NIANTITBUAHAUL 135, TN 46 aTuil 2 wwieu - dquieu 2566 153

nMsduunaIanyuAuusTuUaRsuliselasldinalianisiteuiildndnse
AMNFUAT

MG wegssal uaz Rl Asulsiauna”
anUuddiniaLUIMIAEns a.1asne wwiIrasdu wauengd ngamne 10240

" Corresponding Author: thitirat@as.nida.ac.th
! ihAnwisedudadinding  pavaddUsvend
299915 AalzadiUsseng

o 1

dayaunniiy  UNAAED

v
Aav Ao

NTelifigpusrasiiieaisinuunisSeuiiddndmiuldduunvnany

(% =

VIFUAUUTTUUBARNETYINAMANEVRIFUAMIEmATAGIT 9 BNYILE

Juiemanson : 18 wwieu 2565 . o s e
Wiguiigulsgdvinmuasmiuuuianan lnenaaesidsandeyagunm

U94352UVUBABNITY Shopee d1uau 38 MUy 34 106,309 5U Fadugy
duennldeuatuasiinnududeugduliemsinieideyaaingunn

wily : 15 wawaey 2566
POV : 19 NeuAIAYL 2566
DOI : 10.14456/kmuttrd.2023.10

PNAADIIFILUUNINUA 6 AU kagly Loss Function Nkansnany 2 wuu

Aty : n3iBugiddn / WUl flu EfficientNetB5 iufuuuiipigailefiatsanaine Accuracy
nsTuunUIEIANYeIgUNIwW / PNVAVBIFIRUY warannaidlunssuunnin Tnefien Accuracy wile
M uunANTesudl / vaeuiugndeyannaey 84% A Accuracy Wlennasuiuyndeyanaaoy
dnoulse Wiadin 929% Waatlunisduun 0.068 Tniiregy warlvuinvesiiluy

W 141.9 MB Wethuuuiinailunaaeulszansanlunissuunain
WiguiiguiuLeUNaLATU Shopee WUIIFLUY EfficientNetB5 @313
Fuunldusiugannndds 31.5% wadlaFeudisusunissuunaming
fnsaunsveaasiiuan 4 sefnuiudfuuuresiifeasiinnuwiug
Hounddndiun1smaass 7.16% usaunsoduunussinvueaninlais,
NIENTINNTNAGeY el 25.5 i
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This research aimed to create a deep learning model to classify
categories of products that are being sold on an e-commerce platform
by analyzing images of the products. Different techniques were
comparatively assessed and their efficiencies were compared to arrive
at the best model. The public image dataset of the Shopee e-commerce
system, consisting of 38 product categories, with a total of 106,309
images, was used. As these images belong to actual product images in
the Shopee e-commerce system, they are highly complex in terms of
computer vision and image analytics. Six models were tested along
with 2 different loss functions. The results revealed that EfficientNetB5
was the best modelin terms of accuracy, considering the size of the
model and the time used in classifying the images; the accuracy on
the test set was noted to be 84% while the value was 92% on the
additional test set. The inference time used was 0.068 seconds per
image with the model size of 141.9 MB. When the model was tested
for the task of image classification in comparison with the actual Shopee
application, the EfficientNetB5 model was 31.5% more accurate. When
compared to four human participants, although our model was 7.16%

less accurate, the model was 25.5 times faster in classifying each image.
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1. umin

Sraudisudumsnaunauiueanaluladumeosidn
warmsuaniAbutioneAudiigidnuansadeneaud,
Teynimnnaniuueunaieduvierivled naindneadife
fiaudldenuanuans Sniadtoaunsnisuidioy
sinudie Idie ilrtagiumstouneiudi
ruszuUBRendiseldsunnufeanntu anseanune
msdrmayarmidyddidnnsedndussmelne U 2562
[1] mzludsemnelng Tu we. 2561 gnadneudised
War1gelia 3,767,045.45 duun warlu w2562 3
gamlﬁuﬁwﬂu 4,027,277.83 d1uum visoAndudns
nsiule 6.91%

aoumsainsunsseuinvedlsalainlg udade
iy lasenileiimldnsfereriussuudneundsuls
Suaufisunniuilan 91ns1e9uves The Future
Shopper report [2] nuindlaiieutaanaiunfisugaed
finsundszuinvetsalein 19 ludsamelne nstoue
dudihussuudaeudifeuasssuueeuladlutiediiing
unsszuinedlselaia1o fmnaiulngsduads 11%
wazilandsmmmaiulngsduiade 6% uenaniing
dsadanuin 92% vesffuslnawmlnefineunuuaounu
wiinsdeduiuussuuBeouiseuazszuuonilatide
lundsdugnnisszuinveslsnlaia 19

sheshsmaiivlnfigeeshesieilowegsiodaeudise
dawalsiauiinnaneegluszuudnesdiseiuTmnasnn
wagfiussnBnitsanunainvatsuesaudigs lnslams
lusguudpauiissiuy C2C (Consumer-to-Consumer)
3] Aduguuuugsiafiglinuansnsouanivdsudens
AuAiuesly W Lazada, Shopee, AliExpress Tun1s
finsdmmnavvdoutauenUssamuesaudligndes
fofunguaddydmiugsiedaeuifafiazagaing
Uszaunsalfialiiugldanu grelldoauannsadum
waziinfsdudiifeanisaInduddnunuusE Uy
Sroudsaldeggniouazsinga (4]

U990u mansasuuazuilunianvyvesdusdnmay
wnfignasngluusias fuliigniestiuassilagnineu
vosuiTndaeudisy SelsauAudunniuibeiodld
Srunuminnuiinnulunisessaeuuasdaninamy]
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audlrigniiestsdmaliuitmineudfudduyuanniy
vhlitagtuuismdnendsuuainidelsiGudnylunis
Tdwailann3iTeusitedn (Deep learmning) Ui duun
vanemyjvesduuuusaluiiileifisyssansawluns
TUUNVNANYUALFIBAATUU WU Shopee, Taobao
wag Cdiscount ognslsiauusydnSnmauusiugves
FIuUU Deep learning Tiihulddsnadudewimenes
UTEvdRoudseviaty 9 wAlAuWIZNITIILUALNA
nyAUA19INFUNN (Image Classification) dlosnly
pnuduaisdoyagunnduiuuszuudroudserau
Dasilaymiluvang i Wy d31uiunuiavjvesdum
fireudnaun amaumludsiaeviIavyAoutiliay
vanane Sundsiidudou Sunuguamluuazmn
nyldwindy Aanmvesn AU U RN
Hudu

