduuuiuasuld Fauanslifiuruunnsessidilefildainmsusuiiy
wEUUUUTUIABUlS gavnesudl 3.8 (d) diauensmvesnmauuansaiuuluuFuans

ANMUAUNUSTEUINANRAY AU UVDININIUSEAULRAFINAUNLN LA UNTUVBIIALD

[Nextentions ‘avi' char

[ ifilename ‘Khotkit_Overlapcircle.avi® char
[finishedMessage 1x98 char char

1] fontSize 20 20 20 20 0 0 0 double

1] frame 557 557 557 557 0 0 0 double

£| frameWithText I1x1 struct struct

|1 graylmage 1072x 2 <Too many .. <Tooman.. <Toom.. <Tooma.. <Toomany.. <Toom.. uint8

®) hFig 1x matlab.ui.Figure
®)| himage 1x matlab.graphics.a...
| hplot Ix1 Axes matlab.graphics.a.
1] meanBluelevels 557x1 double 18.1277 9.3908 247552 6.2480 153645 24996 double

| meanGraylevels 557x1 double 46.2563 42,9083 513715 32532 84633 1.8037 double

11 meanGreenlevels 557x1 double 16.4289 14.8547 182763 06727 34216 0.8202 double

1 meanRedLevels 557x1 doubie 115.5673 1084284 1264961 14,1607 18.0677 3.7631 double
[lymovieFullFileName 'C:\Research\Project\Vid... char

| i numberOfColorChannels 3 3 3 3 0 0 0 double

[ numberOfframes 557 557 557 557 0 0 0 double

[+1 numberOfFramesWritten 557 557 557 557 0 0 0 double

..:G outputBaseFileName ‘Frame 0557.png’ char

[ joutputFolder 'C:\Research\Project/M... char

| joutputFullFileName 'C:\Research\Project\M char

i Partfolder 'C:\Research\Project’ char
jpmgresslndication ‘Wrote frame 557 of 55.. char

Hprc M ‘Do you want to play th... char

[ rows 1072 1072 1072 1072 0 0 0 double

thisFrame 1072x1072x3 wint8 <Too many .. <Too man.. <Toom.. <Tooma.. <Too many.. <Toom.. uint8

E 00118 00118 00118 00118 0 0 0 double

@) videoObject 1x1 VideoReader VideoReader
[ vidHeight 1072 1072 1072 1072 0 0 0 double

[ vidWidth 1072 1072 1072 1072 0 0 0 double

¥ writeToDisk 2] logical

o .

g‘d‘ﬁ 3.9 gfilsannnisussanana Adaptive background Subtraction

SUM 3.9 @ndIAleaszUUa RGB Usenausie 3 Auan oA WAd 18D way

Y

% a aa Yy v o | ) & | = ' = 1%
WY usagdllAnANudnTuiuanaiy fus 0 89 255 Tagudazilsuiiadnundnalasgs
1,072 finwa fanuazden 1,072 x 1,072 Ainwa Andy 1,149,440 finwa Aawsy Ay

= ! v ' A aay A 1o aNa
azLaamgw’aEﬂml,u%mmwmmaimmiammwmmumuazmmmm

©Y
F0= obj.detector = vision.ForegroundDetector ('NumGaussians', 3, ...

71 '*NumTrainingFrames', 25, 'Mir Im ‘kgroundRatio', AdapB):

72

/3 — obj.blobAnalyser = vision.BlobAnalysis('BoundingBoxOutputPort', true, ...
74 'AreaOutputpPort', true, 'CentroidOutputPort', true, ...

75 'MinimumBlobArea', 400);

TR end

=

JUN 3.10 Msmuinsuuiassdiunausuumddey (GMM) Tngld Global Threshold 910

ANSATUIRL ABS
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Tutumeuiisnagld Gaussian mixture model Tunsnsiaduasesnovos
fifimsdsunasguild Tnsendedn Global Threshold #il#aindunauves Adaptive
Background Subtraction (ABS) ﬁ]ﬂﬂ'gﬂﬁl 3.10 WadueAn Minimum Background Tudhuiiia
2¥¥11n13 Training Backeround 97143u 25 Ll5al WUENAIULANEITEWIN Background tag
afounanosd  uamsninsadulaeld Bounding Box Apuitufidiuves g AinTanduls
T¥nsesmaumilunsinmumsindeulmusiadesrenosi lageyuuii afosnovasriil

44' A N v oa Y I3 1% o & o o = DX =
LﬂaauvﬂﬂiuwﬁlwwLLazL’JmVIGLﬂaLﬂENﬂu WUATRYADNDIANTUALINY  D9LLHUANALUNNT

[ A

a ' =3 ! =~ - () L a < ! =
WaguuUaagusne ssmuilunisveassilisniiuanududoulasnshidnduduindug
Tidmaiiugusimesasesnenasdnduduivdon wazuandliiuinasosnavesiiiluduy
WP UaT 08 ABNBIANUIALEANMUNEEUINUNTEUEY 1 NYNTIBVINNRADATALE ddu

Fanesiu GMM in1stiu Fill hole tialusnsiaudsa TiAunanIsneaos

JUN 3.12 fMegransinnuaiosnanesraiesanaIfil GMM Sy ABS
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9NJUT 3.11 -3.12  9zudnsliiuienisfnniuadosnanasdinedanesii
GMM ilgsegnufeldanunsafnnulaasuynisy Tuvagiinsfianumedanasfiy GMM
$3uAU Adaptive Background Subtraction asnsafinmuladnsaasunnmsuluinle Gawd

eiinsdsuLUasguialuag1aduas

3.4 A5n15UssiuNaanS

au A9y o & = o o o
iteildasevpenssnnduthnunglunisneass dn15319a3wIU E‘ULL‘U“U bbe S

1%
o Y o

U1uinvsasasnanasnntagly MATLAB Tun15Usellana Han1synaaadinaIndnuiunsuy
a 1 ¥ & @ 6 o & a a = a a a o

AINRINDEINYNADILAZLUDILTUARIINEANIATIUINIA LB UM UUTEENEANTYDILUUIADY
ey (GMM) tasnisiiiunisauiiundawuudsusa (ABS) Wesanilunuidenssy
Tguimneuazliifiinddenedeiulilseuiieursedasald Asuauwivg1veITIuIL
WSUNAAANBENYNABIVDILUUAUANTQNIUTBUTEUAU Gaussian Mixed Model (GMM)

WUUTIRBEIUHANL UMY (GMM) lasunisusudssnmensauiunaswuuysuls (ABS)
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NaN1578

1INNTANWILWIAN NuEY V0IN15UTEUIANANIN (Image Processing) ADNTILADS

6

i (Computer Vision) a¥o8nanesAfLuasuutassusals (non-rigid) uagauided
Aertoaioduaud lunsinluaded §336l8vinisvanes ilefinwUszavsnmes
9ane3via Gassian Mixture Model (GMM) tag Adaptive Background Subtraction latinua
NINPaBIUNEILINIATIEY LazuanadumsaNENEn15IT wiau 2 duneu Feluil
4.1 NaNISNAGDY

