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Abstract

This research aims to develop a face recognition system from pre-trained models and
compare the accuracy of models in the face recognition application. The system is used to
identify people entering the system. The system operates on an image or person entering the
system. The system detects the face of a person and creates frames around the face before
sending it to face recognition. The accuracy of the system depends on the model, which should
be trained with large datasets to achieve good performance for our dataset and face recognition
system of this research. The models used in this research are three pre-training models: VGG16,
MobileNet, ResNet50. The results from the evaluation are compared to select the best model
that is suitable for the dataset and face recognition system. This research uses 2,923 images of
106 people from two datasets: 2,292 images of 57 people from the Labelled Faces in the Wild
(LFW) dataset and 631 images of Computer Science 49 students. The dataset is divided as a
training set of 2,045 images and as a test set of 878 images. The best recognition result obtained

from the experiment achieves with 95% in accuracy.
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21 aﬂﬁﬂ%ﬂuitﬁmﬁ% Face Recognition

sruuNsituntvse seuunisandtluni (Facial Recognition System) ABTgUUNTATIANN
lunmihvesywduaznisuSunmlunihdnluli® nsevazusngiuuulumingnasiaduuasinia & uay
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1394 (Machine perception)

2.2 93AAUZNYIU Face Detection
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Histogram of Oriented Gradients (HOG) I%Lﬁamaiﬁufmq computer vision kag image
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firmnsveu Sasilsifdoyafiuiugnfsiuiumisvesouiites sanssfiuazudsnmesnifunmges
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HOG agld Support Vector Machine (SVM) Wufduun nadnsvessanaiviunlanenisnsiadulumiin
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Unified Cascaded Convolutional Neural Networks (CNN) Qﬂi‘ﬁlﬁamaﬁlﬁ'u%ﬂﬁ’lLLazmﬁm
uw Taen1s§eusuuy multi-task leaming ai3snd1 MTCNN Framework Usgnaugasantunau: du
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(447 - http://cuir.car.chula.ac.th/bitstream/123456789/60143/1/5970375021.pdf, 2020)

Stage 3
| O-Net

2.3 83AAMUSIRYIRU Face Alignment [3]
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(417 : http://cuir.car.chula.ac.th/bitstream/123456789/60143/1/5970375021.pdf, 2020)

U7 3 : 11395233V 68 FAUAUANISA

(77 : http.//cuir.car.chula.ac.th/bitstream/123456789/60143/1/5970375021.pdf, 2020)
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néAgymluming i Tugulund | wae p Aeduiuvesgadunaluiiegneilae 68 daandluzu1o v S
(t) wnunsUszanaAtdagiuvesnmeasiunt S uiazdu regressor rt (,.), T cascade viuenI3

Uuugannmesanamuag St) dwggniiadhluludssananisgusielagdu S @

r+1) i) )
s s vra,s"y
regressor rt Yilin1sAInn1saivesiuTueg fuaman TR LA YBINNEANIATLIMNAIN

A | waznsIavidsiduiusiunisuseanagusedagdu S (1)


http://cuir.car.chula.ac.th/bitstream/123456789/60143/1/5970375021.pdf
http://cuir.car.chula.ac.th/bitstream/123456789/60143/1/5970375021.pdf

anuvynevasnssasuisluntluseUndindulanuiinauaiwnannnsiuasunlasuunn
Aruaing lauensaeunsvhamuiteudlatgminarillaeld CNNs wuuTmnguuuusedeslnenseus
LUUaNIY TetausUsneusisanutuneu Tuusnliasaminesiudondiuetnsiniga CNN Usenis
fapsuiassuuilaildluniilunising gavineld CNN ileuduusdmadnsuazdseandumisgadans

Tunih

2.4 aqﬁmwiﬁmﬁu Convolutional Neural Network (CNN) [4]

Convolutional Neural Networks (CNN) %38 lassneussamuuuneulagiu ilulassiy
Usvaiitesogamislunga bio - inspired Tnefl CNN agdhassnisussiuvosmyudiinenduiufises
7 uazthnguuesiiuises 1 wnaufu ilegindsiiuondiuegtuduorls B9 CNN durzadretuiy
TasstreUszamund uswaduszanmues CNN avdsduanandiseiu Svazdsznaudie A
(Weight) Lag Bias flavansnsaiilunisinudeld uiaziwaduszanmazlssuduna (nput) luns
fufiunns lunssuunduws (nput) Mduguamitassavesiulfanlassaimeaatinenssuves
sunm Mntuagldilsidulunsawiaioandaunsiiweslulasstie s CNN axfissfuduvessad
UszanmJulid liud ennundis mwge wavdesd @adeninanudnlulassedszamidion