YagUunailn Deep learning lasunseeusuuay
QﬂﬁmﬂﬁﬁaEJ'Nﬂ‘?’mmmmmeTTuImaLawwﬂmmﬁ'ﬁm%ﬂ
fluasuiame$IviAY (Computer vision) Lagn5ILATIZI
U8Ya91NA M (Image Analytics) dieldlumugunns
ai’%mmﬂazmma&gﬂmw (Image classification) Falgr
gninudszendldivaunazgsianainualeUssian
Tnglusuideiagnaionimaasauaznisadiafanuy
Deep learning Wuusi149 Tun1sduunvsInvvesdue
Lmué’miuﬂamﬂgﬂﬂTwﬁué’waw%qﬁgﬂﬁmuuuswu
Srouidisy iloiUiauifisudseavdanuaziauLuud
fUszavsnmuazUsyavinanian

2. m‘mumumu%ﬁ'aﬁﬁm%’aa
IfﬂEJ%T,Um'if\i’wLLuﬂwmwzﬂ'maa%uﬁwmmmi%’
Jayalunisdnuunlanaieds wu n1sIkunaee
UTTYIUVDIEUAINIDUYBY Partalas wag Balikas [5]
Frauonssmundae3s Text classification weilusu
3%’85@3%’&1%1@@5\1La‘wwmﬂﬁﬂmﬁwmwgﬁuﬁﬁ
mﬂmwwhifu Oyewole way Olugbara [6] lolaus
WA WUNMLIAMYAUA1INAN (Image classification)
pemalia Traditional machine learning lagld Eigen
Color wannlun1svin Feature extraction SauAUMY
UU Support vector machine (SVM) wag Multilayer
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Perceptron (MLP) - Artificial neural network (ANN)
Fal¥tUszanBamagail Accuracy 87.20% fedainnves
mAfvilfeliupdoyasuauidnlungitamiumdadu
duvisedisaus naAeNINYi Feature extraction 1ag
14 Eigen Color fugunmaudniifiuvdsiideudramann
nawe1vdNaliskuuiUsEAnsamanasld Jagdu
mAfedlngiiintostunisiuunmnamveanin
(Image classification) 3inagldinAia Transfer Learning
Uuﬁﬁugﬂwad Convolutional neural network (CNN) i
H1UNNSY Pre-training UugUToya ImageNet Gy
A unileveen13utady ImageNet Large Scale Visual
Recognition Challenge [7] iy VGG19 [8] ResNet
[9] EfficientNet [10] iflosanniskifauuy Transfer
Learning 18analkagninensiunis Training agla
Taefisnuan Kumar uagani (7] livaaessiwunann
nyvesduAangUAmuuszuudneuliselagliiuuy
Transfer learning 3 fuuuiitaSouifieuusyansam
Fausznaulusie VGG19, Inception V3 way ResNet50
WU VGG19 Tﬁmaﬁl,l,aius]"]ﬁqcﬂ Accuracy 88% 34
AdefunuAteves Li waranse [11] Aldfuu Trans-
fer learning VGG19 waz Inception V3 Tunsnaass
FINUNMIANYVDIFUAINFUNMUUTTUUB AR SY
Fanauszavsnmwesdesiuuuoonulndifisstiuil
Accuracy 80% wonaniideiianiseves Herdian waz
Aoz [4] Tldnnaeddiiuuu Transfer learing 8n 5 &7
wuUU lakA MobileNetV1, MoblieNetV2, NASNetMobile,
NASNetLarge tLae DensNet121 FaNNANINARDINY
71 NASNetLarge HUsganSamlunisduunviiavyves
awAuldRTand Accuracy 84%
mAtemanunueiuiilunmdunmeassuay
Wiguieuusgansamlunisiuundumainguamuu
SEUUDADULIISIUDIFILUU Transfer learning WUUAN 9
uigndanaesiaanunufionslifoyasunmaudnitls
Fudaulasiamenmitundsdnsnnandudum aunm
Y933UAUAABUTINA warinn1snaaeuamzAuATlY
MmmmgLﬂ%aLLrﬂ'amsJLLazLﬂ%anmﬁ’ULmﬁfu Faumnong
MneAdeiiTldtoyazunmaudain Shopee fifinu
Fudounasamumannvangresnw Siudsiivarnuae
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FsenmardsnareyUszandamuesiinuulunisdiuun
mnevyfinglanzgUiitidndinvesiiundsrouinees
[12] ArunwesgUn AU U miAuA AT 5019
danalsiiuUssAvsamuosiauuudeuiu [13) Snvid
vanamyvesdumivanvanslslsuavsnavyiadouss
neuaziA3esUsEAU 19U 19aLeanesed wiininouly
vifonad s vanumdn vun Judu

3. F/Auliun153dy

3.1 NMI9WTIUNUALIATEUTRYA

Tunsideiiazutstoyanonidu 2 9 ldun 1) daya
flddmiunsasasuuuielidmsumsduunvanemy
oAU Sefinnuvanvanevesgunwluusiaz ey
Awazenvasunw uag 2) Soyaillidmsunsunaey
Sfuseundiadu Shopee iaw3ouiiaudszansnm
stheduuuildanauiseiluazueundinduy Shopee