4.1.1 neassnglauaslngiuiuann

4.1.2 neapsnglauaslueinis

4.1.3 neassnglauasiuenns laelvasounanasdn 2 1&u

4.2. {aANSURIUSLANTNMNISRARL

4.1 NaN1INNaaY

4.1.1 veassnielanasluiiuiuunn

TuriilaUsziuuszans amlunshnaIuvessanes iy Gaussian Mixture
Model (GMM) W @ ¢ Gaussian Mixture Model with Adaptive Background Subtraction
(GMM+ABS) l@¥nnnsnaassmeldannsuasainedn dai

Msvnaesd 1 Andavaenly LED 80 e §1uau 2 viaen

MsMRaesd 2 Aadaviasnlil LED 150 Sad $1u7u 2 viaen

wasansvnassldasosnonasmaefionty  Tnedathmanentsinanuios
UNauvesasaunenasr 37 10%

Fanesiiu GMM+ABS anunsafinanuadosmenasmldifisadndes lusaos
NSNAaDY

Sanesiiu GMM Fnauatosnenasmldianslunisvaaeed 1 Wity was
Aamulalies 63 990 792 wsu @Aavdu 7.95%)

A3UNaNIINnaDY AuNan1saaesfiandluniseil 1 sanesiiu GMM+ABS

waIUsEANS A MIUNSAARINTANINDANDIAN GMM B819TALIU
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WAsEINTIUIULN i lARemuaEsesReneAlaen  wieenavAnnulile
mgAnnsazvioulas Anfisuinflemaasviounaududdu viedun vilvinwmlslauysal

nsnnaeit 1 Andavasaln LED 80 0 §1u7u 2 viaen

i 1 WHunan1smaaeddan Adaptive Background Subtraction (ABS)
mugUfoeef 4.1

nsvaaesdi 1 aledauena 26 3wl

a5 UNN (FPS) = 792 frame/26 sec

= 30.46 fps

Frame 792 of 792. o Mean Intensities In Gray Levels
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sU#l 4.1 wannsvnaes ABS LED uia 80 3nd 2 niaen

dui 2 Juwan1sveasadiu Detection and Tracking
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JUN 4.2 HANTNARBINNTI9L LED 2u1n 80 0 2 viaen
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MNIUT 42 wanmslFouiisulsEdvBammnsianaiosnoviesdians
ponnn  Aelaanslasaing 160 Tad Seninedanesyiy GMM uag 9anesyiy
GMM+ABS  WANISYNARDINUINGANDSTN  GMM+ABS  JUszansnnlunisinsiu
aseunaveamatsnenin la 149 sy Andu 18.81% asndtdraanis 10%

nMsneaesit 2 Andavaesl LED 150 a6 $1u7u 2 vaon

dwd 1 Junanisvaaesdsu Adaptive Background Subtraction (ABS) A1yl

sUsegnen 4.3

NNSNAABIN 2 ARLLANNETI = 18 U

anTunNsu (FPS) = 557 frame/18 sec
= 30.94 fps

Frame 557 of 557. oo Mean Intensities In Gray Levels
o Owrsll R ghas3

20" e
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—— Fiia G
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JUN 4.4 HANINARBIANTIAN 1 LED Yu1n 150 04 2 viaen
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NFUN 44 wanensilSeuiigulseansninvesnsinnuasosnonem
AeAannn NYLAFN1ITLAIETING 300 TRA 581IN90aN839NU GMM way 9anasny GMM+ABS
NANNSNAABINUINDANDSTHN GMM liaunsafnnnuasasnanasrls waninanIsnaase tu

o
#1319 1

A15197 4.1 wan1sneassneldlasndIuiuun

annusulagndas (%)
ANYHAIDYADNDIAN ‘;.J’G]{;]‘ mgaumlsu GMM GMM + ABS
NINUA
A8ADANE (3171) 160 792 63(7.95%) 149(18.81%)
agAeAin (@A) 300 557 (0%) 330(59.24%)

[
Y

LEAAINITITULAzRnLaSounanasr (Non-rigid) Tundesweaasiifngs
‘maa@ﬂ,wLU@%LG‘?MG?SUaaﬂsauﬁammuadwgnﬁawuﬂjwmﬁmmmé’mmm

sosnldhmsvaassyniiaes 1idanefin GMM+ABS  Gauflumsiiendsnis
wonfundauuUduld (ABS) anmaufusanesdiu GMM HanIsnassnuil anansainmny
asounavoafild 100% nnase

dlawSeuifisunanisnaass 9105199 2 NaNSRARLSane3Tiu GMM+ABS

LanUszaNSANTUNISRARLNANINDaNDSN GMM 2819TALAU

4.1.2 neaasnielanadluainis

Turi aUszriulsza@nsnnlun1sfanuve99anas Ay Gaussian Mixture
Model (GMM) iLtag Gaussian Mixture Model with Adaptive Background Subtraction
(GMM+ABS) lavinnnsnaassnialdnasliuains e
A15NAABIN 1 a18ARNe (Viudau)
P a v
N15NAAB9N 2 a18ABANA (171)
a = a
ASNARBIN 3 aenzlundel (@1uasL)
a & a
N15NRae 4 aenzlutusy (Eumaew)
dl 1
ANAABIN 5 a180112718 (19NaN)
NINARBITIN 5 N1snaaes egluannzaelauaduaiasuuuinediu lngd

nsaadmnenisinnuaseunauiuilitesndy 50% vedaseunense
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agUnanIMAABs MuHaNsvInaesLandlunIIed 2 Sane3viu GMM+ABS
uanaUszdvBamlunsfnnuifinindanedfin GMM egdaau lasdane3iin GMM+ABS
aansafnnuaiosnanasAla 100% NNNTNARDS

\osnnsmeassegluanizaneliuaduenns mssunuvesuas Jafes
N msneaesiidavaenlidiuiuainn  mnaty  warsUs1vesatesrevesmdeinaiiunis
fpnuegnann nsedeuiivesiede vesngunIAaesiuiasuIweiy uin1sedeui
yhlrAnmsidouserdy vilaansafnauligndes

Mannaesdl 1 nammeassmeldiaduoias aeaenin sULUUUTEY

@ 1 Hunan1snnassdan Adaptive Background Subtraction (ABS) 471
4.5 ansnanin wuusiudeu Fledlnnuen 20 Juil

23 UN5U (FPS) = 557 frame/20 sec

= 27.85 fps
Frame 557 of 557. , Mean Intensities In Gray Levels
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d1ufl 2 1 Junsvnaesdiu Detection and Tracking

GMM GMM+ABS

JU1 4.6 NANINARBIANTINN 2 AeABnne JULULYIUGoU

NN 4.6 wamansilIeuiigulseansamnisanniuasesnevosd a1e
AoAfn JULUUTuYeN Seninedaneifiy GMM uag dana3fin GMM+ABS wuin danefi

GMM+ABS @131150AARNNAS08A0109A1 19 100% LAAINANISNAADILUAITINN 2

Msnnaesd 2 nanisaassmelduadueinis awaenin sUBUUEI
@ 1 Wunan1smnassdin Adaptive Background Subtraction (ABS) 211
Ul 4.7 anvaenin wuuvivdeu nletianue 7 Juil
RTUNIH (FPS) = 225 frame/7 sec

= 27.85 fps

Frame 225 of 225.