Tneund drduduiilélunisadns NN asdsenaudeandnenssy 3 Ussuan 1éun Convolution

layer, Pooling layer &g Fully-connected layer

2.4.1 29AAMUSAEINY Convolutional Layer

Convolutional Layer (funaulagiu) lusnuusisuvaslasaneuuy CNN Afen1svauues
Convolutional Layer figunauitonduvemadnsdadanin Feature Map femsihitufidiugos
5UNM (Sub-region) lufuInwuu dot product fiutmasuea (Kemel) Ing Kernel fnfuanazfos
fadnningunin Tnsgausyasuastu Convolutional Aen1s Training Aautfnes Object Tu
U w91fiinesesiu Convolutional Ussnaudeyauesiansasd Training wldainlawesiuuas
ugaBunm (input) Ty TasRtawmestueaasiiu vou, vy, avuaudn dusu Tasagld output fo
Kernel Tun1suszananagunin Tidam | Aenmeaesdiil uag Kemel fis K lngagmuinuuiltuves

sUnman *K lagnisdeuriuiinges (Kemel) Aidnuuurasnin anaugrelvin(s] auaeu
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ofofr|{t|ofofOot_[1]ofL 1/3[3[1]1
olt|1]{ofofo]o 3[31]1]0
1|1]ofo|o]o]o

I K I+xK

U 4 : gUuaneiaeeng Convolution Tun155udume (Input) vasgunIw uas Aamas (i
: https.//anhvnn.wordpress.com/2018/02/01/deep-learning-computer-vision-ana-

convolutional-neural-networks/, 2020)

2.4.2 AAMUZNYINU Pooling Layer

Pooling Layer \Jutuiidouain Convolution Layer lneittwsnefevirlivuinves Feature
Map anad lun1sAwnaunsaldanign (Min Pooling) figdan (Max Pooling) Has3al (Sum Pooling)
uarARAe (Average Pooling) lunsAuans Feature Map azgnuuiseniduvdonvuinnig o Famnld

3 Max Pooling Tunisfuan adilanfeaiasgn (Max Value) vatusiasuiion

<l L1124
| with 2x2 filt
5 |®] 7 andsuide2 |68
@] 2 RS 3 [b4
1 | 2 St
y

3‘1/177' 5: g§U A pooling of the input image with a 2x2 filters and stride of 2
( a7 : https://anhvnn.wordpress.com/2018/02/01/deep-learning-computer-vision-and-

convolutional-neural-networks/, 2020)

2.4.3 aaﬁmmj’ﬁmﬁ'u Fully-connected Layer

Qe

Fully-Connected Layer @® Hidden Layer uag Output Layer vodlasaungUssanviion faiu
Fully-Connected Layer 3sviwihiilunisiseus (Training) wagn1sdnuunuszinvvesing laguaans

TeARDIUIUYDY Class NADINITIILUN


https://anhvnn.wordpress.com/2018/02/01/deep-learning-computer-vision-and-convolutional-neural-networks/
https://anhvnn.wordpress.com/2018/02/01/deep-learning-computer-vision-and-convolutional-neural-networks/
https://anhvnn.wordpress.com/2018/02/01/deep-learning-computer-vision-and-convolutional-neural-networks/
https://anhvnn.wordpress.com/2018/02/01/deep-learning-computer-vision-and-convolutional-neural-networks/

24.4 aeﬁmmitﬁmﬁu Hyperameter

Hyperameter Ao MLUssuAUADUNIZINNHNUTLlLAE TassUneUssaineuaIuIsal

lawasnsfimesiavaesi F9Usynauniy optimizer’s hyperparameters 141 learning rate, decay

rates, step size Way batch size 52189 model’s hyperparameters L% 91UIUYDUALDS, TIUIUVDY

unit keagd, dropout rate Way activation function (ReLu, Sigmoid, Tanh)

2.5

Haar cascade classifiers Detection [6]

[ a

Haar cascade classifiers {w3Smsnaduingifiussavsamiauelag
Paul Viola wag Michael Jones Tuan1Adevaan 1neanunsatinunlgausuiunIsnsIadu

Tuntile Tudusiu danesiiudesnissunminuintumsiindiwun classifier 13 positive

=< v = Qs

images (nulunil) waz negative images (Mwiliiluni) FazdeshsnaaniRvesiusnin

q

19 Tnaduaginilounu convolutional kermnel usiay Features @ single value 7ilAannn1sau

[

(subtracting) NasinveIRNTANElFFMABNETIINAINNAaTIMTDIRNAN U lAIRRENEM A

U
J (a) Edge Features
ﬂ: (b) Lane Features

(¢) Four-rectangle features

31/177' 6 : yUsi0819qaiaTUAYaY Haar cascade classifier
(07 : https.//opencv-python-
tutroals.readthedocs.io/en/latest/py tutorials/py objdetect/py face detection/py face
_detection.html, 2020)


