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KANTIKA WONGKASEM : IMPLEMENTATION OF YOLOVA-TINY FOR CAR DETECTION
WITH LOW-RESOLUTION VIDEO. ADVISOR : ASST. PROF. DR PORNCHAI
NIVESRANGSAN, 99 PP.

At present, drones are being utilized for various applications, including aerial
surveillance, object detection, and traffic monitoring. This research focuses on
developing a car detection system using low-resolution aerial images captured by
drones with a specific emphasis on detecting small-sized cars. Deep learning
technology in the field of computer vision was applied using the YOLOv4-Tiny
algorithm. YOLOV4-Tiny is an efficient and high-performance small-sized model. This
research compares model components and various input parameter adjustments to
be used in the training process to achieve a maximum model’s performance by
comparing the following factors such as data preparation, data augmentation
techniques, and the selection of the SGDM or ADAM optimizer. To enhance and select
suitable input parameters for detecting small objects, the evaluation results of the
model performance used average precision which is a standard measure of overall
precision in object detection applications. It can be seen that the augmentation dataset
with ADAM optimizer for an input size of 603x603 pixels gives the highest accuracy in
detecting small-sized cars in low-resolution drone images. These findings can be
applied to further the development of drone systems for car detection in similar
conditions. This research has the potential to save time and resources, making drone

technology more accessible for a variety of applications.
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Once (YOLO) Saneifiufiaziimsinaevluadmiunmansaduing Juilvnimsaiuivguuy
jiuit Tuirlofmnuusiugngs Fsdaneifiunszna YOLO 1 wangdmsunuasaduiaquuuiui
Tuaile Tnaldmaiafansradunil s umey (Single-Stage/One-Stage Detection) 1y YOLO vi,
v2, V3 [16], [17], [18] ua Single Shot MultiBox Detector (SSD) [19] LagdnIonN13UBINITAITINNU
o Aeuuusaduaosdunau (Two-Stage Detection) 111 RCNN, Fast RONN wa Faster RCNN
[20], [21], [22] Gzhﬂmi?]ﬂaaumﬂ%’wmﬁﬂmﬁLﬁ%m%’a;ﬂa U ﬂﬁﬂ%’umﬁlaumﬁmaamw ANSNEN
AMULANDUILUAL uaznIaviovenenmiuudy welawedvshimenaeulilauaed
AmaBnsaiaty uenandnisuiulssaruaasovestnasionadsuiannsaldeeniily
a9 (Optimizer) Y284 1ANLAINITAVINITATIVTUANVLIE ALAAD U A15UTZU
anuanansavesinnadudLddildineasldfvisng q wu AIPNNADY ANANNMAILEN A
auusiugiede Wudu dvsulssifiuanuamnsavedinanisnsaduing waraeluns

USulgslumalintueig Ineseasdeniineitesvesnideagnanluitenwa Uil



2.1 ARUNWALADIIVIAL

aouRnnedIvey (uavmidavestyyrUseAus i @nud sadunisvinle
Aeuamosasnsaitlanagyszuaananinld aeuRamesIimidgas e olv
poufiumesanansasuiuazuUanudsmng q mnamlsisuiotuayed Tasaeuianesd
vimiazlidanesfiusing q ileusnuezimglunin asedunisiedeulm szyluvih uasdu 1

poufiumesiviay 3udutulul a.a. 1950 (23] 9nnsld lassneuszamiion
(Neural Network) lunnsdnusaanyfliunsunssetnsdiney 1wy sunssasmasy amaoy
2anau Femsrumvsunazay dedliusiuguaziianaings Tl aa. 1970 [24] leiinns
YneunafialszananafiiSundn Optical Character Recognition [25] fe nsuIun1suUas

nndeaanulmdudaninundianaiuisawnlavazeunile unldlunisfainudindsdense

€

=

oAy wardnsRauIeg195IAse Welin1siauivesszuudwnesids Jiinissulnan

¥

Toyagun1neinge egnaanaIduLmANa vinlaansallaszvteyauazandin el
F1uunn Tudagduiinisfinersiun1insiduinguing vy dwavilbiinnisimuinis
AU LU UUTUT #599TUsReUARUUTTUN iITlEueduaauiiamesviauiingsly
Nuegniwtutlagtu wu lusiuswilsaudy Wuwessnwaulasnis usus uaz

o a fa o 6 | ¥ a s ¥ (% v =
NuUsEYnAdy q A umesivialYleineuimesansaitlalansouddlduindu waz
gaglimauiinesainsaniuldag19dnludfuindu annnudssgndang 9 Javilu
AouMAmes AT AN S W auneg 19595 uavmalulagrauiinesdnAdmagn
wanlglvl 9 egiese

fog1IMsldanuneuiawesivial 1

- gueudlSauduldmeuiuneiivirtiionsiaduingluauu 1wy saeud ansenu
i{ﬂu uazdeyaadlnasas [26]

@ 5 Y £ a 6a o ¢ A LY P

- Wuwessnwanulaendgldaeuiamesivimliionsiadumsiedeulmves
yARaIRIng [27]

- usudldrauiiunevimliiotimiauasinau [28]

- nnsRdulunihldreuimeiivirtiiiessudiiuana [29]



2.2 N1IATINIVINAG

n1379293U3Rg WuarvmiswesrauiiawesiviaunAnvuneatunisszyinglu

q

[

A aa v @ &, Ao v 4' A aa =
ﬂ']‘W‘VﬁEn@I'E] ﬂ'ﬁﬁij"ﬂ"ﬂ‘U'ﬂﬁqL‘UUﬂig‘U'JUﬂ'ﬁ‘V]%U"?j@‘”L‘U@QQWﬂﬂ"IWMi@']@IE]E)']"U@J GIQ‘VimEJ

Usztnniag InguaazUseinnenallsUsauazrunniuaneaiy 8ane3sun1snsiduing i

RosanunsasEYIng lakiuduasseurtinvainglaegegndes nMsseusrisvesinglunmn
w3odfle Inglddanaisunisnsiaduinglinagldussloviannnisisousvesniomienis

q

saa

Seuslddniioai At nsNiauvEng 913U TELANNITATIITUTIEUA luauu Tadeiiu
anNuaIeds win13nsIITuTasudIUIAdnLazn A LAz a1 nlaTuE Y §
AnuasatunsnTduinglaliaminneistuegiuladevatveene dregrunaidanis

v o & ax Ny o A o A
WSQQQUQWQGLUﬂWWﬂia'JﬂIa UMIYNURANYVUA WQE‘U‘V] 2.1

One and two stage detectors

[ Object Detection

| : |
| [
( Two-Stage/Proposal One-Stage/Proposal-Free‘
RCNN F YOLO
Fast RCNN — SSD

—l Faster RCNN

‘( RFCN

-
_‘ Mask RCNN

)

[

JUN 2.1 freeelszinnuesdaneinunmsnsiaduing
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@ [ A

N15n9199UTngAsgUN 2.1 1 2 Uszian Ae Msnsiaduinguuudunaulien uay

nsaTnduinguuuassiuneu [30] iWudanesiunismsatutangi 2 Ussavldsueudey
Tuilgty mansraduinquuuduneuiiien Ussnousemeda 4 1wy YOLO, Single Shot
MultiBox Detector (SSD) dsiitunsurieulasnisnsraduingluniwniousulnglsidomus
neenduuinuvieiiuiifiaula (Region)

funoundnesnismmatuinguuutuseuien THud

- msuenAEnuny (Feature Extraction) funeuiilidmiulinmevinaandad
d1AYINAIN Imaiﬁﬁmvaﬁﬂﬂm%'auimwﬂ‘%'m 1 CNN

« manI93uTng (Object Detection) Funeuillddmsuamadutnglunin Ineld
wadiAn35eusvesaios 19y regression

Fmsnnatuinquuutuneuiien fdefidedauanmsagauarannsonmaty
fngldesnasanisa iesaniBnisilusidudesdsnmesndugiiniatou Fedwand
nsfwanatld 9adesvesiinisiie auwiudlunmsszyfunisvesingoialsigai
Brsesraiuinquuudestuney

mammﬁ’ui’mquwam%umau (Two-Stage detector) L1 RCNN, Fast RCNN,
Faster RCNN, Mask RCNN vianulasmsuusnmesniduuinaauinan wagagldnsisous
rounToufiofuunussinnvesingluuiinniug dunsundnvesnisnmafuinguuuans
Fupou 1Hud

. Faiauausiin (Region Proposal) Tumeuillddmsumsadieusadiiies
Lﬂulﬂlﬁﬁazwui’mqiuﬂww Bn1sassusaenauananeiuly W Selective Search, Edge
Boxes, RPN (Region Proposal Network)

« msuenUszam (Classification) Sumeuillddmiuuuntszamvesingly
UihalngldnsiSouiueandes W CNN

- Ms3zysumMe (Localization) duneufllddmiusysumisesingluuiinn
Tngldmsieudvesiaion 1y regression

Brsmrnduinguuuaesiuney itof Ao Fatasdimuusiuglunsssysumis
yosinga lesananuisauszananauenfuliaz Ui Iniliausansiaduingiisiuue
dnuazsunsiidudouldininimannaduinquuudunewie sdlsfoniimansadu

AnuuvanItunay e1lusEAns nmskagldiatlunisUssuianauIuniisn1n sy

TQUUUTUADULAEY



Classification Object Detection Instance

Classification

+ Localization

Segmentation

CAT, DOG, DUCK CAT, DOG, DUCK

AN _/
Y

Single object Multiple objects

'
Y 1

JUN 2.2 fegransnradudnglugunin [2]

b4
L% IS a o

9aN035UN1393UINIVaIUTTAY WasliTunoUNIIINUAT LenuezTngly

ANUIRIALE, SEUVBULUAYRIING, Teuriinuading

fhegsiBmsnsIadu Tnquuuiieafaguil 2.2 1dud

- Wmsuenuseian (Classification)
fenszuaunsiineuiamesannsassylssinnvesingluamiollels et luiea
nsuenUszan anansaszylainingluniwduaie win wiesasus Wudu

- W/MswenUszianuazn1sIzydumis (Classification+Localization)
AensyurunsiReuamefaninInsryUssinnuesinguasiuiwesinglunmudeddlels
e aunsaszylaininglunimduaia LLaw‘hLmﬂwaqqﬁmﬁuagmmmamw

freg1eiEnmTatuinquuuvans ngifisnsnsiadusd

[

*  AFN1IM5ITUIR

q

ABNTEUIUNITTIABNTINBTAINNTOTEULaEN T3 U TN Neglunmvsedsleln Aleg1uy
anunsaszylaaringlunwluain win wezsasus s

P "QJ%‘ﬂﬁLLEJﬂ"'Jqu (Instance segmentation) [31]

ADNTEUIUNINABUNIADITAINITOTTYLALATINTUTRGAN 9 Neglunmusaifleld lnawen

wiazngoanandu wu awisaszuingluaindualia wi wiesasus lnauenusazing

28NN
N1515393UTRn sty 19ninavIeluda vy nsnsiaduingdieln

ABUNILADSANUTOLILALANTBUMIWUINTU taztlelrmauRmasaIuIsavineula ot



gnludRunu fAegrnsldnunisnsiaduing 1wy erugudliautuazlingaduingloun
s08us In38U Jau wazdygadnasnes Wuwesihweulaeadeldnisnsinduingiiie

'
v ] 6 v v A

G]i’l‘-ﬂ‘ﬂvUﬂ?iLﬂﬁ@Ul‘Vi’]%@ﬂQﬂﬂﬁM%@’)@ﬂ RUBUALTN1TR5193UTRQLINDUINA 2Y1191U 11T

LI | q

o o w 1

asraduluminldnisnsaduingiieszuiayana n1snsduingluanvifimaainuiedi

< = o S [ 1 1
557 wazlinsdinalulagnisnsiaduing inldlunulssendlng 9 agiaue

2.3 N15UTTUANANTN

n1sUsTARaNanIn (Image processing) [32] Junszurunsildaeufiameslunis
Ainszinaziuusnmidneanseinle islildnadwsiidesnis wiensimuinunmues
A9 N1SUTELIANANINAZAINITNAAT YR IUTUNIU, USULAIAINANTR, 3n5393uinglu
AN mﬁﬂizmamaﬂmﬂumzmumsﬁﬁwﬁ’nﬂumﬁmmam%, AINYIFANSABUNILHDT, kAL
Fenssuiildlunainnaneu wu miﬂﬁzmamamwmmm‘h’ﬂuﬂwsLﬁummsz‘J”Wumgﬂmw

1%
Y [ = v PN

WieviliiuIng iUy, andygasuniuiiidesnisluam, wsemsseyingieyly

q
1<

A anddnealdunmitaieningaidng AFeniy inwa (pixel) inwausiazyadiaiaa
ainevisednmvua FeimuadnuazYeIn M N3TUIUMINIUTENANAN AU U
mmmadwﬁaﬁmaqﬁﬂLeziaLLGiaza;mLﬁaﬂ%’uﬂqw‘%aLU?{auLLUaamw NIzUIUNTTUIZNIANG
amiinldinadauagdaneifiudng q Weldusuussnmmuinguszasd loun nisl¥isnses
AW (Image Filtering) [33] 1 eandyaasuniu, Msudlvduaganuaudavesnin, ns
M379TUT0 wAzN1SUALYANYAZIRNIEYBININ LYY N199TI99UVBY (Edge Detection) [34]
waEN1313393UE (Color Detection)

N13NTIRTUINQITUUNMTAUMLAENTULAURANELTMANIZYR3Ing (Features)
fiflnnuddguiiensiatuuarszy Tnglusunm dupouddalunsusnuszanninguagyinly
szuvanansaddininglunmls anausAareUszaniiannsaldlunsmsaduing 1
wnzaufunuve Ingiiuanaety fogrsvesnnandiansaidouianly Taud

- M3 (Edges) wiatian1svvaulugunmdiglunisseyvauwnvesinguas
nsuenuey Ingnfumnds veuanansaidududuiiuonanudunieauaindluguam

[

- MsTuNdnwzanzd (Color) MmanautRaauisadelunssyying
lagN1sn3IUEAVT e SUIULENIRNNZ YR Ing
1 o = ] o IS
- NMsueNUezgUINvesing (Shape) Tuunensdl Us1avesingenviidnuazianty

yaglunissvy
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1% '
£% v aal

- WU (Texture) AaaudRnuingniunldlunisnsadiuingnilasnanevise

[
[ a

QAT RIDIIRE
AadunN1sUsTaanan i lglun15n5193uTng asdTunaus uAUAI8NITHEN
AuANUAMITNA1IT19AY 1nFUAAIEmATAN1INTBY (Filter) Lagn1suuasguain lag

AaudRwatansadnldlunsaialueansiaiuingla

2.4 danasnuluaun1IngITuing
N3n5I93UIngmenisiddanesiiy (Algorithm) laauiielineuiiunesaiunse

n193uTnglunnlalina1eds lneuiaisasldmalulagnisseusidedn Adssaniamgs

[
Y

uazun93sldnsuszanananm ilddanesfiuidutou saneiiu Ao yavostuneulunis
fndunisii owAdanniinnvue sanesiiudililusiunisasiaduinezsdusanesfiunis
USZUIANANIN LU ©an839L Edge-Based Algorithm [35] , Region-Based Algorithm [36]
Template Matching Algorithm [37]

dane3rumldlusunisnsaduing wseendu 2 Ussian leun

2.4.1 danasnuwuuAanadn (Classical Aleorithm)

Judanesfiufiimuiunesuganisiseuivonnsos efonsmaneEufianie

LY

U843e) (Feature) MlEluMIng 193U Wy U519 voulwn Wk & Wisiu danesfiuwuupaadn

[

3519

=Dy

1) Edge-Based Algorithm Lﬂuﬁaﬂa‘%ﬁmﬁ'mé’i’amimsuauLsumsuaﬁmqmiﬂumi
HIATU FI9ENITU anesyii Canny Edge Detector [38]

2) Region-Based Algorithm L?Jué'aﬂa%ﬁmﬁmﬁamimﬁuﬁ%ﬁmqmlﬁumi
H3199U f29819LU ane3NU Hough Transform [39]

3) Template Matching Algorithm Wusana3fiufiondenisiSeudisunindu
wawaniAvlivesinguildlunisngiady dredratu sane3iin Brute-Force Matching

[40]

2.4.2 §anesuLUUN5IS8U3IBUATEY (Machine Learning Algorithm)