3.1.1 Yoyailddmunsaidluna
Tiunmaudnfidunmimndeyaassnzes

U39 Shopee Fadunilsluimdevesnisutadushopee
Code League 2020 Data Science (www.kaggle.com/c/
shopee-product-detection-open/data) f1UARLIN
sjvesdudlunisuunioan 35 nuamy lasdreds
S1unumnemganuvasiiunuesieya Shopee Code
League 2020 Fwsznoulufesuiumnanyiadiu
flavan 42 wnavy winnnisdisadeyaidosuiive
wuiiinsnanfiteyaddamlsimnglunsthantd
W UasnavyiigUTiAad1Lausnn Vvl
adefunnlaeianzmnevyiiidesiudedndmde
bidesdinisdnuargusmuvanany vililieenyn
Hu 35 vanemyfdwmiulflunuised

wonantl fAsedeihnsfudutoyanimaudly
mnavynIunenLeUndiaty Shopee 8n 3 vanany
s 38 mnany esnyadeyaiduain Shopee
Code League 2020 LLﬁﬂ%a;gagimewmwgmnLmaaﬂ
By 2 mnam 16uA mansgouaznansguds dald
donARDITUNTHUIMINANYUY WeUndiAdy Shopee Uy
Insétwyidlefiofiinslinuasedaudamnanyvesnians
AMUSELA U MansBud anee7 kagnansdy
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linmsmageulUSeuiisuussansansenitedauuuly
nuidsTiuazuoundindu Shopee anashlden AIELA]
findmluiheduiiseiadenuummnanyvesniainsesn
O 3 vanang Toun nansdud nanavigniuagnians
Viduunuitag dumnamimanadreuasniansguds

usidlouasnavgmansesnuidu 3 mnavudd
Wadgymindiudeyaluusazmnamyivdedesain
warldisanesenisihlldenu fAdedsdndudomnyn
foyagunmuesduiiiiuiiuanieundindy Shopee
yhlsuiiauiisuiugunmaudiame 106,309 3
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Tnefidouvsgadeyanmaesendu 3 yaeisnis
du ihbildyadeyadmuiinasuduuy (Training set)
U 75,307 5U viseUszana 70% vestoyayagunm
Ty gndoyadmiulssdu (Validation set) $1uau
16,140 3U vidousan 15% vosdayayagUa i
wazyadoyadmiunadeu (Test set) 91uau 14,892 5U
vi3eUszIn 15% vosdayagagUammiiavmn 3U7 1 s
3 waneiiag1eagunmaNAluLAZILIAL kAL IIUI
vosgunnluwsiazyadeya

JUT 1 nmdegvesgunmdumaindeyaaisnsaeuas Shopee
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JUN 3 nemiuansduugunmAumluidar vy (N5 2)

MNFUT 2 wa 3 aziiudnTideyaurmnanfidiu
foyaiiuTinursuinatiosnimunemydy 9 (imbalanced
data) Frenvdwarenuuiuglunisadisauuy e
L.L.ﬁ{]zymﬁ;:ﬁ%’a?j«,ﬁuﬂﬁﬁw Data Augmentation ¢¢
s Preprocessing ImageDataGenerator Tulauss
Keras (AMWuAAIn1913L#93 zoom range = 0.5-1.3,
rotation range = 45, width shift = 0.5, height shift =
0.5, brightness range = 0.7-1.5, horizontal flip = true,

vertical flip = true, shear range = 0.5) dviuyatoya
dm3uBous (Training set) iteifindwaugunmliudas
yanavyliEsuauneafu Sniansvi Data Augmen-
tation Sevhlyigunminnunannvansanntugelii
wuvanunsntlUlgnuasdlan (Generalization) wazan
Haymnisin Overfitting InaileiaSadunszuiunis Data
Augmentation wiaaglFduruguniniiavan 38 vanevy
$2RAUIILI 128,736 U wuagndeyanmareeendu
3 9B saudsUsEneulUie yndeyadmuiinasy
AuuudIuIn 92,682 5U yateyadmiuuseidiudiuiu
21,246 3U uagyadayadmiunaaeudiuiu 14,892 3U
3.1.2 Yoyailddmiunsaidluna
ﬁ;ﬂsﬁagamaamﬁmﬁu (Additional test set)
vineds gadeyazunimdiuau 1,900 U leeuvaniy

v
A YA w

50 3U do 1 vy YadoyaillitesiusingIan
Sumesin TnaidonuanzgUunmauiilsifusng
agluneundindu Shopee nUsrasAvesynvayanadou
Wafudfoieliviinsmagouussansamidayiey
iy spwrhanuudiaesiifideRanndutuiine shum
musunmveaLeUnilAty Shopee La3

3.2 Msenaauuazn1sasIefiwuy

mu%’aﬁ%ﬁ’;LLmesL%'sJuﬁL%dﬁﬂ awn VGG19,
ResNet50, ResNet152, EfficientNetBO, EfficientNetB5
uaz EfficientNetB7 lngviamunfouuusiansmssousife
anussLan Convolutional Neural Network ﬁﬂﬂ?]ﬂaau
(pre-train) faeyntdeyanin ImageNet mummmmaiu
MaEBNFAILUL VGG uay ResNet Liasandfauuiis 2
IssummidlengauasliseavBnmitiluniidosss oy
LaN1Z91UAU Image classification fiaognamu Tuaung
MUNVLIAVLEUAIINFUVBIKUMar kazAn [7] 534
fla Li wagaue [7] Ainsld@uuy VGG wag ResNet Tu
398 ludwveamsnalunisidendauuy EfficientNet
il iosndusuuurnadniilissansangs uas
Tgiuunisfiwestey lnedned91nuideves Tan
uaz Le [10] WazaInMsUNINIsuNssuitAeItos
WedsldnuimAdedunsiuunviavydudian
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SUAlILUY EfficientNet
luAdeilfisoarldinadaloudeanud (Transfer
learning) Fadunsilassigvesianuuiiinunisi
Pre-training 141 ndndiuiiiun1svih Classification
(fully connected layer) 993.AneonLANlATIATI
T luifisuny TaglunisBeusfinduduuuaylid
nsBouiitousuatminvemnsiimesludiuves