https://opencv-python-tutroals.readthedocs.io/en/latest/py_tutorials/py_objdetect/py_face_detection/py_face_detection.html
https://opencv-python-tutroals.readthedocs.io/en/latest/py_tutorials/py_objdetect/py_face_detection/py_face_detection.html
https://opencv-python-tutroals.readthedocs.io/en/latest/py_tutorials/py_objdetect/py_face_detection/py_face_detection.html
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TaglumsAnuusazauastfindndudesiumeaasiuvesfinwanelddimasndvn
wazds aslumsuidamiaeiiluinasdenia ViolaJones method dedanesiiuiilsiauetiu
:ﬁmiﬂﬂLaua’iﬁﬂmmugﬂmwﬁ 3un31” Integral Image” staelinisruaas feature vilél
sndtunarldfinausuUssdanesfunadouilnediiugiuan AdaBoost Fudenonans
critical features 73 classifiers ﬁﬁﬂizﬁwﬁmwgﬂqm uenanildisldesurefanissiu classifiers
WU cascade Betelviauiiy ndsweanmgnufiaslfifuasidunisdaniluiivinadd
é’ﬂwmzﬂé’wi’mqﬁaﬂamﬂﬁu sdnMsfiugIL838ane3fiuves Viola-Jones Aan1sainu sub-
window Lﬁamsawﬂwﬁwmﬂgﬂmwﬁuwm MsUszanananmuuulvazldnisuusnanin
yuansetunateqvunn uazldfingadu (Detecton Aflvunasitduming uazléiingg
a1 uunUsELAMIUY cascaded (Cascaded classifier) aiile sub-window gndausziam
o afloluwih (non-face) avgnuiasviud uslumsnssiudau & sub-window tiu gnauun
Ju femailulumin (maybe-face) azgnassialud Classifier sadialumudndiv uaznalaid

Sadl91uruTy 994 Classifier 1nnwinla Ton1an sub-window aztduluntinazdaiiunnu

Image
subregion

iy Not Face \

Face

Not Face
e, (@
Not Face

Not Face

=

-

JUN 7 : sUA08194879n15%197U Classifier cascade

(77 : http.//www.mns-smartpro.com/blog/, 2020)

2.6 9AAUZINYIU FaceNet

FaceNet 1Hunilsly Embedding Learning Framework #l4lun15¥11 Face Recognition Inadl
ALAUABN13AT1 Embedding Features a1nnwlunii Ivieglugu Euclidean space wavanunsald

Distance @0AMUNUIEVDILUNTN LA LASRTI[7]


http://www.mns-smartpro.com/blog/%E0%B8%A3%E0%B8%B0%E0%B8%9A%E0%B8%9A%E0%B8%A7%E0%B8%B4%E0%B9%80%E0%B8%84%E0%B8%A3%E0%B8%B2%E0%B8%AB%E0%B8%B0%E0%B9%8C%E0%B9%83%E0%B8%9A%E0%B8%AB%E0%B8%99%E0%B9%89%E0%B8%B2-blog.aspx
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Deep NN — L2 —

Deep NN —L2—

Embeddings in

- n-dimensional space
) . Deep NN —L2—

0MZ-DOM@ZM OZ-CUOM®WEM OZ-0OM®EIM

31/17' 8 : 3UA0819n1591 Face embedding
(7317 : https.//medium.com/datawiz-th/facenet-triplet-loss, 2020)

2.6.1 as‘lﬁﬂ’amilﬁ&l’aﬁu Euclidean space

Tnethluwdlumadu q Avi Face recognition sinaginsu Classification layer ntunihunag
wazld Bottleneck layer iadqmﬁw (nau Output layer) undu Embedding features %@Lﬁﬂ%ﬁ%ﬁﬁ
2 Toudn ¢ A

« Indirectness : 91nMsl4 Bottleneck layer 7in3ainsfuaz Generalize Wigsnouaz
inlUlglun1sa31s Face embeddings funtinlumi ¢ lgf
e Inefficiency : 31Nl Bottleneck layer funfudaazle Embeddings ﬁﬁ‘umﬂiwnuj

(MU Dimensions) ¥ALIa U UNITATWIN

2.6.2 BIAAMUFAEINU Triplet loss

Triplet vanefls MaiAeafungy 3 auveusda 3 Fafvsuondemsmsuluinaves FaceNet oy
NSWUSEUBY Embeddings w89 3 fegensauiulunisAuium loss

Objective 4831391 Triplet loss Ao Embeddings Yaslunihauiaediu aglnaiuuinnii
Tunthuesnudy

FeazUsenauluaie 3 drusall

Anchor : A708199 AU lunSUS s ULIgU
Positive : fraenavasluntmeliu Anchor

Negative : Feg19u9lUNENNRI9AY Anchor
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Before