(2 a

Judanedfuil Wawn? und sy AnTsis sus vedas 09 A21u3 ndeyavinli
ARLTI MBS L ANENNTAtUNITUTUUT IUsEANT N mwazmsAl B Leg 198 nlud Alaeiam

lunauayisns lngdeBelayaluvaniinsBeus dgun 2.3 madenlddaneiiy asiiansan
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Usgdvnmvesdanaifiu msvihaundesms uasdnuaizvesteyandeglunuideielinis

A Y 1 a a a a
denltiluluegramneauuasiivssAvsnmgeaaluusunanzvasnu

ARTIFICIAL INTELLIGENCE

A technique which enables machines
to mimic human behaviour

0

Artificial Intelligence

Machine Learning

e 508

MACHINE LEARNING

Subset of Al technique which use
statistical methods to enable machines
to improve with experience

Deep Learning

g DEEP LEARNING

S~ —— 4 —_Subset of ML which make the
computation of multi-layer neural
network feasible

U 23 msSeudvesdayauseing (5]

mAfeialidanaifiunuumateuivoneiesiiodelumaniafeusvenedos uns
FuunUszamuazszyiumlwosing 13831 sane3fiunsiiousiT9an (Deep Leaming
Algorithms) Tasaas198anes fiudmiunisis ousidednd 1flassueUszamifion (Neural
Networks) gy ¢ 11 Convolutional Neural Networks (CNN) dusunsuszanananIn

Sanesfiuuuume3ousiadnveaiosdisd

1) Convolutional Neural Network (CNN) 1ulsinanisieuiuesiazesiiiisadu
mMsvhaumegunw fildsueaiousnndigaluiunnsaduing CNN endonuasdAves
Tngitlsanflaweslunssuundsznvuagseusiumisesing

2) Region-Based Convolutional Neural Network (R-CNN) tulaiaa CNN ﬁgﬂ
fautnduiioUsulssUszansamuns ONN Tunmsnsaaduing R-ONN utsdunaunisviany
oonidiu 2 Funeundn q Ao MIMTBUILATETTNY LAYANTTIUUNUTLANLAYIFYH UL
UVBYINY

3) Faster R-CNN 18ulaina R-CNN fiianunduiieusuusssyansnmaestunaly
MsMYBULAYBIIRNg Faster R-CNN andeimaliafisenin Region Proposal Network (RPN)

lumsmvaulnvesing
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4) Single Shot MultiBox Detector (SSD) tUuluina CNN AiimunduLiiausuugs
UszAnSamlunisuszanananineg193aniia ssD endeimaiaiiisonda Single Shot
MultiBox Detector lun1sseyinguangussianluniniied

5) YOLO ludane3fiunsisduinguuudunowden nvimnegisluasaies lnei

(% '
Y i a

lsifesuvsdunounsAumuaznsaaaLAdou (Refinement) sananniu 1Ju3snsdeazus
amdunseu warviin1snsiaduluudaznsey tnsaiunsarinaued1esInsuaziingig
wiiuggs lamaves YOLO Wuluiaa CNN #itmund wii ousuussuseansannlunis
Uszaianan neg135iai5y YOLO wusnmesnilueaduuindn uazuseidiuainuiazilu
vosingurasUszinvluigadusasigad YOLO @1u13ayinausiennmiags viliivung
dmsunsasiadusaziamuinglunandnsumsy (Frame Rate) g¢ 1wy swiildndesuuln
suniendeinteluszuunismivanANUaenionwsas IviligIduladenlddan a5y

YOLO 1l lun1swsaiuIn1snsIaausoguinienN1naNagdenfinannlnsuy

2.5 9ana39iu YOLO (You Only Look Once)

YOLO (You Only Look Once) i usane3 iun1snsiasuing 7 gnimulng
Joseph Redmon wazifiousaneiudi UC Berkeley [41] Tul 2015 YOLO Jusanesfiunis
n7suinguuudealmifiduszansamgs Insannsansaduingliifinindaneifiuns
#3930 TruUURAL WU R-CNN uag Faster R-CNN

YOLO fdumounisiaulnewtsnweenifuead (grid) ntuazdsziiumny

unzluresinguiasUszaniiunngegluwaduwsazioad uonaini YOLO Sauseidiumay

'
a

wiugvasiunisesingluadudazigad aegun 2.4

P s | e o
Bounding Boxex + con

S XS grid on input Final Detections

Class probability map

JUT 2.4 nsyuiun1svinauvessanaifiy YOLO [7]
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Anauifddyues YOLO Aomsvhwesunisesingiavuslusamluduseu
e MensaunuvEonsfumdueugwAeafuLuUSansEy q idesimansads 1wy
Faster R-CNN %58 SSD (Single Shot MultiBox Detector) 7 19 n15aunusuuazid e
pravingfiuanasiuluduneunsn deintuisdumveutesinguardanguluduney
dald il YOLO fienundannndmuudiaesdulununsiaming YOLO anunsavineu
lusUuwuuvangsu (versions) danaiial YOLO fagdinsfinaeulimadmiunsnsnduing
dlovilvannsansaaduinquuuiuiluddlefieuudiugigs Sanesfiunszna YOLO 4
wangdniununsatuiaguuuiuiluilelagldvaiadasadunistuney (Single
Stage Detection) 1%y YOLO vi, v2, v3 Waz SSD wagdsn1sduveanisnsiaduing Ao i
mamﬁ’mwuaaas{?umu (Two-Stage Detection) 41 RCNN, Fast RCNN wag Faster RCNN
[42], [43], [44]

v (X |

Tofraedana3 iy Fast YOLO [45] Aon1una1uisalun19nsiaduing ue
ANANINIaanasd s UTRgL I s ru i nuazsuniy Fefudidesadaiunis
W lagiaeniaunnaian1snsiaduing (Object Detection) #mSUNTIATUIALUSAE
amsuadnd fanuazdensauiadnluguuuunisinusuuiiesasudunouio
(One-Stage Detectors) [46] ﬁmmsagﬂﬂ%Lwiﬂﬁmmzauﬁm%’umimnﬁmaaum“lumw
auazifoan lunadazannsnsryiunlsvessosudluninuazadiendosvauion
(Bounding boxes) sausasusiiioldlunszuiunisnsrasulded1esniss syuvazdiaus

Haanslaewanslunaatveulun (Bounding boxes) NS UALLATBITABUALUAIN LAZIARS
AziuuAN1azdy (Probabilities scores) Fsustinamnudulalunisnsiaduvesusaznans
YDULUA

n1sudane3iuves YOLO Wldlunisnsiaduinglagnitauiuazgnirluldeeng
Aotlosmatsesdu islidanesfiuiluszaninamlunisnsieduingudugazsansaun
5971 Tul 2022 91398909 L. Zheng wazang [47] lnuluimaiaasdu YOLOV3 Tunns
UszaananImANazideninla sy lumaillasunisineusuuugatayanmsag uavug
[ o v o
ANNLATUTINIY 1,000 AN LALNADUUUYATBLYANARBUIINIU 200 NN HANITNAFDY

1 a [y 13 @ v 1 o = av & Y {

wulunailanuisansiadusosuduiadnlaudugiiie 90% uidetnanslmiuinluina
MTIATUIDIURVUIALE NUUUTURBULRBIE NSO S URTIaTUSn BRI ALdn U WA
avideannlasulanag YOLOV3 fimnuaiunsalunisnsaaduimilenin Faster R-CNN Tu

auaultazatlunisuszanana d@usuiunsnanuklugdanlnafgaiy uanandes

WIguguAUE1U15AY89 Faster R-CNN uaz YOLOV3 lundvesainugnaes (Accuracy)
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wag sreeIallun1sUseudana (Processing time) [48] d1MSUNTTEYIOEUARINANEEN

¥ '
a € a

91me Feluwamartiivedde awnsarinuldesesinswaziivsz@niamuugunsalidl

[

NINYINTINAM LU LATU I ANITHAIUILUWaT b nsaumATiaveas Convolutional Neural

[

Network [49] uiitlasefidfamansusemssonsimunauansavestuiaa

wenanil YOLOVA ﬁ'ﬁq'ua'aaﬁ'lﬁaﬂfhﬁa YOLOVA4-Tiny (You Only Look Once
Version 4 Tiny) Aifieausiugnissasudiinnmags vilimunzdmiunsldaulunned
Feansnisasianinguuuiuil wagiiiimineinsdda wu s ingluisleainndes

235UansoNtasy tneanunsansanduingldisindndanesiunsnsiaduinguuudaiuuin

Y a

yoLO unilsludane3fiunisasiaduingnlasumnuiouuniigaluagiu desves YOLO

leun HUszdnsningaunn 159n3189ane37uN1599993UTRQUUUALALLIN Waz 63811150

n193uinglanaglssnvnseudy daiduves YOLO laud mstindetianainlunisssy

'
a o £ 4

fundsvesingluan wazn1silianunsansiaduingidudeunsednunnla
YOLOV4-Tiny {ulinanisnsiaduingniivsednsamganasiawindn Tneilugu
gaeved YOLOVE Fseglunsznavedluna YOLO Falulumanisnsiaduinglagldmalulad
al Y a = ::4'-:4 1 o @ U [ A ada % va
N1338UFITIEN NEAMNRLLEILAZAINTIFIUN137TIRTUTAg lunmmT oI Alednludlf
luiaa YOLOv4-Tiny gnesnuwuularuisavineiulavuszuun dnsnensdnne 1yu
ABLNILHBSLATDIINTUIBLASUNLTDINA A UAIUAINITOVIFISALIS AL N1SUSEUIANAT
3110 YOLOVA-Tiny tulanavunmannin YOLOvVA aafnsnn Tnedvuiaiiies 16MB wintlu
= o v =%, oV e’d'r-:l [y o o 4 o 4% o [
JuhvanunsarnuasldnuuugUnsalninineinsmsiwindidala inlimuigdmsunis
Idaulugunsalndnsne1nsdtin wu lnsuvsensuiimesindoui @agniaundunelinis
a3 ingiiannaniigs wasmunzdmiumsldnuniianudesnisnisasaamwuuiud A1
ANUMIUEIINE WU M3AmuavuIndunn (input size) dmsunisialuieg YOLOVA-Tiny

[ ¥ a

%30 LUAAN197 533U TNMEAIMNANNALIBEARIAINIATY AITHAITUIANUAUAATENING

)
updunaveslunanazanuilunistnasudmsunisdalulduais asiimunvuie
éuwmaﬂumaLflu%gumauﬁﬁﬁzg wsginasausednsnimluninsiadunasnisvinauly
1A1934 YURBUNG (input size) dmsunsiinlana YOLOVA-Tiny Mlmanzauduag i
Tassairsvaslunanazdoyafiflumsiinasu withezeglutismunuszanm 416x416 pixels
54 608x608 pixels Ineviluvunn 416x416 pixels foiduruinafisudu Avunzaudmsuns

Hnaauluina YOLOVA-Tiny wagldnulaegiealuanunsaldmiunsinduingialy
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YOLOVA-Tiny yaulasuusniwesniduead (erid) 3x3 wagagUsvifiupiuuiay
Juresingusiazdssinmiusngeglugadudazivas s3u7Useiduauuiug1vawumig

vaaing luwadusazITaaneg

1CSPDarknets3 Ty T icsPBlock |
i 7 ' £ Base layer A
: Inputs  _ Convolution _ Batch Norm, | = Convolution BatchNorm, | | | | —i— 1
| 416X416>3 [ 2085208>32 | LeakyRelU || 104104564 | ~ LeakyRelU |1 | 1  Parti Partil |}
: l B Convokmo‘ ion |1
1 1 1
1 Batch Norm, Convolution CSPBlock | CSPBlock || CSPBlock i BN Leaky |t
! LeakyRelU * 13X13812 T 13133612 [ 265063086 [T 52>62128 "'I ! ===
1 o Tre— . ! Convgknion \
7

: ] BN_Leaky |,

1 | + 1

! | Concat !

: ‘ Convolution 1

] ) 1

; i BN Leaky ||

1 — |

i Concat H

5
: Maxpoo! :
BRI = == = = o o il = = = 1

U 25 szulassieveslinna YOLOVA-Tiny (8]

53UUIATIUIBUBY YOLOVA-Tiny ﬁagﬂﬁ 2.5 fiduszneunian 3 @ lauwn

1) drundn (Backbone) druiivinihillumsuszanananmdowunagshnnsasig
AnuantAvosn M luma YOLOVA-Tiny fldundniduluy CSPDarknet [50] Saifiudumndndi
1#§un15U$uU599n Darknets3 laglénisideuroiuy Cross Stage Partial (CSP) Liioan
Fruaumsfimeduazysulssauamisn ludnididudrundnvesiassadnalaediii
AILEILAZANEINN SO TN TA LI

2) dushuas YOLO (YOLO Heads) druiivimihiilunsnsaaduTagYOLOVA-Tiny
Tédwihuuvuaesi Jausagiaziuiinvoulummsaduingaeswuadiunnsiaiu fusas
vhagillwadnissau (Convolutional Cells) dpwad Insiwadusnazvimihiilumsduuning
LaglwaafiaesazymifilunsUssananseuvesing

3) @wme (Neck) ﬁauﬁﬁmﬁ'}ﬁiumﬂ%‘am%gamﬂdauwé’ﬂlﬂé’aﬁauﬁ’sﬁumYOLO
Taa YOLOVA-Tiny 1didaunsuuy FPN (Feature Pyramid Network) tiieytennaasiifives
AMAINTZAUANE UITINAUAIUABUDI YOLOVA-Tiny Usznaunae Convolutional Layers
audu Faimihilunsdendeyandaumdnlussdiusves YOLO dsazatnnianives

AMNTUTLINANE
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@ Al

YOLOVA-Tiny 1Hunilslulananisnsiaduingiildsuanudeuunniigaluiagy
wag YOLOVA-Tiny dimsussgndldanuluvaiedssian 1wy nsnsiamingluialeainnded
1935Un (CCTV) [51] MIaTamauRudmauy [52] tefves YOLOVA-Tiny Aedluuindnuin
wazmnzdmiunslidiuuugUnsalfiivineansnsdunadiie deanslinmsuszananai
3057 HUszansangs wazdianunsansiaduinglavaneussinvmendu Wudu

AULANATNIZIIN YOLOVA-Tiny tag YOLOVA fudu fiseaziSunuandinisns
i 2.1 anaseasiuldauandEludiu muiug war Ay faainnadndnng
nagaulunauuyadeya COCO 2017 [53] lnawTguiiisuainuudugrluniievss Mean
Average Precision (mAP) § s ugadeyavuialng)fisl nnuazAesursvosingmnay

a a

YOLOV4-Tiny fvwnaluwaiannia YOLOVA sadisann wadiussdnsnamlndidesiy YOLOvA-

s (% o

Tiny 3svunzdmsunisldauuugunsalfiningnsnismuiuding

an3197 2.1 WisuifisuauLAnsa YOLOVA-Tiny uag YOLOVA

Aspect YOLOv4 (COCO) YOLOv4-Tiny (COCO)
Model Weight Around 600MB Around 16MB

(Approx.)