A5V Feature Extraction Wiy wsvgilnelufuuuiiie
USuawesamsdmesianzdiuiidu Classification
(fully connected layer) ﬁgﬂLﬁ@JLﬁi’IﬂlﬂluIﬂinﬁiﬂﬁsuaa
@fmmuwhﬁué’mamiugﬂﬁ 4 Wilduvesnsouduns
fadudusoimesositedusznauludediudy
GlobalAveragePooling2D, Fully connected layers,
Dropout wag Output layers #13a16U

\

daullagliifinnsBeufineuSudrumtinvaswisafitnasinaniu

J

Y

Input

Feature Extraction

Classification

Fully connected layers

A
i 1

. - v o Y .
anvasiusanualtinlassaeluaidnluunu

5UN 4 nsldmadia Transfer leaming

£
va o

Tuaideiifideneaeddd Loss function 2 wuu
Taun Categorical cross entropy Wag Focal loss [14]
WioilSauisulssansnmszainatu tnedefives Focal
loss Tuaun1sl 1 Aeanunsaiesiindszansnnlii
suuulunsaiidwiuvesdeyaluusdasmnanyliauga
U (Imbalanced dataset) uenanEUIseves Zhao
wazany [15] §ananiliin Focal loss awsadaeiiiu
Usgansamlisuuulunsdifishedagndoyaiiany
Fudounarduunlaen Ty Focal loss axaaelsn
wurisarwaulaluiideyafisuunldomnntuazan
anuddnesteyaiiduuuiuunligniawheaiiu
ﬁ’uhqqaa“mé’aaq

FL(py) = —a;(1 —p.)" log(p,) (1)

o pr Ao Aenutazdu (Probability) w84
ground truth class wisatduArAusiulavean1siuneg

HAGWS way o, Ao Autnfiidesesimundmiy
MUANIEBY Imbalanced dataset Ingvidluazgnimua
ﬁhagjﬁ 0.25 gy ¥ Ao ﬁﬂﬁﬁ%ﬁsﬁmﬁ’mumwﬂﬁm
loss ntesfiedadiadieutumemusilavesnisyine
Haaws (Probability 489 ground truth class) Tneshly
ggnivuaALYiniy 2

Tnesuuuuiazifinaassasiisruumsfines
$1989mum5e 1 wariinsivuavune Batch size
= 32 YUIAYBY Input Image = (300,300) 14 Optimizer
Ao Adam fvun Learning rate @WSUAILUU VGG19,
ResNet50 uaz ResNet152 7ifn 0.001 uaz dmsusauuy
EfficientNet ifin 0.0001 lngyniuuuazgninasusu
w3nsilo Python Le$4u 3.7 Ul Google colab pro+ 14
GPU Tesla V100-SXM2-16GB wagld Library TensorFlow
Keras 119594 2.7.0
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P 5'1‘1&'3‘111/!’15'@!&165‘ i‘hmqusqﬁma%ﬁlﬁauj’: ai"lmuwwi'lﬁmai‘ﬁhi‘lﬁﬁauif

NIANA (Trainable parameters) | (Non-trainable parameters)
VGG19 20,428,134 403,750 20,024,384
ResNet50 24,777,894 1,190,182 23,587,712
ResNet152 59,561,126 1,190,182 58,370,944
EfficientNetB0 6,027,209 1,977,638 4,049,571
EfficientNetB5 31,277,597 2,764,070 28,513,527
EfficientNetB7 67,386,045 3,288,358 28,513,527

nM15197 1 Swumsimesvesarinuudy
$rnunduuuilfuiuy Transfer leaming deaz
vJunsldimaiia Fixed Feature extractor (Head) vl
wisfmesludniiiiu Feature extractor vosluusiaz
é’hLLUU"L@JQﬂlﬁi’fﬁ’mLLashjiamagﬂuminﬁ 1
3.3 MsEndoulazn1sad1eALuUY
3.3.1 Accuracy, Precision, Recall wag
F1-Score
Tuauidetosusyiiunavossnuuudieia
Safianunsaruials 4 an lgun Accuracy, Precision,
Recall uaz F1-Score daisnseunnmansluaunsd
2 &1 5 ogslsRnalunudseiesldnisiaan Accuracy
JundniioTnuszans nnlaesiuvesusasinuy uas
\UN13MA15001AN Recall vosusiaevuInmy Lﬁa@mm
wiugwazUszansanlunissuunidusenuanngy

TP+TN
Accuracy=———
y TP+TN+FP+FN (2)
Precision = (3)
TP+FP
TP
Recall = —— (4)
TP+FN
2xPrecision*Recall
F1lscore=————— (5)
Precision+Recall

dle TP (True Positive) fie S1usuvesdeyadiiu
wanifaaiansan udwuuuungnindumian
nyNMEINITIN

FP (False Positive) Ais S1uruvestoyaitlilivan
yyiihdsfiansan uiduuuduunindunnaniiigs
Wa1san

TN (True Negative) Ao S1uruvesdoyaillailgnang
yyfirdsiansan udiuuuduungrinlilivanam
Masiansan

FN (False Negative) fio $1uruwastoyaiidumin
wyfidsfiansan widuuudwundildlnuanngd
Masiansan

Accuracy A NMTIRANUNABILIUEITDIRILUY
TngfiansansauynvuInmy

Precision fia Nyinaugnaaswiug1vasiuuuly
usiazsnamy lnginduudeyaiignduunindumna
myfifdainsanuazgnieaieuiusudeyarisun
ﬁQﬂf\i’lLL‘Nﬂ’jWLﬂuuu’;(ﬂﬁyjﬁﬁ’lﬁdﬁmimﬂﬁﬁgﬂLLazaﬂ

Recall fin MsinAugndosuiugrvasiuuuly
usiagmnavy lagdadnuudeyafignduunindumiin
smfirndefinnsnuasgnipailoutusuaudoyaioun
YoINIAVLfGIianTan

F1-Score fia MyinAnugndosusiug1vasiuuuly
wiiazyiavy 1neA1IAINAT Precision Way Recall
Usznaunu