Negative

/’ ; ‘\
,// v

30 |

Positive

Learning

After

Negative

i/l

Positive

3‘1./17 9: 3Uﬁ’aa£iv\1°z7gumaums Learning A Triplet loss
(7 : https.//medium.com/datawiz-th/facenet -triplet-loss, 2020)
1ne Objective A
« @n Distance $¥%313 Anchor waz Positive ({JuymaaLiieniiv)
« finl Distance 5¥%319 Anchor was Negative ({Hunuazauiiv)

Ingszezn1auL Embeddings space e Loss ¥ae Triplet uazanunsaidawsenulugnslefe
L = maz(d(a,p) — d(a,n) + margin, 0)
i A0 Anchor input, P 18u Positive input, N 11 Negative input, aga1 Margin 5¥%#Ig
d(a, p) waz d(a, n) 85UB418 9 Aiw Optimize aulA d(a, n) - d(a, p) HAWINNIIUTBLUIAY Margin
(loss \Jueud) assdreaunis
e d(a, p)-d(a, n) + margin =< 0
e d(a, n)>=d(a, p) + margin

e d(a, n)-d(a, p) >= margin
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Triplet loss

)
Negative

Y,

Positive

JUI 10 : sUA28819UaR3UNINNI5¥19748N Triplet loss

(1407 : https.//medium.com/datawiz-th/facenettriplet-los, 2020)

2.7 aﬁﬁmmitﬁmﬁ’u Support Vector Machine (SVM)

Funesanwmasuuvdu (Support Vector Machine: SYM)[8] \Uufduuniadu (Linear

Classifier) Wuu 2 Aand daduilgeusuiaUss@nSnmuesmsiuuniuiiodnisnissundu q 4o

'
v aada a

WANgaululs

a [

NAuanuy (Feature Space) @11715037UN

q

lpi3guves SVM Aediuseavianlunsduundeyaniidfdiuiuiinls wenaniinisidianduinesiua
(Kerel Function) iiveuuastayalud 9

9 aa = Y oA a a Y] a P aa fa o A
JoyaninnuaguiAselaegaliuseavEnIn #ann1sves SYM Aen1suidunsanidunsdunlaign
(Maximum Margin) fignunsaudsdoyaseniu 2 aaa dadaegnslunnd 2 Wudeyasuin 2 I laugn
Fmuneanidu 2 aana loun + (O) wazaana — (A) Tngidunsanlduiadeyainnsduwiiu M=2w

g9 1 WumMNUNIs TR INLEURSITUTNNES AN DS [9] Yoetayans 2 Aaa (@ uaz A)

Maximum Margin (M)

Support vector =

U 11 : sU0ei19vasdauuydun SYM vudoyavuin 2 7
(7 : https.://knowledge.snru.ac.th/, 2020)
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2.8 aﬂﬁﬂ’amitﬁ.mﬁ% K-Nearest Neighbors (KNN)

K-Nearest Neighbors LHusanediiu flddmiunisdangudeya (Classification) Fadudaneaii
fleglunguues Supervised learning TnsuuAnuazndnnsiiugiures KNN ffe fiuuaguiagesen K
wéaf I szeing (Distance) vasdayaiifosnisimnsandundudoyafiogna udmintufazdn
Besdiuvesszerinsuasidonfinnsanyadoyaiiindgeiidesnsfinrsanaudiuau k Aldimuali10)
uaziarsandeyadiuiu k ya uazdunsiingu (Class) lnulndgaifiasaidudiuuanniiga dede

vun Class Wifugaifiansan

Training instance

. Class 1
A Class 2

Y .
. New example
to classify

JUI 12 : 3Ud20819¥890 2UUUTMUNClass Y89 KNN

( 19 -https.//medium.com/@kongruksiamza/, 2020)

2.9 93AAUZNYITU Transfer Learning

N15%1 Transfer learning A® msmwa@mmifmn model Firuwsy Deep Learning
LANTIUTDBUN LTI %qﬁaﬂmﬁ%cﬁumimwmﬂ@@%@gaﬁﬁmmﬂmj U imageNet Fauanld
udruniavas model nx[11] Tnensi1 weight 183 model msunuds uld initialize A1 weight
99 model T51azyimsmsulysl sihlsuszndanalunisvsu model converge waganusaFeuian
foyaiildinld Wesuiunisiidesmsudiousisu

Flglaens freeze dau body was model wialdlifinssmanan weight wazinsuanzasu
head \fiaUsu weight druiliou eswnidudiuiiisn random initialize Tuanlm
MEINTUYNg unfreeze sia model titadan weight waufuste model Tnafmusly leaming
rate o1 9 d1¥U DCNN layer Ay 9 1809970 pattern ‘ﬁugm Hueglsfilifesusuunn wazimun

learning rate g4 9 dw¥u DCNN layer &n 9 uagdiu head ¥8s model
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Train
i I 1
Frozen - R
| : — 0.05 class_2
0.05 class_3