Mean Intensities In Gray Levels
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d1ufl 2 1 Junsvnaesdiu Detection and Tracking

GMM GMM+ABS

JU71 4.8 NANINARBIANTINN 2 Aemenia UluULu

NNFUN 4.8 wansnisiSeudisudsednsammsianuasesnevosdiane
AN JUMUUEIUW Seninedanesiu GMM  uagdana3fil GMM+ABS wuindanesiiu

GMM+ABS @13150RANNNAS08AD1N09A1 e 100% LARINANISNAADILUAITINN 2

N15NAAaRIN 3 Nan1seaadIN1eldnasluanAs atenslunden (@uwmasy)

g 1 WHunan1smnassdau Adaptive Background Subtraction (ABS) 471

UM 4.9 angmenin wuuviugeu Faleiiauend 15 Ui
answisu (FPS) = 446 frame/15 sec
= 29.73 fps

Frame 445 of 445. 5 Mean Intensities In Gray Levels

Gray Level
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(c) (d)

SUN 4.9 Han1smaaes ABS anengluinded sunuuaumvaey
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d1ufl 2 1 Junsvnaesdiu Detection and Tracking

GMM

GMM+ABS

JUN 4.10 HaN1INARBINNTIN 2 angnzluinden JUlUvavaY

= ~ = a a a o °
"i]']ﬂEUV] 4.10 waAINTISLUTIUNEUUTLANININNITAARIUETREADNDIAT a8

prluinden gUuuUaumBen se1iedanesiu GMM uag 8ane3fil GMM+ABS Wuan

9an037u GMM+ABS @31150RAANAS08ANDIA L 100% WARIHNANISNAABILUATSINN 2

NInAaeN 4 nanisveasinglduadiuenns aenslutusuEnas)

dun 1 Junan1sveassdiu Adaptive Background Subtraction (ABS) 910
JUN 4.11 angazlutugy wuuaumies Jaledanug1d 5 i

an3WNY (FPS) = 135 frame/5 sec
= 27 fps

Frame 135 of 135.

oo Mean Intensities In Gray Levels
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JUN 4.11 nan1snaaed ABS angnzludusy suluuaivaey
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d1ufl 2 1 Junsvnaesdiu Detection and Tracking

GMM

GMM+ABS

JUT 4.12 nan15nAaeIns el 2 menglududy sULUUaILRe

NFUN 4.12  uanamsiSeuiiigudseaninmnisanmuasesnevosdn a1e

arlutudy sULUUENIWBEN SEVIeEanesTil GMM uaz danesiiu GMM+ABS wudn

Panesfil GMM+ABS @11150AnANa5uAeNaIAla 100% WARIHANISNARDIIUAIIN 2

A1SNAA9N 5 NANISNAABINETARAILLDIAS A18E1IE (LUTVNAL)

i 1 Wunanisnaaesdln Adaptive Background Subtraction (ABS) 211
SU# 4.13 Fledimnuegn 27 Juii

9955u (FPS) = 774 frame/27 sec
= 28.66 fps

Frame 774 of 774.

5 Mean Intensities In Gray Levels
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ey e Qrall Brightness.
———Red Channel M
~=Green Channal "

Blue Channel

2

Gray Level

g”

200 400 600 800 1000 0 100 200 200 400

5‘7D f«;ﬂ
Frame Number
(a) (b)

Binarized Difference Image

700 800

Adaptive Background

200 400 €00 800 1000 200 400 €00 80U 1000
(<)

(d)

gﬂﬁ 4.13 }an157190a0d ABS a1gnN11I18 WUUMNNAY



d1ufl 2 1 Junsvnaesdiu Detection and Tracking

GMM

JUT 4.14 HANINARBIANTINN 2 anermvIng JULUUINAY

GMM+ABS

mﬂgﬂﬂ 4.14 BanIN1SUSEULNIUUSEEANSNINNISRANNASDUABNDIAT a8

HIYI8 JULUUINAY 5EMINedane3iin GMM uag danesiid GMM+ABS Wuin danesiiy

GMM+ABS @31150AARIUASa8ABNaIANLA 100% LAAINANISNAADIIUATITIN 2

a v
A15199 4.2 Han1sNaanIn1elanadluanAs

annasulagnias (%)

ANYAS28ABNDIAN MUY
2 GMM GMM + ABS
V19NN
aemenin (lugeu) 557 149(26.75%) 557(100%)
auAanne (K1) 225 58(25.77%) 225(100%)
angagluinden (@umas) 446 53(11.88%) 446(100%)
a'lamsiu%guﬁjm (@amdn) 135 135(100%) 135(100%)
ANYNIRINY (39NaY) 774 486(62.79%) 774(100%)

4.1.3 veassnelaukadluainns lngliasagnanadn 2 L@y

AsVRaall  UselluUseanSnnn1sinmuasasnanedn  Aelaan1Iswas

wuunelueans legldasounanesdn 3 1@ anatemN 9 As a1grImIY (Rattan) a1gAen

n (Khotkit) LLasmamvaU%qum (RBlister)
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Msveaesil 1 fnmuadosrenasd 2 @undeutu Tngldadosmanasd ane
HIMINELAZANIADANA

MInnaesd 2 Rnnuasosnenes 2 Wundeutu Tngldasesnanasd ae
onfnuaratenyluusgy

sz AmNIsAanIN fie Fesaunsafanudiuladiunivesadosns
nosrldegnetion 509% Fuly

Tunsvasowisaesn 1iedanesfiufinnunuy GMM  (Gaussian Mixture
Model) wag GMM+ABS (Gaussian Mixture Model with Adaptive Background Subtraction)

dane3fin GMM+ABS Usraumudnsags aunsofnanuasesnenaseile
11NN 95% LLazé’mﬁmsﬁﬂmm%faaﬂawmﬁﬂﬁﬁaaﬁqm 261 WS 9NYTanuA 270 1sY A
U 96.66%

Sane37iu GMM anunsafnnuasesnevesrildning 50% naonn1snaass
Tisaosn uazdnmnisfnnuadosnenasildtosiian 106 tsu 9nviamun 270 wisy Andu
39.25%

NANISVAABINUIISANES TN GMM+ABS WansUseansnmnIsAnmudinni

Jan39y GMM 2819TALAUN ANUNANISNAADINLAAILUAITIN 3

MsMnaesdl 1 Anauadosnevesi 2 Wundeutu  ngldadosnavesiians
NITNYLAZA1BADAAR
@ 1 WHunan1smnasidin Adaptive Background Subtraction (ABS) 211
U7 4.15 agrnve wazaneRenin Inledanuend 9 Fui
anTunTu (FPS) = 286 frame/9 sec
= 31.77 fps
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Frame 285 of 285. Mean Intensities In Gray Levels
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JUN 4.15 Han13nAaed ABS angsviang Waganeneniin