3.3.2 MsUsziiunataUnalAty Shopee
WiaSeuiiisunadwsiudauuy

TumAdsiiuenanasdinmsussdiusuuuany
mUSeuifguiuleadds ideduhnismaaauningnees
wiugvasfuUUTsULBURULUNALATU Shopee 8n
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e InenmsUssiunaaslinuandfnishumaudiie
sULLLBUNALATY Shopee LitenTaasULaUNdIATY
Shopee @135 MUNNNINYYVOEUAINFUNMLAR
iedla InersdamdnnislunisUssifiumamunuidotes
NsUsEuUsEanEa N sAuMMmEgUAMUL Google
94 Bitirim wazAe [16] ﬁﬁ’]gﬂmw?ﬁuﬁw 25 yanavy
dm3u 2,500 U wvadumnavag 100 3U wmedey
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4. NaN1INAaY

4.1 HaN1sNARRILaTUTEANSANYRAILUY

et 2 Tuamsrmduu EfficientNet 1 3
suuulvian Accuracy Tunsnaaeuiuyndeyanadey
uazyateyavAreULANANIWILUY VGG19, ResNet50
way ResNet152 agnaiuladn Inasiuuu VGG19, Res-
Net50 tag ResNet152 §iA1 Accuracy lunisnageuriu
yndeyannaey agil 69% 1 77% wagen Accuracy Tu
mMannasURuYAteyanaaeufiALeg 76% fe 82%
Tuwaigiifuuu EfficientNet s1a 3 ghuuuiien Accuracy
Tumsvaaeuifugndeyannasuogi 80% fa 84% uaz
A1 Accuracy lunsveaeuiuyndeyaneaeuiiisiuedi
89% 14 92% 9LV EfficientNetB5 (Fl4 Loss func-
tion s 2 wuv) ufuuuiduszaninmlunissuun
FtanvesiAteil Taeflen Accuracy 84% ilonazeu

@ v

fugadeyanaaeuLay Accuracy 92% Levnaaauiuyn

Toyanaae Uil 1Ayau150nTI9d0UA1 Accuracy
wag Loss seninamsingeusiluunigun 6

HI3unudnnisld Focal loss Aelvidn Accuracy
YDIAWLUU VGG19, ResNet50 way ResNet152 a‘%’mﬁﬂ
teewdlawfiouiunsld Categorical Cross entropy usl
dmFusfauuy EfficientNet 11 3 §auuu Focal loss ndu
laitevilvien Accuracy wesauuuAtuias Tasgide
apindumsedauuy EffidentNet 1 3 fuuudou
tafiuszansamiidegudn TngluFesszavinmeny
nandisuuulilunssuunmnemsio 1 am fuuy
ResNet50 aglfinantioniigade 0.044 Fuiide 1 nm
LazEesULAUasHILUY (MB) MUy EfficientNetBO i
YueLEnTigade 38.7 MB

iiliftunuIeusnessninausiaziuudians
fnsmaaslazanansaiinsfndenuuudiansd
wanzauldfty fideihdeyannmd 2 nadadu
uunlugud 7 uas 8 fuszneulusedeya 3 unu fio
(1) uAl X ABAT Accuracy AMULIUEIVDILARZAILUY
vugndeyanaaey (2) unu Y Asafiusaziuulily
mMsduunguam 15U nbeddnd) uag (3) wun
YDIMUUUUNUAILYUIAYDINNAL
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M157197 2 Yseansam nannldlunisdwun wasvwinvesinuunvinismaaes nadefigninidulavanetisenis

Vigalunduitu 9

yadoyausniu Accuracy 1 A: Sl naadLianITSLUN »

AU (validation set) R R ;!ﬂ:las‘l,awﬂﬂau A VUIAAUU |

* (Te“st et LWULAN Additional Gunid) (MB)
Accuracy 1| Loss | Test set)

VGG19 80% 0.81 2% 80% 0.052 81.1
VGG19 (FL) 82% 0.11 75% 82% 0.052 81.1
ResNet50 83% 0.65 69% 76% 0.044 104.1
ResNet50 (FL) 85% 0.09 2% 7% 0.044 104.1
ResNet152 84% 0.60 75% 81% 0.06 237.8
ResNet152 (FL) 85% 0.08 7% 81% 0.06 2378
EfficientNetBO 85% 0.54 80% 90% 0.056 38.7
EfficientNetBO (FL) 85% 0.09 80% 89% 0.056 38.7
EfficientNetB5 86% 0.52 84% 92% 0.068 141.9
EfficientNetB5 (FL) 86% 0.09 84% 92% 0.068 141.9
EfficientNetB7 86% 0.52 84% 91% 0.08 284.3
EfficientNetB7 (FL) 86% 0.08 83% 90% 0.08 284.3

(FL) = Focal loss
nadensun 1 am et lelinsmnaeuiugadoyannaou (Test set) 14,862 3U 1u1a 300x300 Pixel 1 GPU Tesla V100-5XM2-16GB

f | =

u /

- \l | o N

VGG19 Focal loss: Accuracy VGG19 Focal loss: Loss

wl \

- b

. ;
ResNet50: Accuracy ResNet50: Loss ResNet50 Focal loss: Loss
- i K s

o \
.
o Rz

EfficientNetB0: Loss

= ol

oss |

T T % E % 5 % % %

EfficientNetB5: Accuracy

EfficientNetB5: Loss

o |
T3 % E % 5 % % &

EfficientNetBS5 Focal loss: Accuracy

EfficientNetB5 Focal loss: Loss

EfficientNetB7: Accuracy

EfficientNetB7: Loss

EfficientNetB7 Focal loss: Accuracy

EfficientNetB7 Focal loss: Loss

3UN1 6 A1 Accuracy ag Loss Tunsilinaeuvedusdagiinuy
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JUN 7 unugilidSeuiisuduuulunisnaaesiild Loss function wuu Categorical Cross
Entropy lngi3guiiisuseninadsednsamanuuiugruuyadeyanageu (Wnwsa) nanildly
MFIMUNNRNIEIUIT (WAUUDU) HAZVUIAVBIRILUY (VUIAVDINNAL)
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= M MB
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Time