0.05 class 4

0.05 class 5

Downstream task i.e. classification

$UM 13 : 3UnmA20819n1591 Transfer learning

( i : https.//medium.com/datawiz-th-¢oogle-image,2021)

2.10 aqﬁm'}uﬁlﬁmﬁu Pre-train Model

v

= Ao au = 1 o ° % A ay v a
Aolumaiiniduaudu q lmsulumamegunmduaunnuue welildlusanlimseus

Hwesvesguninuaziiu Weight wag Bias 1uan unbildlvanunldinulaie 9 ludewnmsuewisiun

#136n11 Transfer Learning
2.10.1 29ARUZINYINU VGG16

VGG Wulpssingleussamuuutu 16 Ingliduiaiees maxpool uay softmax Tunewiing Suds
SnI1 VGG16 aninenssududaiisyinausmesiuuy aufnluudoudou iuduniuaie ANN 9
I RHIRLERRGHAIY

2.10.2 aaﬁmwitﬁlmﬁ'u MobileNet

MobileNet fia Tuavuaan Aviauleiss Latency i Tdndsnulunisussananaliiunn gn
ONLUVLAMSUIUNLNSNEINTINAA MobileNet aunsaldaulane Classification, Detection,
I3

Embedding Waz Segmentation wdlsufulunaiidundeudu 9 1wy ResNet, Inception, U-Net

2.10.3 83AAWHABITU ResNet50

ResNet-50 tJulassneUszamifisuniinanuan 50 4u awnsaluan pretrained vadip3evne

nsnsuluinnnimisiuninaingiudeua ImageNet wisdngiimmualiarmiaunsaduungunin


https://www.bualabs.com/archives/3285/teach-tensorflow-js-build-multi-class-classification-machine-learning-iris-classifier-tabular-data-neural-network-2-dense-layers-tfjs-ep-2/
https://www.bualabs.com/archives/3453/what-is-object-detection-tutorial-tensorflow-js-build-object-detection-machine-learning-coco-ssd-tfjs-ep-8/
https://www.bualabs.com/archives/996/visualization-embedding-deep-learning-model-deep-neural-networks-tensorboard-ep-2/
https://www.bualabs.com/archives/2856/ai-diagnose-pneumothorax-read-chest-x-ray-radiograph-image-collapsed-lung-radiologist-triage-patient-classification-segment-medical-image-segmentation-ep-2/
https://www.bualabs.com/archives/482/resnet34-vs-resnet50-deep-learning-pets-cats-dogs-image-classification-with-fastai-v1-ep-2/
https://www.bualabs.com/archives/835/image-segmentation-semantic-segmentation-camvid-machine-learning-unet-deep-learning-image-segmentation-ep-1/
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sanduninangingld 1,000 Ussiavguwlufian, wnd, Augeuazdniviarsvin DunaliaSotnels
Boufmsuansgadnvaziivanvansdmuamiinannvats edeviedvuinduwnam 224 x 224
dmsuinSetng pretrained 8u 9 Tu MATLAB anunsald classify Lﬁa%’mﬂszmmgﬂmwimﬂmiﬁﬁmma
ResNet-50 vheutumeautasnisdndszinngnmilagld GoogleNet uazunuil GoogleNet fe
ResNet-50 sndiosn1sinsu Neural Network 8nass Tvmuduneuwes Train Deep Learning

Network Liledaussinngunmlinagivan ResNet-50 unt GoogleNet

2.11 TassnuiiAeadas
2.11.1 uIseizeq “Deep Learning Transfer Learning ” by Rattanachot
Phwanwilai”[12]

UWﬂQWNﬁL‘ﬁUﬂ’]ﬂ%LVIﬁﬁﬂ Transfer Learning 1ngld Pre-trained models wasluina
Vegl6 uaz Veg19 Tnglélnsadrswas Convolution Neaural Network fikun1sinsusnudanls
o1 udwhmsusuussluduneugaieludu Fully Connected Bsagvinlisznsanarlunism
FUlULAADY 19N Lﬁa%ﬁwm'ﬁfﬁ’ﬁLmﬂ%'a%laﬂ1‘wmuﬁi’m’gu%y’umaﬁagammﬁléfﬁmum Fanaansa
Taagidu Class