#1UN 2 NMINAaBIEIY Detection and Tracking

GMM GMM+ABS

E‘U 4.16 NANISVIAABINNTINN 3 AIUHININY LAaTaIgADANG

U7l 4.16 uamansiUSsuiisusaneiiiu GMM uazdane3viu GMM+ABS Tny
TaSoumonefl 2 @u a1eRImY Lavalunenin 1NAISINT 3 Sane3Tiu GMM+ABS
anunsofnsuldasunnwlsy Andu 100% wansRan1snaaaslunised 3

nIneaesi 2 Anmuasenevesi 2 Wundoudy Ineldasosnonsd aty

PaARAwazans LuTUAY



dwd 1 Junanismnaesdau Adaptive Background Subtraction (ABS)

sUN
Y

4.17 a18Annn wazatenzlundel Ialeliaue 9 Ui

83wy (FPS) = 270 frame/9 sec
= 30 fps

Frame 270 of 270.
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SUN 4.18 uansmsiUSeuieudanesiy GMM  uazdane3iiu GMM+ABS

Tneltasaunanadrn 2 1&@u algnanne kazatgnzlunded 39nnN5 197 3 9anasNy GMM+ABS

anunsafnaulana 96.66% wanswanimasedlunnsed 3 mstumsunRanulagneesay

dugeaalie asesrenasriduladunildliauisafianiula vielidnsinisnseunaeIiules

171 50% VBINUA

AN 197 4.3 HANISNAARINELlALEILD1A1S e lUaSesADNeIAT 2 LEU

Annswsuldgndag (%)

ANYESBYABNBIAN AUIUNTY
Y GMM GMM + ABS
NINRUA
ANYHIYINY LATANUABANG 286 127(44.40%) 286(100%)
aneranin wazateszluinaen 270 106(39.25%) 261(96.66%)
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4.2 NaansvalsEansnImwn1shnniu

PNANTUNANTNAABITS 3 ANSeuanINsUTeuLieuUsEansn e ssane3iiy
GMM Aeunazndinstnisauiiundimuuuduld (ABS) unld wanisvmeassuansliifiuinnis
148ano37iu GMM $au/U ABS Trefiulsyansanly nmeldteulvifeniu venaniazuiuly
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95% Ty
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3. 9an95711 GMM TUSZANTAN ¥ 9anesny GMM+ABS
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A1579% 5.1 Wesidudvaansundnauladnsalaenislvaanasiuy GMM+ABS

5’1uauL1/\Iim7iaﬂmu”Lé’gné’aa(%)
ANSNAADY
GMM GMM+ABS
awaamlw LED 80 704 2 viaan 7.95% 18.81%
awaamlw LED 150 194 2 viaan 0% 7.95%
NaanIN1elaLaslue1As Iasesmanadri 1 tau 45.43% 96.66%
NaasIneliLaslue1As Iasesmanadn 2 tau 41.82% 98.33%
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% WuIUIUNTLIALD
videoObject = VideoReader(movieFullFileName)
numberOfframes = videoObject.NumberOfFrames;
vidHeight = videoObject.Height;
vidWidth = videoObject.Width;
numberOfframesWritten = 0;
% WANINAIALE
hFig = figure('Name', 'Video Analyst', 'No. Frame', 'Off);
% gcf create current number

hFig.WindowState = 'maximized’; % New way of maximizing.

% AIUIUAT Mean AINUDIFY
meanGraylLevels = zeros(numberOfFrames, 1);
meanRedLevels = zeros(numberOfframes, 1);
meanGreenLevels = zeros(humberOfFrames, 1);
meanBluelLevels = zeros(numberOfframes, 1);
for frame = 1 : numberOfframes

% WENLNIAIALE

thisFrame = read(videoObject, frame);

% uanINaA1 Mean Wunsinauvosdeymyio
hlmage = subplot(2, 2, 1),
image(thisFrame);

caption = sprintf('Frame %d of %d.", frame, numberOfFrames);
title(caption, 'FontSize', fontSize);

axis('on', 'image’);

drawnow;

% Write the image array to the output file
if writeToDisk
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% Construct an output image file name.

outputBaseFileName = sprintf('Frame %4.4d.png', frame);

outputFullFileName = fullfile(outputFolder, outputBaseFileName);
frameWithText = getframe(gca);

imwrite(frameWithText.cdata, outputFullFileName, 'png’);

end

% FUIRIARAESEAURI
graylmage = rgb2gray(thisFrame);

meanGrayLevels(frame) = mean(graylmage(.));

% FIUINANLRALSEAU R, G LAy B
meanRedLevels(frame) = mean(mean(thisFrame(, :, 1)));
meanGreenLevels(frame) = mean(mean(thisFrame(, :, 2)));

meanBluelLevels(frame) = mean(mean(thisFrame(;, :, 3)));

% Plot AaAusERUAM
hPlot = subplot(2, 2, 2);
hold off;
plot(meanGraylLevels, 'k-, 'LineWidth', 3);
hold on;
plot(meanRedLevels, -, 'LineWidth', 2);
plot(meanGreenlLevels, '¢-, 'LineWidth', 2);
plot(meanBlueLevels, 'b-, 'LineWidth', 2);
grid on;
if frame == 1

xlabel('Frame Number’);

ylabel('Gray Level);

[rows, columns, numberOfColorChannels] = size(thisFrame);

end
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% do the differencing
alpha = 0.5;
if frame == 1
Backeround = thisFrame;
else
% Change background slightly at each frame
% Background(t+1)=(1-alpha)*I+alpha*Background
Background = (1-alpha)* thisFrame + alpha * Background,;
end
% Display the changing/adapting background.
subplot(2, 2, 3);
imshow(Background);
title('Adaptive Background', 'FontSize', fontSize);
axis('on’, 'image’); % Show tick marks and get aspect ratio correct.
% Calculate a difference between this frame and the backsround.
differencelmage = thisFrame - uint8(Background);
% Threshold with Otsu method.
graylmage = rgb2gray(differencelmage); % Convert to gray level

thresholdLevel = graythresh(graylmage), % Get threshold.

binarylmage = im2bw( graylmage, thresholdLevel); % Do the binarization
% Plot the binary image.

subplot(2, 2, 4);

imshow(binarylmage);

title('Binarized Difference Image', 'FontSize', fontSize);

axis('on’, 'image"); % Show tick marks and get aspect ratio correct.
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1An Method Gaussian Mixture Model (GMM)

% LNUNEIMUTTUATNURG IR lobal Threshold ¥usi1 270 Adaptive

Background Subtraction
% MIIVIULBLRAMUASDLABNS FHANTULATDINTIVIULT D INTN LA DInNY

Gaussian Mixture Model (G

obj.detector = visior umGaussians', 3, ...