Model Size Around 244MB Around 22MB

(Approx.) (on disk) (on disk)

Accuracy (mAP) Around 45-50% mAP Around 35-40% mAP
Inference Speed |Slower (e.g., 20ms/image) Faster (e.g., 3ms/image)

2.6 malANSLEIUtaYa
wallANsiasudaya (Data Augmentation) Wuwnallafildlumsiasuvesyadoya

lngnisiiudeyalval q Wl deyaniiudnluinaiaseivainveyanied lauiins

v =

Usudsudndeaialiguansiseenly wadanisiasudeyadusslevdlunisusuly
ANNENNTATRITANDINUNTS BUTURNATEY Ineyielvidanesfiuannsasouiandeyale

Ny Makasuteyavesgunmnlneldinafia Data Augmentation \Junsyuiunisifiewldly

a s 1

nsUSuUTwazeegatayadmsunsnlamadyanUsenug wu luman1snsianingvse

o9

nsuundeya Matiiurunvesteyailingussadd ineiiuanuvanvaiegluyadeyarn 3
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Paganlon1anisiin Overfitting [54] uagiiuaumumuvedluinasedeyaniauuysusiu
videmnuvanvategs esanmnsaming vienissuundesanansaviauduainds
AULANAaTULG

1uAT8ves P. Adarsh uagane [55] Iiiauenisnsaduinguaznisandilagly
wuuassiiuiulsaudlutuneudoilaglfuugn YOLO nosduilldsumsusuusdiFonds
YOLO v3-Tiny Sane3fiunisamaduingldunisusuussesnannisludunmniiuazainy
gndfes Jadendnlumsadilunadmiunimsaduingdestindrinavesiiundsosnm
HIUNTEUIUNIABUNTITUSZUIaNE (Preprocessing) Wazn15HNaUTLlILAaE NS UNITRTIATU

[

nglaewiuiisoeudfiusngduinguunndnmunuadieniavesauy Jgmnisnsindugnues

'
=

q
1 ) o v aa o == =® P v
’mtlu‘fjcymmiﬁmmmq 3UA IG’IEJﬂ’]‘lNﬂ\‘iﬂ'ﬁL'UaFJ‘L!LL‘IJ@QTENH&JQJENLL&%LM ARANYIUSN

d1Ayd1MTUNIINTITUTIEUA N1SRITULasAnnuTInglagld UAV dmsuseundiady
51199 WeNa1NH U3 Teaes A Ramachandran [31] wazane Iasuunuaresusisnis
nyaduingilelunin UAV wazuanasionisyadona UAV lamnzdimsuaiunsanduing
wiouvialFagUnuUszgnda 4 MAstes wazauesruuMIUsvananaseuueiniivasnis
UVUNTBUNITNTIITUTARLUIUNNIAIUNITNBATBE NS UEN
wadansiasuteyaaunsavinlinansds degratu madaildlunisifinyiua
uazUsuUsnammuesteyansiinousy Insnsasrsteyalnianteyaiiog madamsiia

(%
% = v

ANUEnsavestayanldlununisnsinduingiivaneds fel

9

2.6.1 NM1SNANAN (Image Flipping)

a

msndnnmluwaila Data Augmentation 7id1euaziiusednsnnuiniian
wATALIUNITNENNINNAURLIUBUNTBLUIAILULEY T2 89 R0 INNBINTOTAN197]

wansineiuvesdng vililumaseusnazdnn1singainyuuedsingeg

2.6.2 MSUSUINALUUEAY kaN15USULAIERI1d9UAINNI19ATINENT (Random

Scaling and Aspect Ratio Modification)

Wunisusuruianinwuuay n1sge/verenimiiuinada Data
Augmentation MI9seuuginANkUsUTIluvINATRguazdasdunine wedatiiduns
gonsorgenmwuuduaeluvuIainvun Jgeiiuanuwlsunvluruiainguas

v o PN

gn1diuaunIaue Mbilueauuasulafvuiuingnuuesiaiu
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2.6.3 M3ATUAAKUUEL (Random Cropping)
Junisasausin druvaanImiuvdy Jsazdisdiassaniunisaininguisdiu
anualt v lrlaeaiseuinavasiaduingluaniunisalaneg Wedngusingiiesunsdiunse

ARTIVNTRRG R

2.6.4 N33 ULAZN15138U (Rotation and Shearing)

I3 A | o ] ° ca o = A o
LUUﬂWiMHu%?@LQ@UQWWLL‘UU?‘!N FIVLVIYVIADIANTUNITUNIN LD UINIDU

q

[y

fiananuandiaiy vnliluealteuinazdamstiuingiinismyuvsedumniiinneig

2.6.5 i udeyaduazn13USUA31UA319 (Color Distortion and Brightness

Adjustments)

nsUSUANIMAUNALUUAY Wi M1sUSuANYe WhguauEIne vseusu
AULTUE LN BNAINAINITAVDILULAA I UNSIANISAULE BULYWEIN LANFNINY TF9980e

[

188N UM T INGRANINUATILAN AU

2.6.6 N3LNd1d5UNU (Noise Injection)

N1 ud g 1usunlutduinaila Data Augmentation M1 41831809
anrunsal Ingidyaasuniu wmadalidunisiiudygyrasunivasluamwuugueos

15n196199 1B Gaussian noise AzaelluAaNUNIUDHYYIMTUNIY

2.6.7 m'il,ﬁm’fai,lua?ju (Randomized Ausmentation)

nssuwmAiaNTsiESudeyanate a1k uUdy NasennulUsUTIuludeya
e =2 a (% IS a a
nldlunsinaeuluea EEuanuansalunsdnnisuazauiussavnsninvestung

n1395333Udng luninaslasuazdesrled sy niniinanamaenig

21774 LU MsasuLUavesruning aullannaveininud AEnNningweaeun uag

Sasndaunmunatvgreing daunisihmaiianisatudeyanmiiediivanuilulllives

1

¥

dayatunisilnasuluealiiseusiunmludnuazsieg nnuideningItemmueiing1)

(7
v vya o

Wy {398emszninienisidanaifiu YOLOVA-Tiny uasivallanisiasuteyaunldiiie

Y

U5UUgemuannsovedlinansn 99 usasudv LA nuuUdun o uAeI9 1N MA Nz B En

' '
o a

anduiinanlasuy nsldinaianisiasudeyaszislrlunaainsaiseuiandeyanidain

LANFINIINTY Feazrgusulgemnuamsavedlinale wu drglilumaanuisaviaeula



19

o

2819 UEUINTUIUFNNLINA DU INNENY B8 LALULAAANNTANTIVTUIRLALNNTU Ye

q

o =

an Overfitting vasluiaa n1sidenldinadiansvenedoyadivmnzantueg fudnvmznuiivi
fogatu MnauiidednisiiAensTUANINTABUS NMTNANNTNLALNTYUANDAT]
Uszlewilumsuuugemnuaninsavesdanediiu iesainsasudanunsausingluniwle
vanoy nMsvenedoyatiumaiaidfgydmivnunisisoudveaniosdiuiuiin flesin
Prelisaneiiuannsndeuiondeyaldinntu fazdmalvianeifuinuusiusigedu
Tumafedididenlfmefansiaudoyafetuey 3 mada
1) mﬁﬂ%’uLﬂ?{auﬁﬂﬁﬂuaamﬂuﬂ‘%gﬁ HSV (Color jitter augmentation in HSV

space)

¥
=

S5iidunisusuasuaideesnin Tnewasuany (Hue, H), manudusia
(Saturation, S), kag AINALYR (Value, V) V890N Madsunasmawaiayelilung
annsaieuidnuvasedivainuaisvesinglunnle
2) M3ALNBUNNUUIUBULUUEN (Random Horizontal Flip)
S Jumsasiiounmuuiuou maAsuuastazdielilnnaanuisadeus
dnwaizvesinglunmanipmesiivanavanels
3) N3YENTOVLIAIN 10% WuUdl (Random scaling by 10 percent)
Fihidumsdevidovenenin 10% nsAsuntasiazdielilunaanusnFous

anwazvasinglunmnivuawanaeiula

2.7 nMsUFuUzIRanIN (Optimizer)
manTnduinguunadntunmdunureniameNvieinmeadesniningauin
Wniinaedidnsndruiuiiasieiiuf (Surface-to-Area Ratio) #n uaveragnuatalaeingdu 9
Tunn leanisszyinguuindnisdesaiusaiseuinazuenuez inguuindnaanaini
v v a ¥ 1 ! o = % a 4
nasazdngau 9 luninldegeusiug §9n15Usulsanunneslunaeens buiges

(Optimizer) Judanesfiuildlunisusulsanuanunsaveslunanisiseusvedases o

£

Lugas agvhaulagdsudminimesvaslunaiiovlunaa1unsan1nN1salNaaNEy g nees

[y

lountu sendluwes \WutedudAyedanisildimualszdnsamuedumanisssying

Yualan sandluwes Wudanasiunldlunisusunisiiwasvaslumaliadulugianis

s 1

#nausy Ly eavdluges nAszlilumaausassusuazUTudIdiuteyan1sinausy

loRgawu nsidenidanesiueeniluwes eUTuusslseansamueadunanisdnwunam
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JuduneuddglunsimuiwazusulgslinansiSeusiddn wensnnsidenssiiluges

geanunsausulaamnsfinesdu o Wsllunaianulanswu
n3UTuUTe Optimizer Tilignsnnsiseusnmuneauieyiswnlalamnisusulss
Usgansamlunisidenmlivanzauiuguninanuazideamawindniliannsuiainle

nlasulunszuiunmsiseuidednveduma CNN weuidaynisesasigaanizi (Local

Minima), wamtn (Overshoot) wag A158N4 (Oscillation) 71LAAIINTATINTES BUS AT

Y

[

aa A o )~ a a = | aa Aa 1 a ] Y}
'Jﬁﬂ']iﬂ/]u’]l,au@llﬂiga'ﬂﬁﬂqwL'Wu’e]ﬂ'ﬂ?ﬁﬂ']iﬂll@qLﬂﬂﬂ:‘ULNGU@ﬂ Accuracy IUﬂqiﬁ]i'}"ﬂ"ﬂ‘Uﬁﬁﬁ

o

aaniinnuazdunivesiinea feunsiieeniluwes Adam unldluaddeauiiay
Wisuieuraaniiunisusudgeeeniiiluees SGDM tievmeansidenldfmunsaudmiv
Nuesduinguuussalniiluiflelnsldinadafinsiaduniauney YOLO Fsluiaquud

N1IWAILT YOLO U Lightweight Lﬁaisfﬂumuuuqﬂﬂiaiﬁﬁw WYINTINAA LU YOLOV3-

Tiny, YOLOvVA-Tiny

2.7.1 danasiueand luwasnldlunisswunain

2.7.1.1 Stochastic Gradient Descent (SGD)
Wudsanasiunldnisaiuiuansfeusd (Gradient) vaeileniduan

A1NaLdY (Loss Function) [53] wazUsuamsniimesvadlutnaluiian13nssdiuueaing

Y o

q
Y
Weudty Jailinisusuaimisdweslundazseun1sinlaeldfagnsin1siseusivafu
i a o D - o o D Aoy v
AP SnwaENSEUAWLIzay SGD wizdmTumMsidanuniveyaiiniagiein1snig
Antudeyawuudii-Ung (Mini-Batch) lun1susuAmsilnes 1wu n1sduunamlulasinis
Hnegramainvany
2.7.1.2 Stochastic Gradient Descent with Momentum (SGDM)
I s o Y o= o S a a 2
Juesduresdanaiyiy SGD NANSIANANYEINITUINITAIING,
= Y = ° = ' v g X =
\eann1sunIslunsruauminlueanisuunam Feasgielinisinlueaiiiduiasd
ANNENETUINTY UanIINTALULUAL (Momentum) AedeuANA199IA SGD 53311 LD
o 1 a 1 Y o (% ! a § v o/
AaANRAsuR SGDM avldaluaudilunmsusuduamstnes dnyaenisldany
Mnngan SGDM ngaudmnsunsinlunalusvuuunalunlddudon Tunanddiuiu

= i a 1

wislweshimniiulluasdeyaiinidusunaliunarsdisnn n1sld SGDM lunsaiiigaely

=2 a < a dy
ANSHNUAULIILALLADYTUINVY
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2.7.1.3 Adaptive Moment Estimation (ADAM)
Humdanesfiudisiusiuanuivenisiadeuiidouasdeyaly
M3USuAN e SaneifinaninsauiumsninsSeuiusazseusalutfietislunns
Anlusgminsdeyaiuanineiu dnvaznsldauivnzan Adam wsnzdmiunisldamd
Foensanuusiugazainirlunsiln fsglflununsiuunnmuazaseminglunin
2.7.1.4 Root Mean Square Propagation (RMSprop)
JusdanesfiuldmaFeusidsdsutusasnsiseuidmivusay
w31dimed [54] Frrtsansanmadouilunsdidunsfoudluiumisiudalngsnn
2.7.1.5 Adaptive Gradient Algorithm (AdaGrad)
\dudasanesiiud UsuArdnsinisissusurazseununuives

] [y 1

W51dwes dugelinisinlunalsululudienmsiigndesdmsuusazmiives dnwaenis

Aay v

TH 91U munzan AdaGrad WaNE @1 1S UNISRNTULARTA LT 0UANINKALADINITNI1SUSY

Y
o

amnilweslufiensfinssnuansifeuivemnsfivesu
2.7.1.6 Nesterov-accelerated Adaptive Moment Estimation (Nadam)

W un15mausEna 19 Nesterov Accelerated Gradient (NAG) Wag

Adam @sldnsiseufiadsunaznisusuadasinsiToussalusid dnwarnisldami

wisnzan Nadam sfngnldlunisiinlaaadidesnisanuusiuduazananirlunisin 4l

wuRlduRaglmlsEansnnAnInluuensal

2.7.2 Mskanlddanasiiusani kiwasiuanuisu

a

iAdeilfdenldoaneifiueeniliees SGCOM uay ADAM uniU3suifien
wavesnsiinaeuliaa SGDM waz ADAM 1esainnnsld SGOM dusewdluwesdalasy
anufeslunsiluldivaunesfiamesivies esen SGDM anunsausuussUszdnsam
vodlumaldrnineen@luwesdu q wu SeD WJusu ScDM Juvestuvesdanesiiu SGD il
mMafidLveInsuImsauiilunmsannsunisialunszuunsiinlieanissauunam
feelinstinlanaiifunasiiauafosnniu mafislusnddedsiuandisain SGD
595uA1 LilafunAnnsfeudlve SGOM agldalumusilunsuiulgamisfines ns
1% ADAM 1Huseniiluwesdadumisaneifiufisamanusivesnisindeudiadouazaade
indeuiivestoyalunsuiuamnsiines deanunsaufumnsinisisouiuiazseudnlusi
iWorrelunisilnluseninsdeyailunneiy msdenldnusdaneiiveendluwes ile

USuugausedaninmvesluinanisseynglunainwuy ADAM ansldiadanainudign
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ponuUUNLilpanA N udaulunsUS RS aTINsssuduazaelinisinlunaamnsa
AetulFesnediusyaninmnnty
2.7.2.1 msvhauvesdanesiiueeyiiluiges SGDM

SGDM ihaulagodenisuszanuAnnshsudvesiiandun1sgayde
(Loss Function) Tugaen1silnausy lag SGDM azvinn1susulgansndwmesvasiuinaluy
firmafinsetudrutuannsideudvesileddunsgade uaz SGOM azldmlusmuiieuia
nsUsuUgInsiwestufimnsfelnulugienisinausuvate q seu Mstdalumudiugae
1% SGDM anansandnideanisnselanvesnsidimesvedlunainniiuly dsenavinlilaumalsl
anunsaFeusléfitu SGOM ansateUuugaUsEanEamuedunanimsaiuinguun
AnldlnenstelilunaanuisaSeusfazienuey nguuadnesnainiundsuway ingau

Tunlauiug1899u lag SGDM agldaluuduiiomunisusuugmsfivesvadunalu

2 ¥
Y=

fanengnaeanazazgililumaaunsaiseu nazuenwez inguuIadnlafdu wenaini

¥
=3

SGDM §eanansayleusuusausednsnnvadiunalaginlvilunaads suindu lunaeiad
Asnszlanvesnnsdmesveslunaseninanisineusy deenavilruseansamaasluna
anadlé SGDM azldmluausiiiioannisnsslanvesmsmiwesvastung dazdelilunadl
A s TukayaaT0i3us ATy
2.7.2.2 MSAUIMVRIDANDS VLN luwas SGDM

NISANUINLATLABUAYES SGDM FEANUIUANASTLALUAYBINIATUAT
Anugydesenisiiinesveslunalundazsou Tnsnsudlanudulunisysy
A0S SGDM azifinaluuusy Fuduaiasuiivioannisundei Tneriuanaill
yasluuuiuanAluudnluseunountuag Anseud Jaguuaiunse Arunlesa

AuN1SN 2.1

Aluaiudulvgd = (Aluaudunt * Sasimsisoud) — (Aunsieusd * sasimsiseus)

(2.1)

nsUSuAnslmes nasnAwuAtluudilvg SGDM aglden
Tlunisusurmisdmesvedung lagavA1nsiieus AududnsIN1iTeus 9N

AnsTwestagtu wasmuAlumwilnidhlUasnsorwalansaunisi 2.2
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Amnsiimesinl = dwnsiiwestagiu — (Awnsioud * SasimsiSeud) +

(Anluusinlal)
(2.2)

SGOM msngaudmsumsinlnalusuuuuinluilidudou Tunad
f9wunnndweshlinnauiuluuagdeyainiusinauunasdiann n1slyd SGDM Tunsdl
tagelimsindausuaniaiosnniu