1nedaRv83n151g Transfer Learning using pre-trained models AaUszundataalunns
wisuluea Tnglsisududesligndeyaiifivunlngiieldlumsmsudls wasfanusadszand

v PN a1 S E ang QY
U9YaNMaINaYB1MLIU Image Classification, Face Recognition Wusu

2.11.2 ¢u3dei3eq “ Face Recognition using Transfer Learning on MobileNet ” by
Akashdeep Gupta[13]

unaNildunisly Transfer Learning La@150n13v1191UU94 Transfer Leaning lngldy
pre-trained model Md1un1TmsuLILa? Insluunanutaziisunldluma MobileNet gatiuag
annawasninenslunsiwiuduegiunn
lngvihnsangasausinisnseuyatoyaivenaziiunldlunismsu dayadeyainiunldly
R v P o ° o v & o
nswsuludayaguninvesyars weagldlunisinisaadwasyiniunglunilutuseudall
v ° a ° . = v )
LaYAINYNABIVBILUUTIRDIWEIUNTYIN Transfer Learning asdis 91% lagldhiauasndsanu

TunnsAuilaunn


https://www.mathworks.com/help/deeplearning/ref/seriesnetwork.classify.html
https://www.mathworks.com/help/deeplearning/ug/classify-image-using-googlenet.html
https://www.mathworks.com/help/deeplearning/ug/train-deep-learning-network-to-classify-new-images.html
https://www.mathworks.com/help/deeplearning/ug/train-deep-learning-network-to-classify-new-images.html
https://medium.com/@605162020010/19-07-2562-%E0%B8%AB%E0%B8%A5%E0%B8%B1%E0%B8%87%E0%B8%88%E0%B8%B2%E0%B8%81%E0%B8%97%E0%B8%B5%E0%B9%88%E0%B8%9C%E0%B8%A1%E0%B8%AB%E0%B8%B2%E0%B8%A2%E0%B9%84%E0%B8%9B%E0%B8%99%E0%B8%B2%E0%B8%99%E0%B8%95%E0%B8%B4%E0%B8%94%E0%B8%AD%E0%B8%A2%E0%B8%B9%E0%B9%88%E0%B8%AB%E0%B8%A5%E0%B8%B2%E0%B8%A2%E0%B9%80%E0%B8%A3%E0%B8%B7%E0%B9%88%E0%B8%AD%E0%B8%87%E0%B8%97%E0%B8%B1%E0%B9%89%E0%B8%87%E0%B9%80%E0%B8%A3%E0%B8%B7%E0%B9%88%E0%B8%AD%E0%B8%87%E0%B9%80%E0%B8%A3%E0%B8%B5%E0%B8%A2%E0%B8%99-%E0%B8%9B-%E0%B9%82%E0%B8%97-498452e3fe84
https://medium.com/@605162020010/19-07-2562-%E0%B8%AB%E0%B8%A5%E0%B8%B1%E0%B8%87%E0%B8%88%E0%B8%B2%E0%B8%81%E0%B8%97%E0%B8%B5%E0%B9%88%E0%B8%9C%E0%B8%A1%E0%B8%AB%E0%B8%B2%E0%B8%A2%E0%B9%84%E0%B8%9B%E0%B8%99%E0%B8%B2%E0%B8%99%E0%B8%95%E0%B8%B4%E0%B8%94%E0%B8%AD%E0%B8%A2%E0%B8%B9%E0%B9%88%E0%B8%AB%E0%B8%A5%E0%B8%B2%E0%B8%A2%E0%B9%80%E0%B8%A3%E0%B8%B7%E0%B9%88%E0%B8%AD%E0%B8%87%E0%B8%97%E0%B8%B1%E0%B9%89%E0%B8%87%E0%B9%80%E0%B8%A3%E0%B8%B7%E0%B9%88%E0%B8%AD%E0%B8%87%E0%B9%80%E0%B8%A3%E0%B8%B5%E0%B8%A2%E0%B8%99-%E0%B8%9B-%E0%B9%82%E0%B8%97-498452e3fe84
https://medium.com/analytics-vidhya/face-recognition-using-transfer-learning-on-mobilenet-cf632e25353e
https://medium.com/analytics-vidhya/face-recognition-using-transfer-learning-on-mobilenet-cf632e25353e
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p |

gﬂﬁ' 14 : nmgaeeen1sinuglaeglenas Transfer Learning using MobileNet

model
( 7407 - https.//medium.com/analytics-vidhya/face-recognition-using-transfer-

learning-on-mobilenet-cf632e25353e, 2021)

2.11.3 Top 4 Pre-Trained Models for Image Classification with Python Code by

Purvra Huilgol[14]

v
a

av a

nuAdeilunisnageu pre-trained model TrunismsunILd 4 Susuusniiiy
foudmsunisvi Classification TngagynmsesunenasnadeunIsidauvesusuasluinaiti
WIsuifleutuiionUszavsnimuosusasiung lae pre-trained model fithanSsuifioudissd
VGG16 , ResNet50, InceptionV3 wa EfficientNet Tnayadeyaiithanldfeguatuuazian ui
nsSeuLigulsEanSAMUAZAINYNABIYEN pre-trained model Uiazda Aauanslunm

f9819N 13

Model Year llj;r:rtr,lee:e[:-fs Top-1 Accuracy
VGG-16 2014 138 Million 74.5%
ResNet-50 2015 25 Million 77.15%
Inception V3 2015 24 Million 78.8%
EfficientNetB0 2019 5.3 Million 76.3%
EfficientNetB7 2019 66 Million 84.4%