'NumTrainingFrz undRatio', AdapB);

outPort', true, ...
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Detection and Tracking Shape-Shifting Gold
Necklaces Using Computer Vision Techniques

Araya Thanakrirkphon
Faculty of Information Technology
Thai-Nichi Instutue of Technology
Bangkok, Thailand
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Abstract—Due to the current method of theft in gold shops,
criminals were stealing gold necklaces or gold jewelry. They
were concealing it, which employees did not know that gold had
disappeared from the gold shop. The shopkeeper found it
difficult to track directly from the object and physical gold
necklaces were small for easy stacking.

This research focuses on a study and analysis of the detection
and tracking of deformable gold necklaces. Therefore, it was
observed in many follow-up experiments. After that, the
researcher presented the detection and tracking of deformable
gold necklaces had been using image processing techniques. The
researcher will improve the gold necklace tracking performance
with the traditional Gaussian mixture model (GMM) enhanced
with the adaptive background subtraction (ABS) functionality.
We compared the traditional GMM method and the optimized
GMM with an adaptive background subtraction (ABS) image.
The results of the experiment were shown in the method to
compare efficiency before and after improving efficiency. It was
found that 86.07% of the frames could be tracked properly.

Keywords—Computer vision, object detection and tracking,
Image processing, GMM, shapeshift

I INTRODUCTION

The economy is in decline, and the possibility of crime is
increasing. According to various media reports, there has been
an increase in robberies and theft at gold shops. The incidents
nvolve violence and the concealed theft of expensive gold
necklaces which are easy to sell. It seems that the hidden theft
1s very interesting. Because a gold necklace is a key to a
successful theft by changing its shape (non-rigid) into various
shapes such as long lines, flat sheets. rounds, etc., a gold
necklace that 1s thin and small but has enough weight to swing
at speed. can go in the destred direction. If you combine the
abilities of the gold necklace, hiding a gold necklace out of
sight 1s easy. This is the inspiration for detecting and tracking
the motion of gold necklaces.

In this paper, we present the detection and tracking of the
motion of a gold necklace that could change its shape freely
using computer vision techniques[1]-[3]. The experiment of
tracking was raised from the shiny properties of gold.
Characteristics of gold necklaces are crafted by casting or
weaving pattems into joints. These joints are then assembled
to form a flexible gold necklace that can change its shape.
When the gold necklace moves, these joints twist, causing
reflections of light on the joints and surfaces of the joints. The
light reflections of the gold necklace differ from ordinary
objects. Due to the uneven surface, light reflects both on the
surface and the joints, resulting in the possibility of the gold
necklace’s color changing to hues other than gold. The
researchers cannot use colors resulting from the reflection of
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Thai-Nichi Instutue of Technology
Bangkok, Thailand
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light from a gold necklace. In general, Gaussian mixture
models typically assume that light reflection from an object
follows Lambertian reflectance, meaning it is uniformly
scattered and does not consider light reflected or shadows.
This assumption may not hold true for objects with shiny
surfaces, such as a gold necklace, which are the focus of this
experiment. This deviation could affect the accuracy of the
model. The use of adaptive background subtraction, which can
be adjusted, helps improve the success rate of object detection
and tracking. Therefore, the scope of the experiment is defined
by assuming that the object is a gold necklace. The experiment
1s designed with computer vision techniques[4].[5]. Gaussian
Mixed Model (GMM) was combined with an Adaptive
Background Subtraction (ABS) by separating frames to
calculate the precise average of small background changes and
extracting the background from the gold necklace.

II. RELATED WORKS

A. Computer vision (CV)

Computer vision is a field of artificial intelligence (AI) and
computer science that focuses on enabling computers to
interpret and understand visual information from the real
world. It involves developing algorithms and techniques[1]
that allow machines to extract meaningful insights from
images or videos, similar to how humans percetve and
interpret visual data. Computer vision applications[2],[4]
range from image recognition[3], object detection, and facial
recognition to medical image analyss, autonomous vehicles,
and augmented reality. The ultimate goal of computer vision
is to empower machines with the ability to see and
comprehend the visual world, enabling them to perform tasks
that require visual understanding and interpretation.

B. Gaussian mixture models (GMM)

The Gaussian Mixture Model (GMM) is a probabilistic
model[9] that represents the distribution of data points as a
combination of multiple Gaussian distributions, each
characterized by its mean and variance. It assumes that the
data is generated from a mixture of several Gaussian
distributions with unknown parameters. GMMs are often used
for tasks such as clustering[6],[7] where they can identify
underlying groups in the data[10][11], or for density
estimation, where they can model the probability density
function of the data.

C. Adaptive Background Subtraction

Adaptive Background Subtraction is a computer vision
technique[1],[2] used for detecting moving objects within a
video stream by modeling and updating the background scene
over time. Unlike traditional background subtraction
methods[16],[17] where the background is assumed to be
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static, adaptive background subtraction adapts to changes in
the scene, such as ljghtinz variations, camera motion, or
gradual changes in the environment.

The technique involves continuously updating the
background model based on the incoming video frames,
allowing it to dynamically adjust to changes in the scene. This
adaptation helps to maintain an accurate representation of the
background despite variations, thereby improving the
accuracy of object detection.

Adaptive Background Subtraction is a widely used
technique 1n various applications such as surveillance and
object tracking[15], where it is crucial to detect moving
objects. It detects moving objects (such as a gold necklace)
using only a single static camera. It employs the Gaussian
Mixture Model (GMM) statistical background model to
update the background model pixels by utilizing the difference
in pixels between two consecutive frames [12], which
separates objects such as gold necklaces this will be
summarized in Table I. Literature review summary.

TABLEL LITERATURE REVIEW SUMMARY

Topic Method

Discuss the overall progress of algonthms and
the latest hardware utilization in computer
vision. This includes the significant impacts of
deep leaming in various tasks such as image
classification, ufilizing desp leaming and
CNNG like ResNet and DenseNet to enhance
categorization accuracy. The SqueezeNet
model is also highlighted for its resource-
efficient performance improvement. Deep

e leaming is also beneficial in video tagging.
Computr o | et dtecton is addressd through two-
ﬁgﬂm o step methods ke R-CNN and single-step

2 i methods like YOLO, balancing speed and
ﬁfgﬁ‘?mm"k accuracy. Image segmentation. for scene
3 understanding, integrates traditional methods
with deep leaming for pixel-level accuracy,
utilizing techniques like FCN and encoder-
decoder frameworks. Hardware utilization,
meluding GPUs and FPGAs, enhances DNN
development for improved accuracy and
efficiency. Additionally, leveraging TPUs and
Intel NNP improves rendering and energy
efficiency, emphasizing the use of highly
efficient hardware.
emphasize the importance of computer vision
(CV) techniques in generating symbolic
representations of scene components for
subsequent robotic operations. Key aspects
regarding the efficacy of CV techniques
mclude: Feature detection: Tasks like point,
edge, and line detection form the basis of
various CV algorithms. CNNs enhance feature
detection efficiency, Perception:
29 Encompassing instance recognition, class
%mﬂ \{ulon recognition, and general category recognition,
Man ﬁqua e ) including action recognition in videos. CNNs
e play a crucial role m perception tasks,
Segmentation: Aiming to label pixels into
various groups based on the objects within
them, often using loss functions such as dice
loss or ToU. CNNs improve segmentation
efficiency. 3D  model  generation:
Continuously mmproved using deep leaming,
particularly CNN, to develop high-efficiency
3D models with a trend towards further
performance enhancement in the future.
Clustering, Cloud The comparison between K-Means and
Workloads: K-Means | Gaussian Mixture Model (GMM) in clustering

Topic

Method

vs Gaussian Mixture
Model[7].