JUT 8 unugiliSeuiisuduuulunisnaaesiild Focal loss InalSeuiieusenitasyavsnm
Anuwiug vy deyanadey (unumd) afldlunisiiuunaimmieIung (unuuew) uag
YWIAVITIMUY (VWIAVDINNAL)
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NJUT 7 uae 8 FuUu EfficientNetB5 Fauuud
14 Categorical Cross Entropy Waz Focal loss Aputng
mnganiazthllfoneiailefinsanaindiiana 3 i
Usenaufiu euuu EfficientNetB5 ffn Accuracy 7
nnaBUUYATeyaNAaBUYINAU 84% Az AInadouiy
yadoyanaaouiisininty 92% Jaduiiuniige
vosnfuuuluamAded lufuresmuaiuuy fuu
EfficientNetB5 Slvunafidnninduuu EfficientNets7
ua ResNet152 uagluasvaanailunsduun fuuy
EfficientNetB5 THtaalunsdiuun 0.068 Juniidesu de
Youninduuy EfficientNetB? fldnan 0.08 Funiisio
sU egslsmuimnlinuddylubeswesuunndi
wuudumdn e19azidenfinnsandauuu EfficientNetB0
dosnmuuuiifvueiidnian (38.7 MB) usiagléien
Accuracy Liles 80% ilennaeuriugadoyanaaoutay
90% \flennaouiuyndoyanaaeuiiidy Jefdudy
AARNINFAULUY VGG19, ResNet50 Uag ResNet152
uenaniluFeswesnan fuuy EfficientNetBo AlY
VatuNIIUNFUTENIIMUL EfficientNetB5 wae
EfficientNetB7

UBNAINAITNAITUIAT Accuracy LAUSINVDIGD
WUULY {39891N159915007A7 Precision, Recall
uaz F1-Score Usznauifisifuuanslunsnad 3 s
Tun5199z10uen Precision, Recall wag F1-Score lng
wdvvesnunanyluusasiuuy uenanddduans
vaeslunseil 4 suananavyiusasiuuuduun
I#lirosusiugviodien Recall lunnanyiue tosniy
60% 91nA51971 4 9z fuuulung EfficientNet
Tofuafifininfauuy VGG19, ResNet50 uay ResNet152
pgaiuladn 1ieanFaluy VGG19, ResNet50 way
ResNet152 fnnavyilduunldlsiusiug wiodlen Recall
Tfounin 60% gl 7 fla 9 Mnemy NSIUIIAVY
Havinn 38 varavs] luvauedisauuulungy EfficientNet
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fvsnevyfidwunliliuiugwdor Recall fosndi
60% oglifies 0 fa 3 Aty Tnslamedauuy
EfficientNetB5 finpasuiuyndoyanaaouiiufiuugy
laifivananylafien Recall fovin 60% Lae

§r98amnnamsnnaedlunsed 4 fregravmay
fisuuutinagliannsaduunliusiug Wy

« navy Alcohol gel LipsanTidnwauzdusi
InalAesiunuInny Skincare wagn nduAumaInny
Alcohol gel dinnamarnvanegevinlyinanisduunean
ulsiried usdusidauuy EfficientNetB5 wag Efficient-
NetB7 AfszAvsnmgendsastiapmlunissuunam
Audnluvsnangil

« AN Mobile wag Mobile case 1 2 viam
vyjfidnwaizgunmaudilndifsatumn sihlsisuuy
$uun 2 nanyesnaniuldisin Tauduanngy
wuudnazduunmInvy Mobile case Indunuanny
Mobile vilvisauuudmlngduunvuiang Mobile
case laldAngusiugh udusfuuy EfficientNetB5 way
EfficientNetB7 Alaianansnduunyananyildusiug,
Wudgnfiunsalveasany Alcohol gel

« vianamy Jeans Muvudilngjdngduunming
g Jeans (Manadud) Indumnng Trousers (NN
11em) iesnitsaoamsnavimundetunn lay
ldnunrgUnseiiunsananaviiouduunneing
desmeaisuasiiofoanans shlvFuuvaIn
azuunlalidssuiugy uilamasnanazlinulusi
WU EfficientNetB5 wa EfficientNetB7 Ssfauuuiia 2
fhannsadansiudamvisedesiiaiile

- wunny Coffee Hunuiavyjresduiuszinm
wiAnMuNAUABsiiussfamifivanvany dnvaeves
suamAsutsliAUaINvaTeviiNan133wuNeen
1nlimAeed wilgmasnanazldwulusauuy Efficient-
NetB5 way EfficientNetB7
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M13199 3 ALade Precision, Recall kag F1-Score Yasusazswuy MeilanTaiduldvinefiernd Nanlunedin
WU 9 (AnBegaden)