2.7.2.3 Myvinuvesdanasfiueenluiges ADAM

MANN1IVINUVRITI8aneIiueenaliges ADAM fie n13ATLIMA
insiRud Aty SGD Malu ADAM azAnaAtnssudvesilsitusanugadede
W11dwosveslunaluudazsauresnsin n1sasslauuduwaEnN1sUSTURIINITS U3

¥

ADAM Tfmsasalusnduuazanedsndouiivesdinafeudifioususnsnsieuslusay
sou AR LAY way P usarArliaTud Ay lumsUSuUTS MG EuS
ADAM psinzdmsunsldanuiisosnisaruusiuguazanuslunisiln dngaldlusunis
FuunnmuazaTaminglunim ADAM telvinstinTunaiareniuazysyansnngsty
Tnsusudnsnaiseuilasdaluiinaennszurunisiln uenaini ADAM §sraganaany
duazifiouvesmsuiuamnsiimes drelinsiinlifnegluadgaanzd (Local Minima)
wazgaglvinsusuamisiimesiineg1eiusedngam
2.7.2.2 MsAunnvesdanesiiteeniluwes ADAM

n13UsUAIMISTNeT nasaInAuInATtumuRLLazAu Sl

Adam agldAmailunisusuamisimesvediung gasdulmamsifineslvsidu

AUIALARIENNISN 2.3

r*m

Vv +e

AsEiwesiul = armnsiiweslagiu —

Iy 7 Ao dnsn1ssEusfivun,
= ' A& v Ny v A ) 1% e
€ A Anavasiantaenldivelasiunmsmsnieaue,
m Ao AlausuNasmNALNSReuAkazldlunTanAIL
WANANSENINNERsINSSeusiuseuneuntuarsoulagdy, uaz

& i a A PN i a ¢ Y a s
U A9 ANLRAYLAADUNIYDIATLNTEAEUR LLagisf’ﬂUﬂ']ﬁﬂiUﬂ"lwqi']ﬂJLmaﬁ
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2.8 n15UseLalu (Evaluation)
A15UTELIUANNAIUITOVDILULARNTIVIUT DI UARNIINAINAINUALLDUARIINLATU
Tngld YOLOVA-Tiny duilunszuiunisfiddglunsinaiuaiunsaveslunalunisnsiasu

MOUUATHULIAENKAZAILAZIBEAR WUAIMAINTATUMEONABILUUNANITIT A WAL DN

ANINABINITIUUNR azltunsndnisuseliuiie InUse@nsninvedluwma

2.8.1 wnsndnisusuiiiunfeslilununsiaduing
2.8.1.1 FAugnees (Accuracy)
@ o o Y v Y A s & <
Judrindleaaunsansiadusasudlagndeniesidud luea
AISHAIAINYNABIEY LTBLAATINLILARENNTANTIAIVTALUA LGN ABINNTIER A1UIlARS

aunsn 2.4
Accuracy = True Positive + True Negative /Total (2.4)

2.8.1.2 Intersection over Union (loU)

Humsinuandauvesiiuitiudoussyinweuavesingfinga
wulaglunauazvaunuesingass M loU sevinsweuafinianisall uazveuumiiugiass
Y0310 Axfeamiuiiifadussimeumiaesiidonadesiungieatureu udadssiumn
fluiivisvuniiasounasmauatisaes FaFendt gillou (Union) uasiiuiifiiudeutussminety
Senindusesiondu (ntersection) msutsituiidadudogdouaslisnmaussituiinudon
fuituiiiamnddlieUssinunsidiveuansesmsmanisaieglndfureundaiumnios
tenln Tuwamsiian loU g4 ileuansiveunvesingiinsianuleelupaviudoufiuveummes

[ a

PRITWNNTFR BeaninsaAInllaRsEunsn 2.5

loU = Intersection Area/ Union Area (2.5)
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Area of Overlap
IoU = o = —

Area of Union

gﬂﬁ 2.6 Intersection over Union (loU)

2.8.1.3 Auuiiugade (Average Precision, AP)

& v v 1 o = LYY o
LUHG}’J’J(’W@’J’]?ALL@JUEJ’]SUENI@JLﬂﬁ%ﬁﬂuﬁiﬂmi’mﬁm’mq AP AU8U
1 d' ' ! o o A o a1 = '
ALRAYVBDIATAITULNUGIVBINNIZAU loU NAIAUA luLnaAsiea AP QQ Walkansnlung

A1013075793U 08 UALALIUIILAZASUAILNINTIEN AP @131190 AUIALARIENNTTN 2.6

AP = (1/N) * Sum(P () * IoU(Q)) (2.6)
Tng N o Swautngiaslugadoya

AP anunsaldiluduinmunzaudmsunisussiivuszaninmuedlumanisnsiadiuing
WaenATAIANNLINE AT ANNENNTAIUNITATIANY

2.8.1.4 Arauwlug (Precision)

o =

Jusriailumansiaduingldegrsuiuguiiedla Araruuiug
AILANIUILING TN TIINUBENYNABIMIAILIIWILINgVIMLANn TN Tainaadsil

Precision a4 takan3lumaaIu150n 5393 usaeudlsgauiugngn Aulalan

aunsi 2.7

Precision = True Positive /(True Positive + False Positive) (2.7)
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2.8.1.5 ArAuAsauAgu (Recall)
Jusirinilumeaiunsansiaduinglaasudiuiiedda Aunaldain
Sruautagfinsanuediegnies msseswuingiauedifeglunm Tunanisil Recall g9
iieuansinlunasansansiadusasudladasuiuanniign Recall ansnsaduInian

aunsi 2.8
Recall = True Positive /(True Positive + False Negatives) (2.8)

2.8.1.6 F1 Score
[ | Ay Yo a a [ al i
Juamldinuszaninmuadananisdiundsziantunisiseusves
LA30eTIUTZEILINAIAINLILE WAz AIAINATEUAGY A1 F1 [55] ue1 Harmonic Mean
294 Precision kag Recall haglimudAgyunisdeeayinnu @saimnsamuladlansainisi
2.9 luean3dl F1 Score @9 W aland1luinaa1usanTIaTusasus laoguluguaz

ASUEIUNINER

F1 Score = 2 * (Precision * Recall) /(Precision + Recall) (2.9)

[

AP 18u Metrics NldUszidiuauuduglagsmvedlunalun1snsiaduing lae

WAITUIINN AU UL Precision Uay Recall Muans19iu Laaan15i38u3 ¥ 9an
=) d (% ! 1 o %

Wiguiguiulundresanuuduglunisnsianuing uasnatlunsinsuvesuea lnvasy

wa? AvidnsulsziliuanuaiunsaveslunanisnsaduingduassdiedAglunisia

Auasavasliauaz gl v lueaausaUsulalaegnsls

[N o
av aaAa ¥

MNITBARETes mATeillihemmiiasalianieg lunuiuneuiines
] ansfannldivnusunsemedusasuduundniidiquamaasiBensi fignaieiale
uanlasu welilunmstufianumsasasvie wnmssisagiiiatuuuou Tnetharuddu
HayauszavguuunsBousiddn Gonlisaneifislununsnsiaduinquuuipeives YOLO in
WannmsH naeulanaa YOLOVA-Tiny ins1zivsngdmdunisldauuugunsaifidnineinsnis
A msfinaewluiag YOLOVA-Tiny agvhmswSeudisuduns 3 vua lneiuainuin
BunmiFusiu 416x416 pixels waryhnsUfuAmnsunAaRasLaz i lunFindeu e
npfiaunsniuanusiugwesszuuld uenanianToudisuszesalumsiinaeurosus

avvuIndunaLarMsigmilganudlunisuseatananiy Yuansinasuyadeyanldluns
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Anaouazgudadu 2 4a Ae yadeyaunfuasyad syaivimadansaiudoyaruided s
Gonldimadiansiaiudoyafeonsuuiasusdvesnmlulind Hsv, msaeviounmuuiuey
WUUAY Wag N158013 0U8180 N 10% WUuds nsieseudayanimnlewmailanisii Data
Augmentation s asddaiiafinanamiugilumsasaduvedliuea dunsdendoenily
oSz aui olddmiuaugunszuaunsnsssudvedinna nsUfudmnsiiinesly
GenltazgnivSeuiisusevidluwesildie Adam way SGOM Fawmnzandmiunansiaduing
amssuAm ez sarnadn melteenlimesazvilinnuannsolumnsadusosud
yunaEnluanmndenmLazSaaR B IsIEURULNAENEE YOLOVA-Tiny AT isluguves

ANULIUgazASlunsYiune



unil 3

SN EUIU

domluuninanfsadeuidifedetunismmatussusonadniiiauan
amazBeamannlasy wmuinsineusiliea YOLOVA-Tiny Tnsudsiunounisise Bu
MNMsnssuLazTuTIdoyaildanlasu wsyedeyasenidu nsilneusy (Training),
N13A53980U (Validation) uaz MInegey (Testing) Insyaveyanneusy Iddmivaeuling
T3suandeyalugniliilelfaunsnduunvieviusdoyalmildegsgndes gndaya
nyvaeu Mdwsuusziduanuauisaveslnaluseninnimaass laglunazgnuall
naasuiudeyalugail tiensvdeuarmannsnveslunaiifeus aunsaduunvioruig
Tayatvaliegnuiugmieli uazyadeyanageu Mdmsudssdiunuauisoveduna
oauiae Inslumaazgniinlunaaouiudoyalugadl Faazunndrsaindoyadlifinluiaa
uazdonafildusziiuanuannsavestunag lnsazUszifiulunadianansaiauldogn
gndadlethluldiudeyalwi o yadeyaiunlflumsiineususinsady azgnudsesniiy

2 99 fio Yadoyaunire Yatoyailii umelianisiasudeya wazynvayanigniinnIsiasy

q

foya wiothluWieuifisumnansinevsuluma Aldranuwiudivestuinageiian uaz
Wisuiisunsidenldeendluwes iltlunisusuusaluena Tnaisuifisunanisusy
AIsEnaseanRluees S¥1I1e SGDM fiu ADAM Aaanisinausuliiag YOLOVA-Tiny
Tnefinsiundvuindunalunaizusiu 416x416 pixels uazshmsUsuAvLIABuNRanas
wagiudulunisineusy iemauiad anunsaifi uaaaud ug1ve93s Uy Lagyiinng
Wisuiisunanisiineusulinavesis 3 aunnduns WleAnwiasimuinisnsadusosus
ywadndenmaandensniam sddeildasudureunsidunududenu &

SUT 3.1
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3.1 YUABUNITNAADY

"Data Preparation" "Pre-processing Data" "Data Augmentation" "Configure Yolov-Tiny Model" “Train Yolov4-Tiny Model" *Evaluate Yolov4-Tiny Model"

Process data
—_—

Augment data
e ——

Configure madel parameters optimizer

Train with data
e

Assess model performance

"Data Preparation” "Pre-processing Data" "Data Augmentation” "Configure Yolov4-Tiny Model” "Train Yolov4-Tiny Model" "Evaluate Yolov4-Tiny Mode|"
' o
] v o v o a v
EUVl 3.1 LNUNIAIAUYUABUIIUIRY

3.2 mMasedaya (Data Preparation)

3.2.1 Hardware #4lunsuszanana

ANSNAABINITATIFTUSDUUANIYNINAIUALLD BAMIINIATU ALY LUTHATY
MATLAB warmoufintnasdeiisnoazidendnisnai 3.1 dududiuves Hardware Alglunis
Uszananan1sinausulunaluauided @93 GPU device NVIDIA T500 A1%38@9UsE@NTAN

lunistineusudeyavensoneuiiines

a wa ¢
AIIWN 3.1 AUEANUATDIYUNTAL

Device Specifications

Operating System Windows 10

Processor 11th Gen Intel(R) Core(TM) i7-1165G7 @
2.80GHz 2.80 GHz

Installed Ram 32.0 GB
System type 64-bit operating system, x64-based
processor
GPU Device NVIDIA T500

ComputeCapability 7.5
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3.2.2 nszUruMskiastoya
v a ¥ o £ ) =l ¥ 14 gj Y o
nsdawsendayazunin dmsunisiiluineusudeyauazadislumaiu el

Toyadunanuliaiflordungniuiinunaniasuiinuenvesiflendundeegi 5 wd 1

Y 9

g Afvuelndiede 35.4 MB Faduanalwd .mpad Wulvdnfieuazidens el awin
Y833UNM 854x480 pixels NHNTUINOYN 30 InsufoIWT uagilvianun 9074 wisy Fadl

a 1 a Idl a 1 a wa a al U dl
VUNNVNUARDNALYABYN 24 UnNNNLYR QN?ISJ‘UG]SUBQ’JWIE]LLﬁ@Q@QG]’]i’%‘W] 3.2

M13°9% 3.2 AautRvesinle

Video Properties Measurement
Name Videoplayback.mp4d .mp4
Width x Height 854 x 480 pixels
FrameRate 30 frames per second
BitsPerPixel 24 bits per pixel
VideoFormat RGB24 AVI or MPEG-4 files
with RGB24 video
Duration 302.4667 Second
NumFrames 9074 Frames

3 ¥ a a L2 ‘é’
ﬂuWQUﬂqiLLUaQ%@%auiqﬂagL@Uﬂﬂﬂu
o aa a = @ v v ! !
" u’]'ﬂﬂi@ﬂ?’]m&ﬂ?LQaﬁJ 5 UM LLUaQLUu%a%aEUﬂWW Imﬂi“dﬂixmumimum

wsuianuevesiflouazvinstiuiindulndgunmueniusieanalud png agladuau

sunmviaruanldlunisineusuey 873 guna waszun 3.2
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Kantika W > Computer Vision > Thesis MET > TrainingData v|io

K1 1 K1 K1 1
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K i 1 K &
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1 1 ¥ B 1 L 1 1: i ¥ 1
171png 176.png 181.png 186.png 191.png 196.png 201.png 206,png 211.png 216png 221.png

2 . 208AM
e [00%) ¢ D 27°C Mostlyclear A & = 7 o) E‘

10/10/2021

JUN 3.2 sunnlunisilneusulama

- dledalelsuvasuteyagunmudn Teyaazutadu 3 daude msilneusy
n13R979d0U kay Manadey Fududumeuiididnlunisiauuasyasoulaa foyamanil
apviliiannsaussiiussavsnmedluna ievhuedeyaitliine ey Toyaris 3
druazgnuUs WuUNsduAaeg1s(Random Sampling) [50] Ingadayaviaaa Tnelidileds
Yoyadu q dndauvesteyaits 3 drudinwandendall deyatinousn 80%, Toyansrasou
10% ua doyanndey 10% Joyausazarudsuuuumslfoudd

- gadeyaiineusy [Wuyedeyaildlunisiinlima wazSeuinginssy
yostoya msinousulumaddudedddeyailneusy Wieldusumsiwesvodduinaly
Wigan wagaunsadnunnsevueteyalndliegiegndes Taya 80% wldlunis
fneusalinna mslifeyauniulugadeyaiineusy helilunailenaiFoudauanifuas
ifivesdoyaldftu feyamsiinevsuiuyadeyaiifisruaudoyauniian vesyndeoya
srovun LHosnnlamaiiviune Wuiugsndudedddayadan

- yateyansiaaeu Wuyndeyaililuvasilniteuiuussanuannsa
voslnna lnaazgnitlunaaeufudeyalugai iloUssidunrmamisovaslumaluns
Bouidoya warduunvieviunedeyalva doyayadasiivszana 10% Feazldiieusy

1 a & A 4‘ A dlddl dlﬁ dy
ﬂ']W’ﬁ’]@JLmaﬁﬁiaLW@LﬁE]ﬂIlILﬂﬁﬂﬂ%ﬁ;ﬂﬁnﬂ‘ﬁﬁqﬁl"] lumadinausuau
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- yadoyanaaey 1uyedeyailtlunismaaeumiuasavestuing
MRRINMIRNBUTHRAZNTUSUUT wagdaldusziliumnuanunsavesinalumsiuiedeya
filsinewunnriou deyauszau 10% vesdeyaramnasgnifulifienagouauansaves
lpandinmsiniazn1suiuuse yadeyanaaeuylgliinauaunsalunsiuedeys