Cloud workloads is crucial for understanding
and planning in Cloud systems. Here's a
summary: 1. Importance of Data Reduction:
Data reduction is critical in processing to
ensure each feature contributes equally to
model estimation. 2. Challenges in K-Means
Clustering: Dete.nnmmz the appropriate
number of clusters and selecting suitable
initial centroids are essential components to
prevent cluster imbalance and slow
computation. 3. Challenges in Gaussian
Mixture Model (GMM) Clustering: The
difficulty lies in determining the appropriate
number of components to prevent overfitting
or inadequate leaming rates. 4. Experimental
Results: GMM provides more detailed
clustering compared to K-Means, albeit with
higher computation time. However, the
obtained data is more comprehensive. 3.
Conclusion and Development Directions: This
study impacts predicion and data
management i Cloud systems. Its crucial to
consider when planning model spaces to suit
the requirements and details of the data

simultaneously.

A Novel Approach for
Gaussian Mixture
Model Clustering
Ba..ed on Soft

Method[lO]

Discussed MMSCM as a new model-based
clustering method, focusing on determining
cluster numbers in datasets. It employs
advanced techniques such as univanate
Gaussian mixture models and mixture model
soft computing methods. Comparisons with
existing methods demonstrate MMSCM's
superior performance in both cluster number
determination and classification accuracy.
Additionally, a new dimension reduction
method is presented, further enhancing
clustering and classification success. Overall,
MMSCM  represents a  significant
advancement 1in clustering  techniques,
providing efficient and accurate data analysis
tools.

Visual Attention and
Background
Subtraction With
Adaptive Weight for
Hyperspectral
Anomaly Detection
[16].

Present a novel anomaly detection method in
hyperspectral images (HSI), combining image
recognition  simulation and backgromd
subtraction  with  adaptive  weighting.
Traditional Challenges: Traditional AD
methods often strugele with leveraging HSI
featwes and noise, leading to limited
efficiency. Main Components:
Dimensionality reduction: Selectmg OCF
strips to reduce redundancy and mcrease
processing  efficiency. HVAM: Extracting
important features without training to enhance
anomaly detection efficiency. Backzround
subtraction: TVCF separates abnommal areas
while reducing noise. Adaptive weighting:
Weighting using spectral distance reduces
backgrouud interference. Trial Comparison:
Demonstrating efficacy with potential to
advance AD techniques in HSI compared to
state-of-the-art methods. Important Parts:
Datasets:  Virtual and real datasets
demonstrate method performance in different
situations.  Comparison:  OQutperforming
altemative methods m detecting anomalies
and reducing backeromd  interference.
Efficacy Evaluation: Complete ROC curves
and AUC values all above thresholds.
Parameter  Adjustment: Optimizing
parameters for strong performance and
increased efficiency. Noise Reduction: Proven
robustness  against noise, maintaining
satisfactory  performance 1In  noisy
environments. Conclusions: The proposed
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Topic Method

method 15 a2 significant step forward in
anomaly detection in HSI by combining visual
attention simulation, background removal, and
weight adjustment. Experimental results
confim its effectiveness across different
datasets, showing potential for use in various
fields. Future Research: Tuning parameters for
specific situations to improve diversity and
efficiency.

Background - :
il | L s 8 e
Adaptive Local q K

Median Texture
Featire in Ilusaination sample consensus technique for backsround
Chanses Urban Traffic modeling, foreground detection, and updating,

Scenes{17). ALMTFM's effectiveness through

Highlighted the crucial need for separating
foreground from backeround in urban traffic
scenes, especially in the face of illumination
changes. They introduced the Adaptive Local
Median Texture Feature Background
(ALMTFM) model. Foreground Recognition:
Discussed methods like HOG and background
subtraction, emphasizing challenges posed by
1llumination changes. Handling Nlummation
Changes: Proposed solutions like GMM and

Structure: Explained ALMT features and

Expermental  Evaluation: Demonstrated

experiments on real wrban traffic videos and
the CDnet2014 dataset. Conclusion and Future
Development: ALMTFM effectively deals
with illumnation changes for vehicle
detection.  Challengses in  parameter
determination and handling motionless or
slow-moving objects remain. Future work
aims to address these issues for improved
performance in real-world scenarios

I  METHOD

In this paper, we propose the detection and motion
tracking of an infinitely deformable gold necklace with
computer vision techniques. Fig.1 show the overview of the
operations and Fig. 2 show a system diagram.

A. Analysis of research problems.

From the study, we found the following problems. A gold
necklace is a small object that can change shape. It has shiny
properties 1.e. light reflection and scattering makes computer
vision considering as an incomplete picture.

The researcher has conducted additional research studies.
The following are used in the research.

The hardware using in the experiment with MATLAB
20202 CPU Intel Core i5(6th Gen) 6300U@2.4 GHz.
GPU Intel HD Graphics 520 RAM 8 GB Core Qty
Dual-Core.

Create an experiment box as a part of a gold shop.
Using MATLAB program for detection and tracking,
the Gaussian mixture model (GMM) together with
adaptive background subtraction (ABS). From the
experiment, detection and tracking results were
satisfactory.

Studying the environment of gold shops, the method
of selling gold necklaces by employees, and gold
necklaces as shown in Fig_ 1.

Processed
vides

Fig. 1. Operations Overview

B. Design and conduct experiments.

Fig. 2 shows the in the following procedure. First, create a
video using the stop motion technique. Second, configure the
environment used in the program's operation. Third, remove
anomalies such as noise from the video. Next, calculate the
threshold value for frame difference using adaptive
background subtraction function as shown in Fig. 3. Last step,
perform detection and tracking of the gold necklace in Fig 4.

In the adaptive background subtraction process, we define
the area of interest to train the background without the gold
necklace for 25 frames. We use the difference between frames
to distinguish object pixels with a threshold value. The result
1s binary from the object value calculation, updating the
background in the frame to t+1 with alpha set to 0.5. Then, the
global threshold value s brought into the Gaussian Mixture
Model (GMM) process.

Adaptive &
Subtract

Fig.2. Overall process.
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Fig.3. Adaptive Background Subtraction (ABS)
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C. Detection and Tracking

i
§

Cruploy Marting Aes

Fig.4. Flowchart explams the steps for detectimg and tracking gold
necklaces.