Zadayanagoy (Test set) Additional test set)
AU . a4 Anady .4 Anadse Anady s
ALaag Precision Aaag F1-Score ALRaY F1-Score
Recall Precision Recall
VGG19 74% 72% 71% 82% 80% 80%
VGG19 (FL) 78% 75% 74% 85% 82% 82%
ResNet50 73% 69% 69% 79% 76% 5%
ResNet50 (FL) 75% 2% 71% 81% T7% 7%
ResNet152 76% 75% 74% 83% 81% 81%
ResNet152 (FL) 78% 78% 76% 83% 81% 81%
EfficientNetBO 83% 80% 80% 91% 90% 90%
EfficientNetBO (FL) 82% 80% 80% 90% 89% 89%
EfficientNetB5 84% 84% 84% 93% 92% 92%
EfficientNetB5 (FL) 84% 84% 83% 92% 91% 91%
EfficientNetB7 84% 84% 84% 92% 91% 91%
EfficientNetB7 (FL) 84% 84% 83% 92% 91% 91%
a A v | ' )
M13790 4 ‘VIlI'JGWTH‘VIlIﬂ’] Recall 4ayn11 60% ‘?JE]\TIULLG]&SG]’JLLUU
. FAoNANAFDL yadoyanagauiania
MUY 2 4
Categorical crossentropy Focal loss Categorical crossentropy Focal loss
Coffee
Glove Coffee Alcohol gel
Jacket Handbag Jacket Alcohol gel
Mobils i
VGG19 obile case Mobile case Mobile case Jeans
Skincare Ring
Skincare Shorts
Snack
Snack Short
Sports equipment orts
Jeans
Jeans
Alcohol gel Covid protection equipment Alcohol gel
Covid protection equipment
Covid protection equipment Belt, Handbag Handb
Alcohol gel anabag
Belt, Jacket §
ResNot50 elt, Jacke Jacket s Jacket
esNe i ;
Mobile case Mobile case chort Mobile, Mobile case
Skincare, Snack Skincare orts Skincare, Snack
Sports equipment Snack Sports equipment
Jeans Jeans Jeans, Short
Covid protection equipment| Covid protection equipment, Alcohol gel ' ALCOh_OL gel-
Handbag Handbag Covid protection equipment Covid protection equipment
. ) Mobil Handbag
ResNet152 Mobile case Mobile case obile case Mobile
Skincare Skincare Skincare Mobile case
Snack Snack Jeans Skincare
Jeans Jeans Shorts Shorts
Coffee Coffee Coffee Vobil
- obile case
EfficientNetB0 Mobile case Mobile case Mobile case )
eans
Jeans Jeans Jeans
- Coffee
EfficientNetB5 - Alcohol gel Mobile case
Mobile case
EfficientNetB7 Mobile Alcohol gel Alcohol gel Mobile case
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4.2 Han1sNAaRIUIHULNBUUSZANEANTZRING
fanuunutaUnaLAdu Shopee

IdudkuL EfficientNetB5 Focal loss Fadu
fuuuiifivszavsnmluntssuunifianvesuided
(flnsananen Accuracy mudtldagulusiaden 4.1) uas
T wnumnenyiifuuuduunliusiuduiios 1 v
Miji’]‘ljdu (Mun15197 6) Whnsnedeusosen lay
zUSeuLigulsEandnnanuuugnuloUnaLaduy

Shopee Zaduneunaindufifinmslinuaidutiagiu
ainsmadevazilstoyasondu Cut-off point 2
wuu fe 1) uusteyaeeniiu Cut-off point 71 12 54,
24 34, 37 3U uay 50 3U luwsiagvanany 2) uiadeya
vonidiu Cut-off point 7 25% wesguiiavmn, 50% 109
gﬂﬁﬂwmm, 75% maqgﬂﬁwm ez 100% maqgﬁﬁgﬂ‘wm
Tuusiazyanamny Jdldnansmagoununised 5 uas 6

A15°99 5 Han1IMn@aUAT Recall 30911591 UNTZWINFILUU EfficientNetBS5 Focal loss tag wounaiadu Shopee
Tneudstoyananidu Cut-off point 71 12 §U, 24 3V, 37 U uaz 50 3U luudazvaangy

PR Cut-off point 12 Cut-off point 24 Cut-off point 37 Cut-off point 50
o (2RI T] Shopee (2RI T] Shopee [ZRI0] Shopee [ 1B0] Shopee
Air conditioner 100.00% 83.33% 100.00% 87.50% 97.30% 81.08% 98.00% 80.00%
Alcohol gel 83.33% 66.67% 75.00% 75.00% 75.68% 72.97% 76.00% 74.00%
Covid protection equipment 91.67% 66.67% 91.67% 75.00% 91.89% 75.68% 94.00% 80.00%
Baby bottle 100.00% | 100.00% | 100.00% 95.83% 100.00% 91.89% 100.00% 94.00%
Bathroom accessories 91.67% 66.67% 95.83% 75.00% 94.59% 78.38% 98.00% 82.00%
Belt 100.00% 83.33% 100.00% 79.17% 97.30% 70.27% 98.00% 72.00%
Ba 100.00% 91.67% 100.00% 95.83% 100.00% 91.89% 100.00% 94.00%
Canvas shoes 91.67% 100.00% 87.50% 100.00% 86.49% 97.30% 90.00% 94.00%
Chair 100.00% | 100.00% | 100.00% 100.00% 100.00% 97.30% 100.00% 96.00%
Coffee 75.00% 83.33% 75.00% 62.50% 67.57% 59.46% 74.00% 60.00%
Dishware 100.00% 91.67% 100.00% 79.17% 100.00% 72.97% 98.00% 74.00%
Earphones 91.67% 91.67% 95.83% 91.67% 91.89% 94.59% 94.00% 96.00%
Earring 100.00% 66.67% 100.00% 79.17% 100.00% 78.38% 98.00% 78.00%
Flash drive 91.67% 91.67% 95.83% 87.50% 91.89% 81.08% 90.00% 82.00%
Glove 83.33% 91.67% 87.50% 95.83% 91.89% 91.89% 86.00% 92.00%
Handbag 91.67% 100.00% 91.67% 95.83% 94.59% 97.30% 94.00% 98.00%
Hat 83.33% 100.00% 91.67% 100.00% 94.59% 100.00% 94.00% 100.00%
Helmet 100.00% | 100.00% | 100.00% 95.83% 100.00% 91.89% 100.00% 92.00%
Home accessories 100.00% 75.00% 95.83% 66.67% 97.30% 56.76% 98.00% 52.00%
Home clock 100.00% | 100.00% | 100.00% 95.83% 100.00% 97.30% 100.00% 94.00%
Islamic clothing 100.00% 75.00% 100.00% 66.67% 94.59% 75.68% 94.00% 76.00%
Jacket 100.00% | 100.00% | 100.00% 100.00% 94.59% 100.00% 96.00% 100.00%
Mobile 75.00% 66.67% 83.33% 58.33% 86.49% 56.76% 84.00% 52.00%
Mobile case 25.00% 100.00% 33.33% 95.83% 32.43% 97.30% 32.00% 98.00%
Notebook 100.00% | 100.00% 95.83% 95.83% 94.59% 97.30% 96.00% 98.00%
perfume 58.33% 66.67% 70.83% 79.17% 72.97% 81.08% 78.00% 80.00%
Rice cooker 100.00% 91.67% 100.00% 95.83% 97.30% 97.30% 98.00% 98.00%
Ring 91.67% 83.33% 87.50% 87.50% 86.49% 91.89% 88.00% 94.00%
Skincare 91.67% 91.67% 79.17% 87.50% 70.27% 81.08% 72.00% 80.00%
Shack 66.67% 58.33% 62.50% 62.50% 64.86% 70.27% 68.00% 70.00%
Sports equipment 100.00% 41.67% 100.00% 62.50% 97.30% 62.16% 94.00% 64.00%
Toshirt 91.67% 100.00% 95.83% 100.00% 97.30% 100.00% 98.00% 100.00%
Toy car 100.00% | 100.00% | 100.00% 100.00% 100.00% 97.30% 100.00% 98.00%
Watch 100.00% 91.67% 100.00 95.83% 97.30% 97.30% 98.00% 98.00%
Women shoes 100.00% | 100.00% | 100.00% 100.00% 100.00% | 100.00% | 100.00% 100.00%
Jeans 100.00% 91.67% 100.00% 95.83% 100.00% 97.30% 100.00% 98.00%
Trousers 100.00% 91.67% 100.00% 95.83% 100.00% 97.30% 100.00% 98.00%
Shorts 100.00% | 100.00% | 100.00% 100.00% 100.00% 97.30% 100.00% 96.00%
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A5 6 HAN1TNAADUAT Recall T09N1TIUNTZIINFIMUU EfficientNetB5 Focal loss tag wounaatu Shopee
Tnen1svedeuwuuwlstoyasanidu Cut-off point i 25% wesguvisnun, 50% VaIgUTaviun, 75% voeguvienun