A15199 1 : 915NNISIUSEUNEUUSEaN5NIWYN Pre-trained models

( 7407 : https.//www.analyticsvidhya.com/blog/2020/08/top-4-pre-trained-models-for-image-

classification-with-python-code/, 2021)


https://medium.com/analytics-vidhya/face-recognition-using-transfer-learning-on-mobilenet-cf632e25353e
https://medium.com/analytics-vidhya/face-recognition-using-transfer-learning-on-mobilenet-cf632e25353e
https://www.analyticsvidhya.com/blog/author/purva91/
https://www.analyticsvidhya.com/blog/2020/08/top-4-pre-trained-models-for-image-classification-with-python-code/
https://www.analyticsvidhya.com/blog/2020/08/top-4-pre-trained-models-for-image-classification-with-python-code/
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2.11.4 973981599 “Evaluating OpenFace: an open-source automatic facial

comparison algorithm for forensics [15]

(%

flunsevraeunisiiilunindunisdnnguues OpenFace vasdayaninds

[

U
Tuypdeyavaneyn evUszavsnimuesyadeya LFW fithanldauiiu OpenFace Fsnsinsu
TapatanunsnufulsessanBnimaes OpenFace vugatoyaiieidodld lavagyinig
Wi ugatoyadnuiu 4 9a lawn LFW-raw, LFW-deep funnelled, SCface Wag ForenFace
iovAALA1a DA Energy Efficiency Ratio (EER), Area under the curve (AUC),
Threshold vesusiazyadaya wazaniihnsisuifieuUssavinmeeslinasiua 4 e
18U nnd.vl, nnd.v2, nnd.small2.vl wag nnd.smalll.vl WfiemAAusiswesen Energy
Efficiency Ratio (EER), Area under the curve (AUC), Threshold Wag Runtime(min) #&3310
tudenluaafiiiszaninmiianiu 4 lunall uduihmadeyai 4 wnldfuluea

nnd.small.v2 ieiUSeuiiuuseansnimnisinanuseninsadeyaiulueg

2.11.5 9u3TBiFaq “Real-Time Video Face Recognition for Embedded Devices” By
Gabriel Costache, Sathish Mangapuram, Alexandru Drimbarean, Petronel Bigioi and

Peter Corcoran [16]

Y

mifeiinauensansilunhuuuidealvivugunsaiilsdh (Embedded platform)
Tneludnusninauetsedundnfisidudesldfunmsudludeinseenuuussuuuasiausis
LLﬁ{]iwﬂﬁLﬁulﬂlﬁmmmif\mﬁﬂuwﬁﬂ (General architecture of a Video face recognition
system) LLazdauﬁaaqﬁam'ﬁa%mﬂﬁqﬁﬁmmﬁﬂzymmiﬁﬁmuimﬁﬂmamﬁ’a Local Binary
Patterns (LBP) fiansnsaldszysmudsaninsadmaliodnenaii danumumiusdenis
WasuuUasguuuusng 9 wazanansafsdoyaiiiuussleviesnmandrlumii elildszuy

'
wvaaa | I o

N5IRTNIYsEANS M BesvuvasRuamerautanidwinduluvate 9 sUuuuvesyana
= v A A 1o v sAl vo o S v v o v
WeafuiiaiiuAuwingIreesEuL Naansladnsussuuilfelasunisaaeunaziluldau
vuunaavlSuuuuRedy deldanuusiugialudeyadunaiarnsdnesidanuainvaiy

ASINURBULIEINSUNITUTLUIBNANITIN UM UL EA gl
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gi/ﬁ' 15 : gUuand Architecture 9¥@95sUU VFR system ( i
https://www.intechopen.com/books/new-approaches-to-characterization-and-recognition-of-

faces/real-time-video-face-recognition-for-embedded-devices, 2020)


https://www.intechopen.com/books/new-approaches-to-characterization-and-recognition-of-faces/real-time-video-face-recognition-for-embedded-devices
https://www.intechopen.com/books/new-approaches-to-characterization-and-recognition-of-faces/real-time-video-face-recognition-for-embedded-devices
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unil 3

Asn1satulaseu

3.1 A5n15AL U9

3.11 UssuuaylauM ALY
2.1.1.1 MEUINYINLATINIG
% ¢ A ) a a
3.1.1.2 ydeyafnwieInuwuifnuazngug
3.1.1.3 @0nwA309ile
3.1.1.4 ANWIUNNEITDY