The Gold necklaces 1s non-rigid which cannot create a data
set for comparison because each gold necklace may be seen as
different object. When the gold necklace moves 1t will twist or
overlap. These events can occur on any part of the gold
necklace, so we have an idea of performing adaptive
background subtraction (ABS) to remove the background that
can be adjusted. It uses the lowest threshold to compare pixel
values that change according to video frame characteristics.

Calculate adaptive background subtraction (ABS) using
the following formula:

Background(t+ 1) = (1- alpha) * I + alpha * Backgroundyy (1)

MATLAB Function step by step
1. Initialization: 0.=0.5 (a constant parameter for balancing
the importance between the current frame and the
background), t = frame number, I = current image intensity,
Alpha= weight factor between 0 and 1 that controls the
background update based on the cusrent image.
2. For the first frame (n=1): Background = thisFrame
3. For subsequent frames (n>1):

Background1) = (1-0)xthisFrame+u~Backgroundy
4. Compute the difference between the current frame and the
background: differencelmage = thisFrame — Background
5. Apply a thresholding method, such as Otsu's method, to
segment the moving objects:

RGB Luminance value=0.3R+0.59 G + 0.11 B.
grayImage = rgb2gray(differencelmage)
thresholdLevel = graythresh(grayImage)

Steps 3 to 5 are repeated for each frame until the end of the
video sequence.

The formula generates a value that fluctuates slightly in
each frame, possibly indicating the presence of a gold
necklace. This value 15 then utilized to derive a threshold,
selected as the Global Threshold via Otsu's method. Otsu's
method divides the image based on intensity values, which
proves more suitable compared to a Local Threshold derived
from surrounding area calculations. Using a Local Threshold
may predominantly capture background elements, leading to
inaccurate outcomes.

To calculate the threshold value in Fig 3, follow these

steps: 1. Convert color image to grayscale.
2. Calculate threshold value.

Once you have the thresholdLevel, you can use it to
convert the grayscale image into a binary image, where pixel
values above the threshold are set to white (255) and below
the threshold are set to black (0).

vezoms

Frame 557 of 5§7. Mean Intensities In Gray Levels

R

Fig. 5. The adaptive background subtraction (ABS) average graph

Fig. 5 (2) shows the original video used for calculating the
graphs. Fig. 5 (b) displays the graph of Mean Intensities In
Gray Levels, showing the signal channels of Brightness RGB.
Fig. 5 (c) llustrates the graph of Adaptive Background,
showcasing the difference in video frames achieved by
adjusting the background adaptively. Finally, Fig. 5 (d)
presents the graph of Binarized Difference Image, which
calculates the obtained values.

e
P
[

Fig. 6. Calculating Threshold values in Fig 3.

videos are in RGB format, with each frame having a width
and height of 1,072 pixels. This results in over 1 million
pixels per frame. The high resolution ensures that the images
captured in the video are precise and vibrant in color.

In Figure 6, the experimental results show low metrics,
which are suitable for effectively detecting small objects.

Ju=  lpby.der = yiaton Jrousiia eazas { mtisusslana®, 3, .
n i Frams', 25, sekgroundiatio!, Bdar®i;

Fig. 7. Example code for calculating Gaussian Mixture Model (GMM) with
adaptive background subtraction (ABS) values.

In Fig. 7 this step, we use a Gausstan mixture model to
detect deformable gold necklaces using the global threshold
obtained from the adaptive background subtraction (ABS)
step as the minimum background value. In this section, we
train the background 25 frames to distinguish between
background and gold necklace display detection using a
Bounding Box covering the area of the detected object. We
used a Kalman filter to track the motion of the gold necklace.
It 15 assumed that the gold necklaces move at similar distances
and times, which are the same gold necklace, even though the
shape changes. In this experiment we will not fill the hole. To
show the shape of the gold necklace, the lines continue to
overlap and there 1s a gold necklace number tag attached to
the Bounding Box in the upper left corner from the beginning
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of the video. To know if it is the same object or not, if the
object cannot be tracked, the object tag number will change
As shown in the experimental results in Figs. 8-9.

Fig 9. Example of tracking a gold necklace using the GMM algorithm with
adaptive background subtraction (ABS).

D. Methods for evaluating resuits.

This research used a gold necklace as the target object in
the experiment. There is a limit on the number, pattem, and
weight of gold necklaces using MATLAB for processing.
Experimental results were measured by the number of
correctly tracked frames and quantitative success percentage.
Compare the performance of the Gaussian mixture model
(GMM) by adding an adaptive background subtraction (ABS),
because this is research that specifies the target object and
there is no similar research to compare or can be referenced.
Therefore, the accuracy the number of correctly tracked
frames of traditional is compared with Gaussian mixture
model (GMM). Gausstan mixture model (GMM) enhanced
with adaptive background subtraction (ABS).

IV. RESEARCHRESULT AND EVALUATION

Some examples of experimental results are divided to
three cases.

o Experiment with numerous light sources in Fig.10.

¢ Expeniment under indoor lighting conditions,
tracking a single gold necklace in Figs.11 -15.

o Expeniment under indoor lighting conditions,
tracking two gold necklaces in Fig.16-17.

A. Experiment with numerous light sources.

Two experiments were performed under bright light
conditions to test the tracking efficiency of two different
methods: GMM and GMM+ABS. Experiment 1 installed 2 x
80-watt LED bulbs, while experiment 2 installed 2 x 150-watt
LED bulbs. Both experiments used a gold necklace with the
same pattern, and the goal was to detect a portion of the
necklace with an expected success rate of just 10%.
GMM+ABS was able to track minimally under both
experiments, while GMM could only track under experiment
1 and achieved tracking in only 63 out of 792 frames (7.95%).
As shown in Table II, the GMM+ABS method demonstrated
better tracking efficiency than the GMM method.

GMMeAdaptve Backyro

Fig. 10. Comparison of tracking using GMM and GMM with adaptive
background subtraction (ABS) in Table II : Can't tracking the GMM

method with illumination 300 watts.

TABLENL.  DETECT AND TRACK GOLD NECKLACE (NON-RIGID) IN AN
EXPERIMENTAL EOX WITH A LIGHT BULB: PERCENTAGE OF FRAMES
TRACKED CORRECTLY UNTIL FAILURE.

Gold necklace Percentage of correctly tracked frames
pattern | e | P9 | @y | GBS
frame
Khotkit (Roll) 160 192 63(7.93%) 149(18.81%)
e, 0 | 557 | @ | 306924%

B. Experiment under indoor lighting conditions, tracking a
single gold necklace.

Indoor lighting conditions were used to conduct
experiments with four gold necklaces. The necklaces featured
the patterns Khotkit, with two sub-patterns: overlap circle and
roll, RSpiral, RBlister, and Rattan. The expected success rate
was to detect at least 50% of the necklace portion.