Tnglddmnudusiusiunisinluwma

3.2.3 ﬂiBU’Juﬂ’ﬁﬁ’ﬁS‘U‘ﬂWW

n151152Y (Labeling) AW ﬁmmé’wﬁ’zgasmQﬁﬁ’m%’umuﬁmmn‘%auimaa
\3osnarnygUszivg LﬁaqmnLﬂuﬂizmumsﬁﬁwL‘fluei’m%’umsm?w%yjamwﬁm%’u
n13RnausHlaAg 1ENAI3VBINITIEUAIN ABNISAIMUAAIA19 TifuTngluniw wu
USeLnnuesing FUNevesing TUIAYeYINg 18" %a%’a;ﬂaLﬁdﬂﬁ%gﬂﬁﬂﬂlﬂumiﬁﬂamu
Tuwarielilinmaausosuunvievinuiedeyanmidegugnios snadedlfiinisszyam
Tngld Image Labeler App Tulusunsy MATLAB Litevinlinssgysuwmisvessnoudlunm
I$aganinnBetu osmngunmingduwiadn uasruavesgun muuudulndamaim
¢ silsilaiansnsaldnszurunisssynwsnlug@ (Automated Labeling) [52] I¢f §3dedslel
yhnsseya et srunmAeRues (Manual Labeling) faviun 873 3U foghamsssy

NUARIGIFUN 3.3

4\ Image Labeler - imageLabelingSession{con)
LaseL B - =0
RENewSesion | [l (Lo poic ... Label Opacity  Algorithm: & =

UlOpenSeisicndl, ~  EEEEEREE
Bsovesesion~  » | (Catoverv] [Bylabel ] pi

] Select

e viEW . LaBEL OpACTT
ROlLabels | Scenclabels | videoplayback1 3559

5 & [=

Labet Subsbel Artute

@ ) vehicle 10

__--------_---‘.J

< &
E‘UVI 3.3 VURBUTBINITUIUNIITESUNN
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NFTUIUNTTRYNIN AgUT 3.3 ddunausiail

'
v o 1

* 1Un Image Labeler App UulUsuATL MATLAB lagiusiA1&3Ana
imageLabeler lu Command Window W&2na Enter

«  Tuannnlu Image Labeler App ImaimammwﬁéfaqmiizwhLmu'q
¢ sl "Load" %130 "Import” uddenlwdamiifesnisiany

- a¥19 Region of Interest (ROI) tdonAMiiFBsNTINNTI2Y Wagi
nstmuaiiufivesTngfidesnissey lunsdiifvaenglugy aunsoadmansiuiives
Region of Interest (ROI) 1§

dll A < 1% o o v ¥ o
- myszunn legidlaiden ROI asauddanunsammuatheiiulviiu
Tmg) 19U "vehicle" Wusu

'
[ 1Y

- nsszudnglunin Asiegslugui 3.3 nseuddeafents seuingi

9 9 Y

israula gUsasudlunm ddaefu 6 Au Fsluudazgunmaziiingisadlesgunnsinetu Tu
nuiTeiAadevesingiialesgi 8 duste 1 sUnm

- wdseniiszy ROI uavszyamiSsuTosud Tivihnstudindiilsey
Tneldu "Save" 1130 "Export Labels' titeiiudaya Label sy

- aswadeya nasnilavinisssunmliiunniiaue azlavaves

o o

Tayad msun1sineusulugg wazyinis "Export Labels" Wisenluidumisiuieldauy

¥ ]
1

13U INTTBYIUMATaT TR lun N Asgunmd 3.4 vibiladeyaniniunseuIunITIEy

Y

£ v o a 1d a ¢
AN ﬂ?ﬂ@??mqmﬁUIQQQﬂMWLﬂummiﬂ"ﬂ

| vehicleTrainingData

[ 873x2 table

1 2

imageFilename vehicle
31 '‘DADriveD\Kantika Wh\Computer Vision\Thesis_MET\videoplayback1_156.png’ [268,252,26,15,553,274,26,15]
32 'DADriveD\Kantika Wh\Computer Vision\Thesis_MET\videoplayback1_161.png’ [264,247,26,15;523,272,26,15]
33 'DADriveD\Kantika W\Computer Vision\Thesis_MET\videoplayback1_166.png’ [264,246,26,15;495,276,26,15]
34 'DADriveD\Kantika W\Computer Vision\Thesis_MET\videoplayback1_171.png’ [260,247,26,15;470,283,26,15]

% 1

JUN 3.4 Megrlnadeyansrydunisvainglunm
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3.3 ﬂﬂiLﬁ’%u‘wm‘Uﬂ\‘l‘l’fa;&a (Data Augmenation)

nswasuvwInvesteyazunim Wunszuiunisiidenldlunisusudsuasveneyn

a s

Payadmiunsinlunalya1useivg lnemsasiadeyadnaesiivainvalgainteyaiile

Y

el

' [ Y
YV o a

Feaztisllunaaunsaifouidnuaevesteyalifvy wazaunsavihnuldegauiugdeu
TnquszasAndnvosnsiaiuvuiavesteya e msifiuanuvainvanglugadeyaiin denns
asuruInvesdoya azdielilumaannanifeusanndeyaiiiiniuunndemindy uazds
U¥uugsmnuannsnvestuaald drelilaeaanunsoviaulded 1wl ugunduly
anmwIndenfinainvans wazdwean Overfitting veslunald dafinailufitedi 2.6 nns

iesuvwInvestoyanldlunudde laun

3.3.1 ﬂ’l'i‘d%"UL‘dﬁﬂuﬁ’l%‘%ﬂmwhﬂ%qﬁ HSV (Color jitter augmentation in HSV
space)
A Hunsusuiouandvesnn newdsum dluiuiid Hev uisnmsiy
anuuUsUTuludvesguam Tnenisiasuudasdrvesdndn 4 Tuguaiw wu Tnu (Hue),
AuBuFNA (Saturation), kazAuAnda (Value) Tu HSV space Taggu msUSudmsdines

a 1

waielilumaiseusiningdanvaedunndrenululnguuazaninuingaudie 9 n1s
= | X ' =~ v o A ) %
wWaguulasandwaniavyiglilamaanunsassuianvaugvesdnainvaisvesingluninla
AN5UTULUABUANEVDININLUY HSV ﬁ]zVLa,iﬁmam'ammmmmiummmﬁui’mq WY NS
= | ° vy 2 a6 a "W = D= I VI o v
WaguA1vy e1avibrdwasduduntuuddinegiidud 'van" nsananududeuvesns
wWasuuUammsvineuluysgll HSV avdreanaiududeureinisiasuilasdiilaiieuiu
U391 RGB NimsnanduazmaUdsuwdasdndudeaundt n1sldusgl HSV Haelvinisulasad

LY

wafugunmtiena uazsnNwIANLIYLNE ANYRsElUU1NTAl LAYAINATINTRIAINASH N3
wasnluuigll Hev liifinarenuainsvesnin duilvianuainsvesinglunmasil 4
DJudsdrdglunisnsrnduingludeulvuindendiiinisdsuntaweuas #2e813an13
UfuiAsuandussninluligh HSV wanssguil 3.5(d) Tneddunoudd

- uwlasnmanyu3nll RGB Wuusall HSV

= WaguA H, S, Lay V U890 INAINANINI LA

- wasnmnduanuigll HSV WJuuindl RGB
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332 ﬂ?iﬁ%ﬁ@UﬂWWLLu’JUBULLUU?jN

<

FBidumsazvieunmluwwuen Wunsdudsunmandieluvamsean
yludne Faduisnsiudeyangniidudsediluanunsiaduing nswisuulasiiasye
TlunaanunsassusanyuzrasinglunmaInyusesnvanuatula n1svikuudu (50%

¥31/50% 918) viiluwaiseusiringe1usnglunianiesing o lugunim fagun 3.5 (o)

3.3.3 N136ANS0UENLAIN 10% LUUEH

¥
adda &

Teidumsuiudensevensnin 10% msiwdsunlasiiazdiglilunaaiunse
Souidnuasrasinglunmntvunauwansisiuls msusudadiuiuvduznislilunaseus
N395993UTngNiivwne1e 9 lunm nisguusurungunmlugie 90% 4 110% vedvun

WA agvililueaanunsansinduing i dvundnunielvaniivesdeyaiuatu uasvinly

9
lunadianuaansalunisvinuiudeyaniivuesng § msldvadanmsiatudeyaasdeln

Y

'
U =

lunadauaLnsaluMsgLagn 193 UiIng NATUluan MR e IiaINvaY kagYae
Uasiudgyvinsiseusiuy Overfitting tnevililunaliinfuteyarn Tuguuuunmileudy

Foyanni lddmiunismaasy dlegrenisiusunsumadanisiiuvuinvesdeya ogly

Y U

AAKRUIN N. TelUsuAsHHsATunsimaian1siiuIuIAYedteya LAgNaYRINITIN

1<

wAlANISENTaYa kanerazun 3.5 (@) iuguiidiun1susuAuadng (b) sugunin

Y

susuuvadlidguan (o) uas (d) Wugunmiihnsiasuiianemiusuaueu lnevillidng

9

WiloUgNENELYNLBIINTIAVITILANGNS kagyinsEorwInnIW wladrnd [Wudu
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U 3.5 fregunmnisiasudeya

3.4 NMSARUANISHNBUIHA TN LULAE YOLOVA-Tiny

msadrsuuudiaedluea Tunuidedidenlinsfinousuaramdiling YOLOVS-
Tiny (Pretrained YOLOv4-Tiny) %aLﬂqumamsmm%’ui’mqmu YOLOV4-Tiny ﬁgﬂ?]ﬂdau
udaheyateyalng vugadeya COCO finanddlutide 2.5 Faszneumeninuazdoya
A105UNEYRIINGANeY 131 80 Uselan wazlinnuausnlun1nsaaduinglunin YOLOVE-
Tiny Wunestudesruinidnves YOLOVE Gsgnosnuuuniitolilianuansnsagasazyineu
Ifegneminiuugunaniiiimineinsdrdn maksdnsGeudveddunansiatuing Tdvhms

MuuaAa1aluN1Tn @ UL 1 AANE AD TOUUA S1UAZLDYATDITUNDUAINE) LAY

3.4.1 N15AAGILAALND YOLOVA-Tiny

WiALNa YOLOVA-Tiny @snsaltlansdsauisandluanlaannivled lag

ansnsaAnssldaIniyvesTusina MATLAB Tnglufiay Home > Add-Ons > Get Add-Ons

3.4.2 MIMNUATUINBUNAVDIUBIFUA N
sUnmilauina3adu 854 x 480 finiya uivu1ABUNAVEITRYATUAINT by
dwsunisiinluea YOLOVA-Tiny fiansusiufvunidu 416x416 finga Jaduvuindumns

a v 1 o v U a I A i o & v v
Lillﬁ]usﬂaﬂilll,ﬂau ‘Vi']ﬂ')@]qmm@ﬂﬂ'ﬁmi'ﬂﬂ'ﬂ‘Ulmu']@Laﬂ‘lfﬁﬂaglﬂa INL@@@WQQWL‘UUW@QIGU%H']W
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Sunaiilngu i elianunsonsaduiaguanildegsutugiunndu wu nsddidesnis
pradulunihauiifduduegluszering lnaeiadidusioddvuindunnd 608x608
finea viounndniu Tumendutu mntagiidesnmanmatuivuelngviesdlng Tuna
o1alisududedldvundunailnguinin wu nsdifidesnisnsadusasuivuriesauy
Tanao1vanunsoldvunndunndl 288x288 finlea viietesniniu

NnnUsrasiveaide elildlumafifiruaunsngeanuazaenndosiunim
fioanns Faduenddeilffmuanunguamdunalisulues YOLOVA-Tiny u 3 1unfe
288 x 288 finia, 416 x 416 fnlwa WAy 608 x 608 finiwa LiolIeulfioy AwANIATeS

LiAa NBUNAVUIAVBINTNEINN

3.5 M3szyfLaonaaniluwes van1sinausy

mMsszyMdennisilineusy Aenszusumsimuawsdimesaieg Aldiudenns
Aneusuwanianansodmadeanuainsnvestung ﬁﬂﬁumsﬁmuméffsLﬁaﬂﬁmmzamﬁum
foyauazitiminsuasnisiineusuisiienuddy vuideilduvinsssyindennisiineuss
sanu 2 ga wazlinisinuaansfiwesd1msun1sEnaUITAINTI9U YOLO v4 Lald
§ane3NuN1SHNBUTULUU SGDM Lﬂu%uwauﬁﬂﬁ’miumﬂﬁimLmammiaﬁauﬂﬁaﬂwﬁ
UANEN M NITAAUAATNITINADS IALRLNZ ANAITATTNENAANN ¢ il

1) 8m31n15558U3 (Leaming Rate)

Dushrmueavuiauves Step luns Update tnidnvedluwa gsiinnudidalu

1137529303 ArsimualidenlueziiuluniedosiAuly midslu MATLAB 9z14

=B

InitialLearnRate @45A1tSuAuUsEUa) 0.001 DotduAISUAUNR LarAIsNAaDIUSULA LA

1%

wingAunuwazYateys
2) MIANVUINTUNITHER
\Juvunaves Batch Alddmsunisrumannsioud Tuwiazseu Aflmanzay
Juagvauinvesyatoya uasninenseiauasitld Advlu MATLAB a¢ld MiniBatchsize
g Aiilddmsuauasaduing avegfivszaia 16 fa 32 JuagAuruinvesyadoyauas
AIUAINTAVOITNIAUS
3) L2 Regularization
Jumediafildifiean Overfitting Iﬂamsﬁuﬁﬂﬁﬁ’uﬁqﬁ%’uq@ﬁa \fieanwuin
yosminvesluing Ads MATLAB a¢l4 L2Regularization @ slaawald azflArdszuna

0.0001 14 0.001 FMFUNUAUNIIATIITUINY
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4) Fuuseunsingsan (Maximum Epochs)

Juduiuseunisiingaga fdesmsliluinaiin Ardslu MATLAB axld
MaxEpochs dadusimundausevresmsiineusy TumaaziGousluyadoya lnensusu
thwiinvaslinaluusiazsey A1 MaxEpochs figstu asvhlilueainatlunsidouideya
Tu Dataset l¢igaifisane Jeazglunsudulgseuannsaveslina

5) nsadudeya (Shuffling Data)

v Y

nsasutayaluusagsaumsineusy YrganAnuieItevesteya uasliiunis

gulunisiSeus adslu MATLAB agld Shuffle aasAnualiandu "every-epoch 1l o
Toyaszgnaduluusazsounsin

6) msuuardeyaliedluveundiimun (Batch Normalization Statistics)
Jusdalu MATLAB 2214 BatchNormalizationStatistics @15ty *moving’ @uaiSudiuas

Hellunaseuslaegraiivszd@nsnm

3.5.1 MsLaenli9anasiunsinausuLUU SGDM

MN1SHNBUTLATIATI3U YOLO va Tagfinunminsdinesa1egd1msunis
Anousu ludruveslusunsuagimunmiwdsilu “options1” Inervunrinisidentdoona
Luiges Wuwuu SGDM wazinuaa1gnsinisiseus 1Uu 0.0001 IneinuaAITUIAY0S
Batch lddwsumsdiuamAnsioud luusazsou Tnedn MiniBatchSize Avnzantuey
furnaveshnnauazruavesyadeya Tunuifelowadoyaddnauliiu 1000 guam
Famnzaufunsldansudusiedn MiniBatchSize vuiaLdn 1y 16 dwiunisivunan
L 2Regularization 1y 0.0005 Wisl¥iinsantndnuemnsinesimunzen Woswnazin
Tilueaanusniseusteyaluyadeya laegralivssdniam lagldvililawaiianis

Overfitting a¥NYUATIUIUTOUVDINTITHNOUTY (MaxEpochs) Wiy 100 99U A1SANAUA

ATNNSILADT LERIAINISI9N 3.3

AN 3.3 N1IAIAINITIEALNDS SGDM optionsl

Configuration Description
trainingOptions “SGDM”
InitialLearnRate 0.0001

MiniBatchSize 16
L2Regularization 0.0005
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A5 3.3 N1IRIAINISIALNDS SGDM options1 (si0)

Configuration Description

MaxEpochs 100

n1sudenlddanasiun1TNBUINKUY SGDM wisneaudmsunisinlumaluguiuy
yluilifaadudounnn lumanfisiuumnnimeslinnauduliuazdeyailn eusudl
Uhinuadoyauuuunansisddegamn msld Seom lunsdidraslvinisiniinnausuey
afesundu SGDM vhaulaemssiuamanasdeus vesiladdugyidsluudasndy uda
nsuuthmdnuesnnamuiiamavesinsidieusdt Tneldluamsy Weriuamnmdlumsgid