waw100% veaguviavun Tuusazviamy

. Cut-off point 25% Cut-off point 50% Cut-off point 75% Cut-off point 100%
naany AU Shopee AU Shopee Model Shopee AU Shopee
Air conditioner 100.00% 83.33% 95.83% 83.33% 97.30% 81.08% 98.00% 80.00%
Alcohol gel 75.00% 91.67% 75.00% 75.00% 72.97% 72.97% 76.00% 74.00%
Covid protection equipment 100.00% 83.33% 100.00% 79.17% 91.89% 75.68% 94.00% 80.00%
Baby bottle 100.00% 91.67% 100.00% 87.50% 100.00% 91.89% 100.00% 94.00%
Bathroom accessories 100.00% 91.67% 100.00% 87.50% 100.00% 81.08% 98.00% 82.00%
Belt 91.67% 66.67% 100.00% 66.67% 97.30% 70.27% 98.00% 72.00%
Bag 100.00% 91.67% 100.00% 87.50% 100.00% 94.59% 100.00% 94.00%
Canvas shoes 91.67% 91.67% 95.83% 91.67% 89.19% 94.59% 90.00% 94.00%
Chair 100.00% 100.00% 100.00% 100.00% 100.00% 97.30% 100.00% 96.00%
Coffee 75.00% 58.33% 7917% 50.00% 70.27% 48.65% 74.00% 60.00%
Dishware 91.67% 75.00% 100.00% 83.33% 70.27% 75.68% 98.00% 74.00%
Earphones 83.33% 100.00% 91.67% 95.83% 94.59% 97.30% 94.00% 96.00%
Earring 100.00% 83.33% 95.83% 83.33% 97.30% 81.08% 98.00% 78.00%
Flash drive 83.33% 83.33% 91.67% 75.00% 94.59% 78.38% 90.00% 82.00%
Glove 83.33% 91.67% 79.17% 87.50% 91.89% 97.30% 86.00% 92.00%
Handbag 100.00% 91.67% 95.83% 95.83% 94.59% 97.30% 94.00% 98.00%
Hat 83.33% 100.00% 91.67% 100.00% 91.89% 100.00% 94.00% 100.00%
Helmet 100.00% 91.67% 100.00% 95.83% 100.00% 89.19% 100.00% 92.00%
Home accessories 91.67% 75.00% 100.00% 54.17% 97.30% 45.95% 98.00% 52.00%
Home clock 100.00% 100.00% 100.00% 91.67% 100.00% 94.59% 100.00% 94.00%
Islamic clothing 100.00% 58.33% 95.83% 70.83% 94.59% 78.38% 94.00% 76.00%
Jacket 100.00% 100.00% 100.00% 100.00% 97.30% 100.00% 96.00% 100.00%
Mobile 91.67% 50.00% 75.00% 37.50% 81.08% 48.65% 84.00% 52.00%
Mobile case 33.33% 100.00% 25.00% 95.83% 27.03% 97.30% 32.00% 98.00%
Notebook 100.00% 100.00% 95.83% 100.00% 94.59% 97.30% 96.00% 98.00%
Perfume 66.67% 75.00% 70.83% 70.83% 75.68% 81.08% 78.00% 80.00%
Rice cooker 95.83% 100.00% 95.83% 95.83% 97.30% 97.30% 98.00% 98.00%
Ring 66.67% 83.33% 95.83% 95.83% 89.19% 94.59% 88.00% 94.00%
Skincare 66.67% 100.00% 75.00% 79.17% 70.27% 83.78% 72.00% 80.00%
Snack 100.00% 75.00% 62.50% 66.67% 70.27% 67.57% 68.00% 70.00%
Sports equipment 100.00% 58.33% 91.67% 62.50% 94.59% 56.76% 94.00% 64.00%
T-shirt 100.00% 100.00% 100.00% 100.00% 97.30% 100.00% 98.00% 100.00%
Toy car 100.00% 100.00% 100.00% 95.83% 100.00% 97.30% 100.00% 98.00%
Watch 100.00% 100.00% 95.83% 95.83% 100.00% 97.30% 98.00% 98.00%
Women shoes 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%
Jeans 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 98.00%
Trousers 100.00% 100.00% 100.00% 100.00% 100.00% 97.30% 100.00% 98.00%
Shorts 100.00% 91.67% 100.00% 95.83% 100.00% 97.30% 100.00% 96.00%
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Air conditioner
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Earring
Flash drive
Home accessories
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Mobile
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