The GMM method was used to track all five experiments.
The results showed that the tracking was below 50% for three
experiments, above 50% for one expeniment, and achieved
maximum tracking of 100% for one experiment. However, the
GMM+ABS method was able to achieve 100% tracking for
all experiments.

According to Table I, the GMM+ABS method
demonstrated better tracking efficiency than the GMM
method.

PE——r—

Fig. 11. Khotkit (Overlapcircle) : Comparison of tracking using Gaussian
mixture model (GMM) and Gaussian mixture model (GMM) with
adaptive background subtraction (ABS) in Table ITT : GMM+ABS can
track 100%.
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Fig. 12. Khotkit (Roll) : Comparison two Gold necklace of tracking using
Gaussian mixture model (GMVM) and Gaussian mixture model (GMM)
with adaptive background subtraction (ABS) in Table Ill: GMM=ABS
can track 100%.

P ra—

Fig. 13. RaspSpiral (Circle) : Comparison two Gold necklace of tracking
using Gaussian mixture model (GMM) and Gaussian mixture model
(GMM) with adaptive background subtraction (ABS) m Table III:
GMM+ABS can trackin 100%.

r E——a—

Fig. 14. RBlister (Triangle): Comparison of two Gold necklaces of tracking
using Gaussian mixture model (GMM) and Gaussian mixture model
(GMM) with adaptive backeround subtraction (ABS) i Table III:
GMM+ABS can track 100%.

ESTvSy—

Fig. 15. Rattan (Circle): Comparison of two Gold necklaces of tracking
using Gaussian mixture model (GMM) and Gaussian mixture model
(GMM) with adaptive background subtraction (ABS). m Table III:
GMM+ABS can track 100%.

TABLEN  THEGOLDNECKLACE (NON-RIGID) IN AN EXPERIMENTAL
BOX BUILDING LIGHT : PERCENTAGE OF FRAMES TRACKED CORRECTLY

UNTIL FAILURE.
Cold necklace Percentage of correctly tracked frames
pattern Toul | Gy | Gr+aBs
Sframe
Khotkit c50 %o 559100
(Overlapeircle) bl 149(26.75%) 357(100%)
Khotkit (Roll) 25 38(25.77%) 225(100%)
RSpiral (Circle) 446 33(11.88%) 446(100%)
RBlister (Triangle) 135 135(100%) 135(100%)
Rattan (Circle) 774 | 486(62.79%) | 774(100%)

C. Experiment under indoor lighting conditions, tracking
two gold necklaces.

During the experiments. indoor lighting conditions were
maintained. Three gold necklaces with the patterns Rattan,
Khotkit, and RBlister were used. The first experiment
mnvolved tracking two objects simultaneously using two
necklaces with patterns Rattan and Khotkit, while the second
experiment used two necklaces with pattems Khotkit and
RBlister. The success rate of detecting at least a portion of the
necklace was set at 50% or higher.

Both GMM and GMM+ABS tracking methods were used
1n the two experiments. The GMM+ABS method was highly
successful with over 95% tracking efficiency while the GMM
method had a tracking efficiency of below 50%. Across both
experiments, the GMM+ABS method achieved a minimum
tracking of 261 out of 270 frames (96.66%). On the other
hand, the GMM method achieved a minimum tracking of 106
out of 270 frames (39.25%).

Overall, the GMM+ABS method demonstrated better
tracking efficiency than the GMM method, as shown in Table
V.

Fig. 16. Rattan and Khotlat : Comparison of two Gold necklaces of tracking
using Gaussian mixture model (GMM) and Gaussian mixture model
(GMM) with adaptive background subfraction (ABS) in Table IV:
GMM+ABS can track up to 96.66%.

_
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Fig. 17. Khothit and RBlister : Comparison of two Gold necklaces of
tracking using Gaussian mixture model (GMM) and Gaussian mixture
model (GMM) with adaptive background subtraction (ABS) in Table
IV: GMM=ABS can tracking 100%.

TABLEIV.  TWOGOLDNECKLACES (NON-RIGID) IN AN EXPERIMENTAL
BOX WITH BUILDING LIGHT: PERCENTAGE OF FRAMES TRACKED
CORRECTLY UNTIL FAILURE.

Gold necklace Percentage of correctly tracked frames

pattern Toul | cypy GMM+ ABS

Sframe
Rattan and Khotkit 286 127(44.40%) 286(100%)
Khotkit and RBlister 270 106(39.23%) |  261(96.66%)

In the three tables displaying the research findings, there's
a comparison of the GMM algorithm's performance before
and after incorporating adaptive background subtraction
(ABS). The experiments demonstrate that integrating ABS
into the GMM algorithm enhances its performance. Moreover,
under conststent conditions, if's evident that the threshold
value derived from ABS is suitable for detection and tracking
the targeted gold necklace. Even when the shape undergoes
changes, the tracking accuracy remains above 95%.

The most affected factor in this research was light. For
objects with shiny surfaces, the reflection of light causes
objects to have a high chance of color distortion. Shadows,
including shadows created by objects and shadows created by
reflecting light back and forth in the case of a gold necklace
that 1s the target object has a great impact on the gold necklace
ttself that are woven in various patterns or uses many small
joints joined together for beauty each joint does not need to
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have a certain shape or the same size. Curvature of the joint or
these pattemns cause different problems.

V. CONCLUSION

A gold necklace presents unique challenges for detection
due to its intricate patterns and small size. Direct detection of
a gold necklace 1s difficult, but it becomes more feasible when
observed against the background, where slight differences in
each frame may reveal its presence.

In experimental samples, the detectability of gold
necklaces depends partly on their thickness and the reflection
they produce when hung or arranged 1n a long line. However,
when the shape changes, the necklaces can be divided into two
groups based on their jomnt characteristics: Group 1: The
Khotkit pattern has small, thick joints that bend when
overlapped. Group 2: The RSpiral, RBlister, and Rattan
patterns have small, thin joints, highly flexibility, and when
overlapped, they form piles or clusters. In summary, the
GMM+ABS method can accurately track gold necklaces in
both groups.

The results of Table V show the performance of the
GMM+ABS method and indicate that up to 86.07% of the

frames could be tracked properly.
TABLEV.  THEPERCENTAGE OF SUCCESSFULLY TRACKED FRAMES
USING THE GMM+ABS METHOD.
Percentage of correctly tracked
Experiment Nunberof WGMVMBS
EXpEriments
Under mumerous light sources 2(39.02%) 867%
Under indoor lighting 7(99.52%) 77.40%
86.07%

In the future, there are potential tasks such as light
removal methods and background color adjustment
techniques that can significantly enhance the effectiveness of
detecting gold necklaces. We can utilize the latest version of
MATLAB, which includes deep leaming toolboxes enabling
the development of specialized Al models like CNN and
RNN. Additionally, for image processing and light analysis
tasks, we can employ Python, C++, and Java. The choice of
popular languages like MATLAB, Python, C++, or Java
depends on the research requirements and the user's expertise.
Considering these factors is crucial in determining the most

suitable method for light removal.
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