(Converge) fgun1sluimden 2.7

3.5.2 Mskaanldsanasiuni1senausuLuy ADAM

Wieldfneusudngadu YOLO va fimsimuaamnsdinesansgdmsunis
Anousu Ineiuuaideneefluigesiiu ADAM Tudruveslusunsuagivuadnusidu
“options2” wagfMuAAIERI1N1338R3 W 0.0001 TagA1 MiniBatchSize vuIaLENIRLA
DurSusuil 16 waz L2Resularization Wy 0.0005 Tagnisimuanisinesvas ADAM oz
finsfviundn 2 Anfisdnan Aedn Gradient Decay Factor U 0.9 way Squared Gradient
Decay Factor 1 0.999 Annsifsudluusazsouazgnanas 10% isldlunsduinmmiin
vasluiaa MsanAnTidswiglunsmunusnsnaseuivedtunn nsldandeeli
nszvaunIsEnEdesuarlingsiuanusilunisandves insiReudiidanniuly Tned
fanasauslangeliusedninim wasiMuATILINTOUTDINITHNEUTH (MaxEpochs) iy

100 59U AMMIS3L09S ADAM NAMUALEAININISINN 3.4

A3 3.4 NMIRIAINIIALNDS ADAM options2

Configuration Description
trainingOptions "ADAM"
InitialLearnRate 0.0001
MiniBatchSize 16
L2Regularization 0.0005
GradientDecayFactor 0.9
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A15991 3.4 N1IRIAINISIALMDS ADAM options2 (sig)

Configuration Description

MaxEpochs 100

AmdwesmaiiliigtesiunsmIvANIsUSUUTIvR AN SRBUA luson# Ly
o3 ADAM Fadunumlunismvaunisandseus eliaunsaniununsandnsfgu
vaslunaluudazseuvasmsinieuSudmtnlviiuseavsnmuaziatios 8ns1Nsiseuives

< N v (% v

ADAM agUsumumvadluwusu welinisiseuiiduliegrasmsedmnudnuvusesoya

(v o

Y
nsUSuAansINIsieusagaaeln ADAM vianilaegnediuszdnsamlununsiaduing i

3.6 NMsunausuluLAa YOLOVA-Tiny

nsiinausaluima YOLOVA-Tiny fildrmundinsfitnesiseudesudinndunay
Fr9du Tudumeud avimsiineusuTunasansaadu Tuwma YOLOVA-Tiny vivias 8 aa Tne
yodayallflunisiineusiasuiadu 2 ya fsil

3.6.1 Msineausumeyatayauni

AFeiagldunuA1dn Data Normal g gatayan1niliniunisvinnadea
nstasudoya ludiuvedlusunsuazunuiefiiuls¥e “TrainingData” lagddunaunIs

o ¥

ANBUIHAINTIIUTRAI8TUAA YOLOVA-Tiny N1SRNBUTHILUUIAINNITAINUAAIBUNA
YaallAa Aadl
3.6.1.1 e mBunavedluaai [416 416 3]
ANSUAUVRILUAA YOLOVA-Tiny atlduunni [416 416 3] lngtunay
o 1 a [ . a o % Aal 3 o U A
NsMnUAAINIIEMes Option Nagyinsinausuasaendluwes asUsuusiiienves
g Al
= fdenil 1 sz muadusenluwes nasUsuumuy SGDM
= fdenil 2 szdmuaduseviiluwes msusuugawuu ADAM
3.6.1.2 vwnnmBunavadlunail [288 288 3]
YUIANNAUNALLARIETYUINGARY NIUNABINTATIFTUIALUAUUAUY
AsiruAAINNSITMes Option Mvgynisinausumeeaniluwes asusulsalinauuy 1
U = L d’l
faden fall

- fudend 2 sxfmuadusen@luwes nisusuussuy ADAM
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3.6.1.3 wunanmdunavaslunadl [603 603 3)
yurnnwdunalanadziiudu n3difesnisnsaduingeylu
szoglna m3fmuar1nnines Option lagyinsiineusufesendlugesazuiuuss
fdon dail

- fhidenil options2 azmwunidu Optimizer M3U5UUFILUY ADAM

3.6.2 NsHneusIMeYRtayanHiunsimalinnsiasudeya

druv0elUsunIUITUNUA8RWUST © “augmentedTrainingData” Tag
Fumeumstineusumsatuiagdelnng YOLOVA-Tiny azuismiunsfmuadunnved
T adl
3.6.2.1 ﬁumﬂmwﬁuwmaﬂmmaﬁ [416 416 3]
yunnmdunaiiduaisudureduma YOLOVA-Tiny msriinun

AT Option NagyiN1sHnauTLmsoaNAluwes dsuazdunnll

'
a [

= gudend azimunluesiluwes n1sUsuUakUU SGDM
- fudenil agdvuaidueeniliges MsUSuUTUUY ADAM
3.6.2.2 yunanwdunnveslannail [288 288 3]
amdunalunaazivuinanas nsdififesnsnTadusnsuduuauy
msfsuaddiees Option figvhnstineususesenilues fsuasBundsed
- fudendl 2 azdvualuseniluwes msUFuUsLuY ADAM
3.6.2.3 wmmw@uwmaﬂmmaﬁ [603 603 3]
amBunalunasedivniafindu nsdifesnisnmaiuingoylu
svoglng Junsunisivuadintsimes Option 7iazvnisineusudiseeiluwes 3
seandoadd

- fdenyl 2 azdmuaduseviiluwes msUsuugwuy ADAM

3.6.3 TunauN1sEnaUsUiInTI9uTngaelaaa YOL Ova-Tiny

19 W9y trainYOLOvAODbjectDetector Tu MATLAB Lo NaUSNAINTIAIU
I9gUUY YOLOVA-Tiny NAaWSU8IN1SHNaUTHILHANI80nU1 U ULUUAITI9AITUN 3.6 B
LEAISI8AELEEATDITIENUNNLINUNITRABUTY LU IIUIUTBUNITRNBUTY, LIa171 e, A

= = ' = Y =
goysde (Loss) vedn1siineusy uazAgadenesnismadey fgun 3.6
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The training time will vary depending on the hardware you use.

111 [detector,info] = trainYOLOv4ObjectDetector(augmentedTrainingData,detector,options2);

8 oo oo o R o R o R ook ok K 3R R o R o ol ok sk ook S o o i o ok ok sk s ok sk ok 3R R 8 0 skl ROK 0RK R KRRk

Training a YOLO v4 Object Detector for the following object classes:

* vehicle
Epoch Iteration TimeElapsed LearnRate TraininglLoss ValidationLoss
5] a <] <] 2] a

Starting parallel pool (parpool) using the 'Processes’ profile ...
Connected to the parallel pool (number of workers: 4).

1 28 88:12:45 6.0eal 1.3234
1 4a 808:17:15 6.0eal 1.8e03
2 68 809:31:23 6.0eal @.7481
2 aa 80:36:16 6.0eal 1.9e25
3 1ae 88:49:41 6.0eal @.6252 4.5783
3 128 80:56:09 6.0eal 8.75486

LY v

SUTl 3.6 fegedunsunisiineusumnsatuingieluna YOLOVA-Tiny

Tnedi ‘augmentedTrainingData’ Lﬂusﬂ’ayjamiﬂﬂamuﬁqma‘%mmmw
naiAnalemeinatin Data Augmentation LﬁaLﬁmmmwmmﬁm&maﬁaaﬂgamaﬂnamu
‘detector’ 1ulunafnatuing Fusuvielinnatilssunsimua el e
‘options2” \Juddennisiinausududiuausey, nsanrnusIluseninnisinausy, waz
9 9 audilsrmualluinded 3.5 nadwdudsanineusuliaaiaiauansAniaguil 3.7 fad
seasdunszeznaildlunsiinevsuluwa uazdwauseulunisiineusuiansn 100 sou
msdsadoyaiinfiamaslunanisadilunnsou Bel epoch inniiilng TunaasldFeus
wntu Tnefinisaueh (iteration) awszyn1sdmemimiinvaslung uiazadsiimily foun
vosyadoyarineuss Tneilguuuuresiandu dalusniidund suddudunsiinousuauds

ATU 100 50URINSHNBUTH §l5UN 3.7
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Progress
Time

Start time 28-Sep-2023 09:1421
Elapsed time 321535

o
T

Information
Epoch 100
Iteration: 4400

o

LeamRate 0.0001

0 500 1000 1500 2000 2500 3000 3500 4000 4500
Iteration

JU 3.7 fRegingiNansinausuiinTIaduingmelaag YOLOVA-Tiny

3.7 mMsnausaluea

n1sfinousalaaaanun wisoonifunisfinuneeniluges wuy SGOM uas
ADAM ileldflnousuiuyateyaunddiliiumsinmadiansiaiudeyauas yadeyadiniu
nmsvimelianisiasuteya 1 3 38 wazauindunavedluina YOLOVA-Tiny uvady 3 wun
iievihnnsineusulaea osanwuinvessunmdunuuiivuadu 854 x 480 inwea us
yurndunnvesdeyaguanilidmsunsinluea YOLOVA-Tiny dA3usdufvundy
116x416 finkga Isviinsrivuasuiadunmling YOLOVA-Tiny Aldlunsiineusueenidu
288 x 288 Pixel, 416 x 416 Pixel wag 608 x 608 Pixel diovhnsiineusuievaniseuses
ué yedeyavesgunmitlfifugenaaey Faudslisiuou 84 Unm wazsifugunwdilsing
gnihlRneusulunaunneu evhnisnaaeusiesingiadu YOLOVA-Tiny fignilnousy
luraiasaiSeusosudn naildazgniaizsinavesnsineusulumalundazuuuisSeudiey

Y

Jumsslunanisneass damnsiaSeuiisunanisnaaesluuni 4

3.7.1 mnegeulinani193uingmegun1nnagey

N3nAaeulilAafIngIaTuing YOLOVA-Tiny MN1Un1sinausy vuguam
VAU SUINVUNBUNITNAARULNAATUFUATN Test Data NtavMIwusly d9mnuianue
87 sUnm Megregunm wagteliiasunm Alvlunismeaey fe videoplaybackl 0611.png

nsnaaeuinTITuinguugUnMmaaeUlaedifiog 1l TUNSULANIAIgUN 3.8
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. = w w v
Run the detector YOLOv4-Tiny Maamsuauiagus? @2aslavvada |

120 I = imread("videoplaybackl 8611.png");
121 [bboxes,scores,labels] = detect(detecter,I);

% 1

JUN 3.8 fregalusunsunisnaaeuliinansiaduingmesunimmegey

HAdNsULIUN IMAaeUMElUSWATUATBEN kaRIReUT 3.9 tnefiiinisnilines bboxes lu

<

Ads lusuniswesnasweuainuinguas scores Wuazuuuaugnaadlunismnadu

(% <

ng AzdlAnasanil 1 Weluaaanunsadwunuszinnlaeggnasaniin wazthemiuingd

q

n31adulavsuanInagun 3.9

Display the results.

122 I = insertObjectAnnotation(I,"rectangle",bboxes,scores);
123 figure
124 imshow(I)

gﬂﬁ 3.9 HANINAGDUNIINTINTUTABUAMEAIMNNAFDU Videoplaybackl 0611.png

3.7.2 msuseiiiunavedlung

nsusziunavesling il AuauAuLdugnadefuguaIwnaaauy
5 a & a = I (Y a s 1 A o 14 Y1
Vaun wagdnieinan1sussdiiuneg Wisuifsuiumsdwesaegidmuall lagldrinin
1 o N = 1< v v a = ' al'
wiugade nie AP Ludadananisussdiuauaiuisavediuws duduaiadsves
9n51dURINg NN TITUlAgNR e TIUIINg avinn g9 uls (Precision) wardnsnau

101ingNinsaaduligniewediuuingienuaideglunin (Recall) Fadu Metrics Millu
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AsUszifiuna Yauszans ameesluinansiadusasudvuind nuuudunewien 119
YOLOVA-Tiny dwdunmeanuazidensianlasy lunuidedldvnisieudiouawanis
Anousiluinaiismiivesineg fugadeyasiuou 2 4o

nsAuanuLdludteds faduddiadeussdunuansaveduna
YOLOV4-Tiny filsignilneusy Sadumminlunmsussidiulszansamvosiingaduing Ae
nslvAzuULLUUIAT TINANENINTaTeiInT s T UTmglun1svinnssuunegegnded

warAdNansatunisAunIngviavae Juneulunisussiiulsedninmveliinanis

[
Y A

prduinglasldusinamnuuiudade awnsoagulsissd
3.7.2.1. vaaeullnan1snsIaiuing
nsnaaeuluiAan1snsI9duing i lavinisi nousuluinania
Anafinesingiiuiy sudeuleiidmualuiaded 3.6 fusunmmaaeusisnun ddily
MATLAB aunsalfitaridu detect() ilennaeuluinanisnsadvingiuguamvageuiionn
fhegalusunsuLanIfagui 3.10
3.7.2.2. Ysziliuanuanansoveslinaansinduing
Tagldrinanuutiugnadeddsly MATLAB anansaldileddu
evaluateDetectionPrecision() ileUsziiuanuanansnveslunanisnsiaduinglagldiamin

AU LadY Aeg1alUTINIILAAIAIIUN 3.10

Run the detector on all the test images.
125 detectionResults = detect(detector,testData);
Evaluate the object detector using average precision metric.

126 [ap,recall,precision] = evaluateDetectionPrecision(detectionResults,testData);

JUN 3.10 MegrammageunisusEiiuaNaTavedliag

fauys ap Tuileddunldaviduaguuunnuuldudiade Jadudiay

[

FEINTIUDIANURL U LAEAIUAINITALUNITAUYI TRV IMUAVRILULAANITATIVFUTNG
dausuys recall uaz precision 9z JUAZKUUAMINAINITANITAUNTING VIIVUALALAIY
wiugh sudry Tudunaull MIUssilunadnsandangIaduingaienistdaauutuen

\aae uaznTANLilugaae (Precision/Recall) fidunsa plot lansduneudnly
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3.7.2.3 myUspiuauanInTveniesnTaduing

nslduldsnnuusl uddeanuanunsolunisdun Tags anun
(Precision/Recall curve) 1{uns il uansaansduius seninanuudugl (Precision) wag
dasnanuing (Recall) Aszdusngg Armnumsiugway Recall axdidngsgnd 1 Woluina
mmamﬁ’ﬂLLuﬂﬂizmwlé’asmgﬂéfaqﬂgwm mﬂ%’%’az&aﬁi’m’mmﬂ%{umu’ﬁmhEJU%’mJ':;amm
wiuguadels uiszezansiineusuarannduiuiy fedhaty mnlinaaansonsadu
sovudldagragndowianan 100 Au 9InsasudvianEn 100 fu ArAuLLug LAY Recall
godnnansviiiy 1 lumenduiy mnlinnansaadusasudléiiies 50 M nsaeusinmn
100 Au AR NLiugLas Recall vodlunadzindu 0.5 39vluA1AuLiug ez Recall
Huandifuserdlunsieuiieuanuainsaveslumanie saufu Junounsndendy
1&1 PR Curve fisieazidensiil

1) Arnaenuiug e Snsmanu ingisedusieg

2) theauusiuguagsamnamuingilsumdonasuunsm

3) WeNATINGEATIINUAMELEL
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Converting gTruth object into training, validation and Testing data
Use the
1 {implay('videoplayback.mp4')
create video reader object
2 v = VideoReader('videoplayback.mp4') ‘
Stopped Magnification: 100% RGB:480x854  |100% (30 fps) [1/9074
Read all frames and write into image files
3 n=1; \:lideoReader with properties:
4 hasFrame(v) :
° img = readFrame(v); e P;Zrﬁ:?t}siéeoplayback mp4*
6 imwrite(img,strcat(’image_',num2str(n),".png’)); Path; 'D:\Dr‘iveD\Kanéika W\Computer Vision\Thesis_MET'
. n = n+l; Duration: 302.4667
8 CurrentTime: 0.0333
9 n=n-1; . NumFramesE <Calculating...> learn more
10 disp('image has been extracted from video'); Vides Pr;g;:ﬁ?e;;‘
i - Height: 480
Read and display any random image FrameRate: 30
, 2 B = BitsPerPixel: 24
11 imgN = randi() - VideoFormat: 'RGB24"
< i F = % % K image has been extracted from video
a 1 v I3 N . q
IUN N.1 wusgnvayasantdu Training , Test , Validation
wivriaya Training 80% test 10% validation 10%
16 rng("default");
17 shuffledIndices = randperm(height(vehicleDataset));
18 idx = floor(@.8 * length(shuffledIndices) );
19
20 trainingIdx = 1:idx;
21 trainingDataTbl = vehicleDataset(shuffledIndices(trainingIdx),:);
2.2
23 validationIdx = idx+1 : idx + 1 + floor(0.1 * length(shuffledIndices) );
24 validationDataTbl = vehicleDataset(shuffledIndices(validationIdx),:);
25
26 testIdx = validationIdx(end)+1 : length(shuffledIndices);
27 testDataTbl = vehicleDataset(shuffledIndices(testIdx),:);

U .2 LLﬂﬂﬁgmsﬁIayjaaamﬂu Training , Test , Validation
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%arevlefAziudniunisiin Augmentation
%laifloritu jetterColorHSV

data = cell(size(A));

for ii = 1:size(A,1)

I = A{ii,1};
bboxes = A{ii,2};
labels = A{ii,3};

size = size(I);

if numel(sz) == 3 && s5z(3) == 3
I = jitterColorHSV(I,...
contrast=0.5, ...
Hue=0.5, ...
Saturation=0.2, ...
Brightness=0.8);
end
% Randomly flip image.
tranform = randomAffine2d(XReflection=true,Scale=[1 1.1]);
rout = affineOutputView(sz,tranform,BoundsStyle="centerOutput");
I = imwarp(I,tranform,OutputView=rout);

'
Y

glh?i n.3 W9TuUnN15¥1 Data Augmentation
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52
53
54
55
56
57
58
59
60
61
62
63

Create a YOLO v4 Object Detector Network

Specify the network input size to be used for training.

filvuarwaaunatadsluea YOLOvVA-Tiny

inputSize = [603 603 3];

Specify the name of the object class to detect.

finviua Class 4 1 Class @a vehicle

‘ className = "vehicle";

Use the estimateAnchorBoxes function to estimate anchor boxes based on the size of objects in the training data. |

rng("default")
trainingDataForEstimation = transform(trainingData,@(data)preprocessData(data,inputSize));
numAnchors = 9;

[anchors,meanIoU] = estimateAnchorBoxes(trainingDataForEstimation,numAnchors);

area = anchors(:, 1).*anchors(:,2);
[~,idx] = sort(area,"descend");

anchors = anchors(idx,:);
anchorBoxes = {anchors(1:3,:)
anchors(4:6,:)
35

UM n.4 MruauIndunmvedaiag YOLOVS
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detector = yolov4ObjectDetector("tiny
detector

ovd -coco", className, anchorBoxes, InputSize=inputSize);

detector =
yolov4ObjectDetector with properties:

Network: [1x1 dlnetwork]
AnchorBoxes: {2x1 cell}
Classhames: {'vehicle'}
InputSize: [6@8 668 3]
ModelName: ‘tiny-yolov4-coco'

Ui 5 7 YOLOVA-Tiny

&cafl

Specify Traini

| a0 o
ateicheduler o
NN




94 options2 = trainingOptions("adam",...

95 GradientDecayFactor=0.9, ...

96 SquaredGradientDecayFactor=0.999, ...
97 InitiallearnRate=0.0001, ...

98 LearnRateSchedule="none", ...

99 MiniBatchSize=16,...

100 L2Regularization=0.0005, ...

101 MaxEpochs=100, ...

102 BatchNormalizationStatistics="moving",...
103 DispatchInBackground=true,. ..

104 ResetInputNormalization=false,...
105 Shuffle="every-spoch",...

106 VerboseFrequency=290, ...

107 CheckpointPath=tempdir, ...

108 ValidationData=validationData,...
109 ExecutionEnvironment="auto", ...

110 Plots="training-progress");

gﬂﬁ n.7 MU Option Optimizer ADAM Tglunisinsu Detector
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Train YOLO v4 Object Detector

Use the trainYOLOv40bjectDetector function to train YOLO v4 object detector.

The training time will vary depending on the hardware you use.

‘ [detector,info] = trainYOLOv4ObjectDetector(augmentedTrainingData,detector,options2);

ok A A AK KKK KRR KRR KRR K

Training a YOLO v4 Object Detector for the following object classes:

* vehicle

Epoch Iteration TimeElapsed LearnRate TraininglLoss ValidationLoss

2] (] ] e ] -]
Starting parallel pool (parpool) using the 'Processes’ profile ...
Connected to the parallel pool (number of workers: 4).
20

4 00:12:45 ©.0001 1.3234

& 48 ©00:17:15 ©.0001 1.0008

2 (] ©6:31:23 ©.0001 8.7481

2 8@ 00:36:16 ©.0001 1.9025

3 100 ©0:49:41 ©.0001 9.6252 4.5703

3 120 ©0:56:09 0.0001 0.75486

" 4 148 a1:09:17 a.pee1 1.4067

TrainingLoss Prograss  ee——
VahidatonLoss

Time
Start time: 28-Sep-2023 09.14 21

‘ AAMMMK\AJP/\MHMAANW\\A}\MM’{% A

UM n.8 NTuMIN5I93UIAg YOLOVA-Tiny fiu Optimizer NMviun
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Run the detector on a test image.

I = imread("videoplaybackl 286.png");
[bboxes,scores,labels] = detect(detector,I);

Display the results.

I = insertObjectAnnotation(I,"rectangle",bboxes,scores);
figure
imshow(I)

[ LY

JUT 1.9 Susmaduingiunmmagey

9

y Average Precision = 0.8008
Run the detector on all the test images. o
125 ‘Fiectionﬂesults = detect(detector,testData); 096
Evaluate the object detector using average precision metric. 094f
126 . [ap,recall,precision] = evaluateDetectionPrecision(detectionResults,testData); %“97
The precision/recall (PR) curve Plot the PR curve. ! & oo
088
127 figure
128 plot(recall,precision) 086
129 xlabel(“Recall™)
130 ylabel("Precision”)| 084f
131 grid on
132 title(sprintf("Average Precision = %.4f",ap)) - oszo 01 02 03 04 05 D06 .07 08 09
. Recall
d’ a a a U U U tﬂl ¥
JUT .10 Useiliuuseanan1mueduinaminsiaduingigninguue
E Editor - D:\DriveD\Kantika W\Computer Vision\Thesis_MET\TrackingCarsinVideo.m
[ TrackingCarsinVideo.m | ObjectDetectVideotryl.mix ' | ObjectDetectionUsingYOLOV4DeeplearningTest2.mix
1
2 [ while hasFrame(hVideoSrc) ‘
3 frame = readFrame(hVideoSrc); i
4 [bboxes,scores] = detect(detector,frame);
5 if(~isempty(bboxes))
6 frame = insertObjectAnnotation(frame, 'rectangle’',bboxes,scores);
7 end
8 imshow(frame);
9 title(sprintf('Current Time = %.4f sec', hVideoSrc.CurrentTime));
10 pause(2/hVideoSrc.FrameRate);
11
12 if hVideoSrc.CurrentTime >= 16
13 break;
14 end
15 = end

[
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: Abstract
Ohject detection i1s a computer vision technology that localizes and identifies objects in an image. An
» advanced form of image classification i1s where a neural network predicts objects in an image and points them
sout in the form of bounding boxes. Low-resolution of vehicle object detection from UAV images 1s a
: challengmng task for tinv object detection. Onc of the major challenges is to use low-resolution video from
unmanned aerial vehicles or aenal photography by drone. Deep learning technique is powerful for computer
vision technology in which the object detector automatically learns image features required for detection tasks.
: Several technigues for object detection using decp leaming are available such as Faster R-CNM, and YOLO
. family. In this paper, we compare the performance of tin}r car detection state-of-the-art model based on the
++ YOLOw4-Tiny deep learning algorithm for drone videos, in the context of low-resolution, data augmentation,
w» and optimizers comparison. We trained an algorithm on a car image dataset in a video and we compared the
w results with the average precision. Experimental results m the study compares the performance of different
o optimizers and explores the impact of data augmeniation technigues on detection resulis. Detection
= performance shows that the average precision of applying data sugmentation technigques dunng the training
=+ process of YOLOv4-Tiny with Adam optimizer outperforms Sgdm optimizer reaching 0.8735 for the correct
# detection. This paper tries to compare the sclection of the best advantage parameter, options, and training ume
= in- tiny vehicle data detection framework. The findings demonstrate the potential of ¥YOLOw4-Tiny for car
z detection and highlight the significance of optimizer selection and data augmentation in improving detection
1 performance.

# Keywords: Wehicles detection, Data Augmentation, Optimizers, Object detection, Y OLOv4-Tiny

= car detechon based on using low-resolubon video

o1 Imtroduction & from drones has numerous practical applications
Object Detection is a branch of computer vision = across various domains, including transportation,

+» technology, a ficld that is widely used in self-driving = security, urban planning, and environmental impact

=+ cars to detect vehicles or detect pedestrians and s0 on

= that localizes and identifies objects in digital images =
» or videos. Most of the techniques were developed =
:: from deep leaming techniques. Deep Learning for =
u object detection has become so ubiquitous and =
u ambient that many people do not recognize what they -
1 are using on a daily basis. such as face detection for =

1 cameras on phoncs{Zou et al. (2019)), pedestrian
u detection(Dollar et al.

set al (2021)) Vchicle deiection with low-
% resolution{ Zhao et al. (2003)) video from drones is a
« significant application.

& Drones equipped with cameras are widely used for
4« aerial  surveillance{Ramachandran et al.

# provide valuable insights into traffic patterns, vehicle
4 behavior, and event monitoring in real time. Overall,

(2012)), worker's helmet -
3 detection| Liang et al. {2022)), and pill detection{Tan =

{2021}), =
« traffic monitoring, sccunty purposes, and various -
4 other applications. The ability to detect and track cars =
# i low-resolution dronc videos{zhang (2020)) can =

«: assessment. It allows for real-time analysis{Lu et al.
{2019)), efficient resource utilizanon, and mformed
decision-making based on  the detected car
information. The increasing use of UAVs in various
fields 15 due to their higher mobility and flexibility
comparcd to CCTV | Gonzalez et al. (2020)). In recent
vears many ohject detection focuses on addressing a
« safety concern related to using UAVs in urban
environments and how real-time deep lcaming
algonthms({Abbas et al. (2017)) with improved speed
w and accuracy arc changing how UAVs are being
a1 utilized in modern society.

#  For object detection that there are two key areas of
< target detectors based on deep convolutional neural
networks two-stape object detectors{Carranza et al.
{2021)) and one-stage object detectors(Wang ct al.
(2020)). Two-stage ohject detectors follow a two-step
process of region proposal and object classification.
In the region propeosal stage, these detectors generaic
14 set of region proposals that are likely to contain
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objects. This 15 typically achicved using a region
: proposal network (RPN ) or a similar mechanism({Ren
et al. (2018)). The RPN proposes a set of candidate
sregions or bounding boxes in an image based on
s predefined anchor boxes and their spatial features. In
« the object classificanon stage, the proposed regions
» are refined and classified to determine the presence
sand class of objects. This step involves extracting
s region features{Zhigiang ct al. (2017)), performing

bounding box regression to refine the proposals{Xuct

al. (2021)), and classifying the refined regions using
: a classification network. Two popular examples of
s two-stage object detectors are Faster R-CNN
i {Region-based Convolutional Newral Networks)
siAbbas et al. (2018)). and Mask R-CNMN. These
« detectors generally provide accurate object detection
» results, but they can be computationally expensive
:due to the two-stage process. One-stage object
. detectors dircetly predict the prescnce, class, and
o bounding box coordinates of objects in a single pass
s through the network.
i These detectors eliminate the region proposal step.
s resulting in faster inference times compared o two-
» stage detectors{Li ct al. (2022)). Onc-stage detectors
sdivide the input image into a gnd of predefined

s anchor boxes and predict the objectness score. class

»» probabilities, and bounding box offsets for each
#anchor box. They use convolutional layers to
» simultancously predict multiple objccis at different
u scales(Pal et al. (2021)) and aspect ratios. Examples
wof one-stage detectors include YOLO(Atk et al
+{2022)). YOLO v2{Redmon et al. (2017)), YOLO
1 v3{Redmon ct al. (2016)), YOLOv4-Tiny(Liu ct al.
#(2022)) and so on. This study focuses on the use of
s deep learning for object detection and emphasizes the
u importance of datasets and more powerful models to
1 improve the performance of deep learning approaches
s to object detection with low-resolution images. The
s choice of optimizer does have an impact on training

« the Car Detector model{ Ju et al. (2023)). and different

4 optimizers have their own strengths and weaknesses.
& In this paper, we consider optimizers technigue,

11 Adam optimizer with Sgdm optimizer and modified ~

# hyperparameters for comparison based on yolovd-
s hiny model in low-resolution image datasets and
« enhance the network’s performance by conducting
s data augmentation with techniques color Jitter
# augmentation in HSV space, random horizontal flip
won the training dataset and random scaling by 10
s percent. There are many factors that explain different
s reported results and use the average precision metric
s i evaluate the performance detector to compare the
1 results.

2 Materials and Methods
s YOLO (You Only Look Once) 15 an object
wdetection  algorithm  known for  its  real-ume

2

ar performance and accuracy. YOLOv4 and YOLOv4-
= Tiny are two different versions of the YOLO
= architecture, each with its own charactenstics and
w trade-offs. Here are the main for YOLOv4-Tiny.

@  This table provides a concise overview of the
w architectural differences, layer counts, input sizes,
«f parameters, model sizes, detection speed, and
« performance between YOLOv4 and YOLOw4-Tiny.
(-]

w Table 1 Dnifferences between YOLOwv4 and
o YOLOv4-Tiny.

Aspect YOLOwv4 YOLOv4-Tiny
Architecture Darknet-53 Darknet-53
Backbone 53 21
convolutional | convolutional
layers layers

Chutput Layers | 3 2

Input Size Larger Smaller

Parameters More Less

Model Size Larger Smaller

Dietection Slower Faster

Speed

Performance Higher Sheghtly lower
accuracy and | accuracy and
precision precision

w21 Data Used
This paper uses a vehicle dataset extracted from
. Video that contains 873 images. Each image contain
= three to ten labeled instances of a wehicle. The
1 property of video have Bits per pixel 1= 24, Framerate
« 30, Height and Width 15 480 x 854 and split the
s dataset into training 80%, validation 10%, test scts
=« 10%. The experimental run on an NV1D1LA TS00 with
processor | 1th Gen Intel® Core™ 17-1165G7 (@2 80
s GHaz.

» 22 YOLOW4-Tiny

YOLOv4-Tiny is a variant of the YOLO (You
@ Only Look Once) object detection model, designed to
= be smaller and faster compared to the onginal
s YOLOv4 model. YOLOv4-Tiny follows the same
« principle as Y OLO in that it performs object detection
& n a single pass through the network, enabling real-
wtime inference on resource-constrained devices.
& Architecture of YOLOv4-Tiny(Sergio et al. (2022))
@ consists of a convolutional neural network
= architecture composed of multiple layers. It typically
4 has fewer layers compared to the full YOLOw4
. model, resulting in a more lightweight and compact
« model.
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: Figure | YOLOv4-Tiny Network architecture

Feature Extraction of YOLOw4-Tmy employs a
1 series of conveolutional lavers to extract features from
sthe input image. These layers utilize filters and
- activation functions to capture different levels of
» visual information, allowing the model to understand
: various object features and their spatial relationships.
. Detection Layers of YOLOv4-Tiny has two detection
.- layers that are responsible for predicting bounding
. boxes and associated class probabilites. These -
. detection layers capture objects at different scales and

It n:mlull.unn, cnabling the detection of objects of =

wvarious sizes. Anchor Boxes of YOLOw4-Tiny
wutilizes anchor boxes, which are  pre-defined
« bounding box priors that represent different object
1+ aspect ratios and scales. These anchor boxes are used
» during the prediction process to match them with the
w detected objects. Prediction Process of YOLOw4-
# Tiny divides the input image into a gnd of cells. Each
seell 15 responsible for predicting the bounding
2 boxes{Gavnilovaet al., {2019)) and class probabilitics
: for objects within its spatial region. The model
s outputs the predicted bounding boxes, associated

.+ clazss labels, and confidence scores for each predicted «

» object. Speed and Efficiency of YOLOv4-Tiny 1s

»» optimized for fast inference on resource-constrained

= devices, such as embedded systems or mobile

»devices. Its reduced model size and simplified =

« architecture allow for faster computation, making it

:: suitable for real-ime applications where speed 15 ¢
YOLOv4-Tiny sacrifices some =

serucial. While
1 accuracy comparced to the full YOLOv4 model, it
u offers a good balance between speed and detection
1 performance. YOLOv4-Tiny 15 commonly used in
1 scenanos where real-time object detection is required

1 on devices with limited computational resources, or

uwhen processing high-resolution images or video
s Sireams.

#  The important to note that the specific architecture
4« and implementation details of YOLOv4-Tiny may
wvary slightly depending on  the specific
41 implementation or framework being used.

# 23 Optimizer Technigue

4 traiming  the Car Detector model,

s optimizers have their own strengths and weaknesses.
= While both Adami{ Adaptive Moment Estimation) and
= Sgdm (Stochastic Gradient Descent with Momentum )
« are widely used optimizers, their performance can
5 vary depending on the specific characteristics of the
s dataset and task. Im  this work have some
= considerations. For gencralization Sgdm, with its
= simplicity and stability, may sometimes lead to better
= generalization compared to Adam.
=  Adam optimizer combines the benefits of adaptive
s learning rates and momentum to efficiently update
s model parameters dunng traming. The kev idea
= behind Adam 1s to compute adaptive learming rates
0 for each paramcier by cstimating the first and second
« moments of the gradients. It maintains two moving
w2 average accumulators: the first moment (mean) of the
« gradients and the second moment (varance) of the
« gradients. By considering these moments, Adam
s adapis the learming rates for each parameter, allowing
w it to cenverge faster and handle different gradients
-efficiently. The algorithm has been designed to
@imnclude a bias correchon method that effectively
handles the nitialization bias of the moving average
o estimators. Therefore Adam has been shown to work
: well in practice for a wide range of tasks and 15 known
- for its stability and fast convergence.

: Spdm optimizer is an extension of the classic
- Stochastic Gradient Descent (SGD) that introduces a
s momentum  term. Momentum  helps  accelerate
« comvergence and overcome local optima by adding a
rr fraction of the previous update 1o the current update.
= The momentum term accumulaics the past gradients
rdirection and provides a smoother and more
w consistent update dircction. especially when the
gradients have high variance. And Sgdm performs
- paramecter updates by multiply ing the current gradient
by the learning rate and adding the momentum term.
#The momentum hyperparameter controls  the
influence of previous updates on the current update.
@ Higher momentum values allow the optimizer to
move faster in relevant directions and dampen
oscillations in flat or noisy regions. Therefore Sgdm
wis widely used and provides good convergence
« behavior in many optimization scenarios, including
o deep learning tasks. In the context of training the car
o detector. both Adam and Sgdm can yield satisfactory
results. However, the choice between the two depends
«on factors such as dataset characteristics, model
woomplexity, and convergence specd. It s
wrecommended to experiment  with  different
s optimizers and evaluate therr performance on your
= specific task to determine the most suitable option.
w» While Adam 15 often preferred due to s adaptive
« learning rate and robustness to different datascts. it

. B . e may not always outperform Sgdm in every scenario.
®_"Ths choice of optimizcr docs have ﬂnclm:ll'?fﬂ n:: iz Therefore, it is essential to conduct experiments and
and different

o: compare the performance of both optimizers in terms

3
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: of metrics such as accuracy, convergence speed, and = theoretical principles and reasons for utilizing data
: generalization capabilitics on your car detection task. = augmentation in car detection. For increased training

: This empirical evaluation will provide wvaluable
msights into which optimizer 1s better suited for data
: specific application. For convergence speed Adam
« optimizer, which combines the benefits of adaptive
» learning rates and momentum, ofien converges faster
¢ than traditional Sgdm. It tends to handle sparse
s gradients and noisy data better, making it a popular
v choice for deep learming tasks. This can be
:: advantageous when training the car detector model,
«: as faster convergence means fewer training iterations
wto reach a satisfactory performance level. For
hyperparameter sensitivity Adam{Wang ctal. (2022))
:+ has additional hyperparameters compared to Sgdm.
«such as the leaming rate and adaptive moment
. cstimation  paramcters.  While these additional
.+ parameters can ease the tuning process, they also
- intreduce sensitvity to hyperparameter choices. Fine-
o tuning Adam's hyperparameters may be required to
2 achieve oprimal performance. On the other hand,
2 8gdm  has fewer hyperparameters, making it
21 somewhat less sensitive to their values. The last s
# batch size Adam can be more suitable for larger batch
= s1zes due to its adaptive leaming rate propertics, while
» Sgdm may require carcful tuning of lcaming raic

= schedules to ensure stable convergence. In the case of

= traming the car detector model, you may need to

= consider the available computational resources and &

% determine an appropriate batch size accordingly. It's
1 important to note that the performance of optimizers
wcan depend on the specific  datasct, network
u architecture.  hyperparameter settings, and other
 factors.

3 In this study, the performance of the Car Detector
u model was evaluated using both Sgdm and Adam
3 optimizers. The decision to include both optimizers
1 was driven by the desire to explore and compare their
s cffects on the traiming process and detection
# performance. Therefore, the optimizer used in the
4 final implementation of the Car Detector mode] was
4 Adam, as it outperformed the alternative optimizer in
41 terms of the evaluation metrics mentioned earlier.
4 This choice was decmed more suitable for the specific
45 car detection task and dataser.”

424 Data Augmentation

& In object detection, data sugmentation can be
4 used to increase the number of iImages with objects in
4 different positions and onecntations. This can help
= models learn to detect objects in a wider variety of

« contexts. Data augmentation is a crucial technigue in

= training deep lcarning models for car detection,
s including YOLOv4-Tiny. It invelves applyving
« various transformations to the training dataset to
= increase 1ts  diversity and improve the model's
= gpeneralization capabilitics. The following are the

s data with data augmentation allows us to generate
wadditional  trmmng  samples by  applymng
w transformations to  the cxisting datasct. By
w sugmenting the data, we effectively increase the size
s of the training set. which helps prevent overfitting and
w improves the model's ability to gencralize to unscen
s data. One thing for augmentation of the training data
w can increase variability. A wide range of vanations
wr can occur in real-world car detection scenarios. This
« includes wvariations in object size, aspect ratio,
w position, and appearance. By exposing the model to
» these variations during training, it learns to recognize
n and handle them effectively, improving its detection
» performance n diverse situations.

s Data augmentation helps improve the model's
« generalization, robustness, and ability to handle
rs different variations in real-world scenarios. For car
wdcicction models need te improve mbustness
mincluding changes in lighting conditions. object
# onentations, and scales. By applving data
. augmentation  techniques. such as color jitter
@ gugmentation in HSV space, random horizontal flips,
o and random scaling. Therefore, varability in the
« training data. This helps the model learn to recognize
cars under different conditions, making it more robust
« and adaptable to car detection scenanos.

Drata auzmentation with the techniques mentioned
« (color Jitter augmentation in HSV space. random
& honzontal flip, and random scaling by 10 percent) 1s
@ commonly used in computer vision tasks, including
w object detection. Each technique serves a specific
« purpose In mmproving the model’s performance and
« gencralization ability. The First onc in  this
« experiment we used Color Jitter Augmentation in
» HSV Space. Color jitter sugmentation mims (o
# introduce vanations in color and improve the model's
» robusiness to changes in lighting condinons. By
= applying the augmentation in the HSV color space, In
s this experiment that modify the hue, saturation, and
« value components individually. The second one is
« Random Horizontal Flip. Random horizontal flipping
w0 is a common augmentation technique that helps the
womodel learn 1o detect objects from  different
we viewpoints and orientations. By randomly flipping
wa the input images, can increase the variability of the
14 training data without changing the object's class label.
1 This augmentation helps the model become invariant
e to horizontal mimering or changes in the object's
wr position within the image. The last technigue used
wa random scaling by 10 percent. The random scaling
e introduces vanations in the scale or sizc of objects
vo within the input images. By randomly scaling the
11 images by a certain percentage, such az 10 percent in
1z this case. In this paper simulate different distances
1 from the camera or changes in object sizes. This
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augmentation helps the model handle objects at
: different scales and improves its ability to detect
1 objects of various sizes in real-world scenarios.

+25 Deep Convolutional Neural Networks(CNNs)
Deep Convolutional Neural Networks (CNNs) are
:a type of artificial ncural network designed
» specifically for analyzing visual data such as images.
: They are composcd of multiple layers, including
. convolutional layers, pooling layers, and fully
connected layers. CNNs excel at extracting features
. from input data through convolutional operations,
= enabling them to capture spatial relationships and
+ hicrarchical representations within images. Deep
«« CNNs have revolutionized computer vision tasks by
«+ achicving statc-of-the-art performance in various
« applications, including image classification. object
«+ deteetion, and image scgmentation.

= 2.6 Anchor Baxes

Anchor boxes. also known as prior boxes, are a
o concept used in object detection algorithms,
- particularly in two-stage detectors like Faster R-CNN
= and SSD (Single Shot MultiBox Detector). Object
21 detection involves identifying and localizing multiple
2 objects within an image. Anchor boxcs are predefined

= bounding boxes of different scales and aspect ratios -

«« that are placed at various positions across the image.

= During the training process, these anchor boxes act as
u reference templates. and the model predicts the

= offscts from these anchor boxes to accurately localize

» objccts. By using anchor boxcs, the model can handle
. objects of different sizes and aspect ratios efficiently.

= 2.7 Bounding Box
A bounding box is a rectangular box that is used
« to define the spatial extent of an object within an

w

. image or video frame. In the context of "bounding

« box for tiny car detection." it refers to the process of
: detecting and preciscly localizing small or tiny car
« objects within an image or video. A bounding box is
« typically represented by its coordinates. such as the x
« and y coordinatcs of the top-left comer of the box and
4 its width and height. By enclosing the detected tiny
« car within a bounding box. the system can accurately
4 locate and identify these objects for further analysis
4 Or processing.

+ 3 Results and Discussion

# This paper proposed a decp lcarning basc on
% YOLOv4-Tiny model for car detection video from
« dronc. The comparison results of average precision
« shown different cvaluation metrics were used in
= different conditions of optimizer technique scparate
< into Adam and Sgdm with same condition followed
«: by this table

3

n

« Table 2 condition hyperparameters used in this
s experiment

Inputsize [416 416 3]

ClassNames {*vehicle'}

ModecIName ‘yolov4-tiny”

MiniBatchSize 16

MaxEpochs 100

| InitialLcarnRatc 0.0001

o
% The YOLOv4-Tiny model was trained using
% MATLAB dcep lcaming framework. The training

w process consisted of several steps. First, the dataset of

u low-resolution videos from drones. containing car

« images, was prepared. The dataset was annotated with

« bounding box labels indicating the location of cars in

wecach frame. The YOLOv4-Tiny model was then

o initialized with pre-trained weights, cither from

« ImageNet or pre-trained on a large-scale dataset. This

« initialization helps the model lcarn gencric features

« and spceds up convergence.

% During the training process. the model was
« optimized using cither SGDM or ADAM optimizer,
: as mentioned carlicr. The hyperparameters such as
: lcarning rate, mini-batch size, and number of cpochs

were set to specific valucs. It is worth noting that

s these  hyperparameters  were  carcfully  sclected

- through experimentation and fine-tuning to achicve
optimal performance.

= And scparate the training data into datasct normal and
~data sets with augmentation techniques. For data
= augmentation used the following techniques

@ 1. Color jitter augmentation in HSV space

= 2. Random horizontal flip

3. Random scaling by 10 percent

« The results can compare in the table below

, Tablc 3 Comparison results of YOLOv4-Tiny
& algorithm. The values are given in terms of average
= precision

Avemage precision

Optimizer Dataset  Dataset with
Normal Augmentation
SGDM 0.7855 08116
ADAM  0.7920 0.8735

=
w In this table can be described the following
« optimizer techniques and data for used in training.
= The important point 1s the performance of optimizers
wcan depend on the specific dataset, network
« architecture, hyperparameter settings, and other
» factors. While Adam has shown promising
« performance in many scenarios.
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In terms of dataset companson with augmentation
: techniques discuss the theoretical reasons behind
selecting the first one Color jitter augmentation in
«HSV (Hue. Saturation, Valuc) space is chosen
« because it provides a way to introduce controlled
« variations in color attributes while maintaining the
semantic content of the images. By applying
: adjustments to the hue, saturation. and value
» components, the augmentation technique helps
enhance the models ability to gencralize to different
lighting conditions, color variations, and contrast
:levels. The second is the random horizontal flip
: technique helps to increase the diversity of training
+ samples and reduces the model’s bias toward specific
- object orientations. The probability of flipping an
«« image horizontally can be mentioned to mdicate the
likelihood of this augmentation being applied duning
= training. The last technique is random scaling by 10
» pereent which introduces variability in object sizes.
# By randomly scaling the images up or down by a
= factor of 10 percent, the augmentation helps the
2» model learn to detect objects at different scales. The
25 scaling factor can be determined based on the original
s size of the objects in the dataset.
21

»  For the Sgdm Optimizer Technique without data

2 augmentation, the average precision was found to be .,

# 0.7855. On the other hand. for the same conditions
s and with the application of data augmentation
= techniques. including color jitter augmentation in
1 HSV spacc. random horizontal flip, and random
uscaling by 10 percent, the results for the Adam
s optimizer technique yielded the highest average
« precision. with a value of 0.8735 but take a long time
1 for training detector to 17 hours with 4400 Iteration

»

= Figure 2 Trainiﬁ-g YOLOv4-Tiny with Adam

% optimizer with data augmentation

s And test the model with the test image. the results
« of car detection using YOLOv4-Tiny with different
« optimizers and data augmentation techniques are
« evaluated in terms of average precision

« Figure 3 Run the detector YOLOv4-Tiny with Adam
« optimizer with data augmentation on a test image

«  Average Precision measures the accuracy of object
« detection by calculating the arca under the precision-
wrecall curve. It considers both precision (the
« percentage of correctly detected objects among the
=« predicted ones) and recall (the percentage of correctly
=1 detected objects among all the ground truth objects).
= AP is often reported at different intersections over
<« union (loU) thresholds. Average precision provides a
<« comprchensive asscssment of the car detector's
- performance. A higher average precision indicates
«« better detection performance. with values typically
< ranging from O to 1.

as shown in the figure below

. __ Average Precision = 08738 ¥ "
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= Figure 4 Evaluate Objcct Detector using Average
« Precision Metric

This picturc shows the average precision of
« training data with augmentation techniques with
« Adam optimizer. The calculated average precision for
« the car detector in my rescarch is 0.8735, which is a
- comprchensive  measure  that  considers both
w precisions  that the ability to make correct
o classifications and recall that the ability to detect all
« relevant objects. Our study makes scveral significant
« contributions to the field of car detection from low-
« resolution drone videos using the YOLOv4-Tiny
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» model. Firstly, we compared the performance of two - effectively navigate the optimization landscape and
: optimizer techniques, Adam and SGDM, in training -« converge faster. Data augmentation techniques used
: the model. While previous studics have explored - in object detection have many techniques some
« thesc optimizers in vanous domains, their application « commonly used data augmentation techniques for
- specifically in the context of tiny car detection has « object detection such as image flipping, random
«been limited. By conducting a comprehensive « cropping, color distortion and brightness adjustments,
» comparison. we provide insights into the impact of & and noisc injection can do in the future to improve
¢ optimizer choice on the model's performance, helping e results in rescarch. Overall. our work contributes to
«rescarchers  and  practitioners make informed « the cxisting literature by offering a comparative
w decisions. s analysis of optimizer techniques. exploring the
w effectivencss of data augmentation for tiny car

4 Conclusions « detection. and cvaluating the performance of the
In this study. the comparison of optimizer » YOLOv4-Tiny modelin the context of low-resolution

i1 techniques revealed that Adam outperformed Sgdm = drone videos. We believe that these findings will pave

wwith a slightly higher average precision for car
i+ detection under the specified conditions. In summary,
«« data augmentation techniques in car detection using

n the way for future advancements in car detection
walgorithms and provide valuable guidance for
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