[

3.1.2 MTUATIERTEUY
3.1.2.1 Anwuazduaildnitisafunisvinnuses Face Recognition feguninlagld
Pre-trained model #14 9 (VGG16, MobileNet, ResNet50)
3.1.2.2 Ysulsaudladernnainvedssuy

3.1.3 fimunsyuy
3.1.3.1 IUTIYndeya (Dataset) ilothlunsmsuliiaalagld Pre-trained model
3.1.3.2 1h Pre-trained model filsdannsimsulunalmisnldfuszuudilunih
3.1.3.3 Wauszuulvigneeuaziivssansnmiganedmiuldaulanss

3.1.4 #3UuarInyiaNs189ulTY

3.2 BAUNISAIUIIUNABALATINU

Y oy
YUABUNITATUIUY

Ui%‘QNLLﬁS’J’NLLNuﬂ’ﬁﬁ’NWN

1. 9LHUNNTVINU
LAz ANYINg YY)
WAZLUIARTI LY

UITY

Wiusausdeya
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@ v
2. PNUTIVTINVBLA

3. ATendeya

ANTWAIUITZUU

VNITUYU

4. 99NLUUNITVINNIU

PEANY)

5. WRILINISINIUVDY

YsLansnIn

6. naFpUArUTUUT

NFYINUVDITEUY

ayuna

NAIUITY

7. @3UNauaz 189U

A5 2 : HANNANATIEIa1Ya9N 1A iTulaTinIsI9e

3.3 gunsnluazinsosiionly

3.3.1 8715AWIS

3.3.1.1 PC Processor: Intel(R) Core (TM) i7-6700HQ CPU @ 2.60GHz

2.59GHz RAM: 8.00 GB

3.3.2 995uwIS

3.3.2.1 Jupyter Notebook

3.3.2.2 Google Colab

3.3.3 nwile

3.3.3.1 Python

3.4 yadoya (Dataset Set) Aldey

[y

LFW Dataset: 431U3UNIMuA 2,292 A 57 Au [17]

[

yateyanltlunisviaide 16

N

o

il
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e Nisit ComSci Dataset: H31UUN 631 AN 49 AU

FIUVEUTIUIUTINUA 106 AU 2,923 AN

3.5 LUIRAN LY IUINITNI9IUIY

AnwazAuAIINI5¥ Transfer learning Mfin15138n14 Pre-trained model #i4 ¢ o113
Ussgndldlimingauiussuuiantuntuasyatoyanlasiusuld laeasizuainnis vienudilaluea
719 9 wazihlaeaiiu 9 1wins Classification WBLUSEULTBUUSEANEAIN UATAIANNYNABY VDS
lunaiuyateya weldlunisdndulanavihlulddelunsyi ssuuidtluni welvissuuiittuniila
Usgansnnuaznaanslun1insaduninilanuuduginndu lag Pre-trained model filauuvinnas

. I3 a vo a 0 ) o v ) v o Y =
Transfer learning \Uulimafilasuaruileuuazimsngdmsunisihunldauiussuuidnlund @ Pre-

trained model filgRarsandmsunisdenianldil 3 Tuna §si VGG16, MobileNet, ResNet50

3.6 VUMDUNITNNIUYDITZUY

Prepare Dataset

A 4

Cropped image only Train model (VGG 16,
face MobileNet, ResNet50)
Face Alignment Classification Layer
Embedded face )
image New Model File
Train Classifier

4’{ Face Recognition }17

JUI 16: 3U10619%899URaUN 1519 IUYBNTEUY
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nangInilauusnisyhauvesssuundn 4 sendu 2 dufiediuuesnis Train Classifier
Warn15¥i Pre-trained model lngl43i5n1s Transfer learning

3.6.1 Tuduve9n1s Train Classifier

i . Embedded f: . ope
Prepare Dataset Cropped image Face Alignment moeddedtace Train Classifier
only face image

JUI 17: sUs9619%099Unaun159191u%84 Train Classifier

3.6.1.1 Prepare dataset
nsdaseuyatoya (Dataset) Nangulannitlvanyntoyares LFW uddtuildly
| =~ o ! 9 ] A a I an
UNedU WWesn LFW fdwiuyamaluguninasudnaunn wiveyanadiiies 1-2 U nanguiidnae
AndeniiisusyanaituildlunisTrain a3 udeIuTgadayanNNguldnanInemans
a a ¢ a o a a a ° Y A g v I3 v
a1UININNTABLIIMDT UnTIneauAsuASUNTILsM 11U 49 Au taglumihinudeyaazitulunth
= A Ly v 1 v % G a [ 1 Id 4
Aldddsuatsluni wu wihninewsly niswnesUszauas 9 Wudu
3.6.1.2 N3 Crop JUamLitaenlunth
13 Crop sUamiitatenamzlunth wedadenianizdiuvedluming Cropped 1iluld
Tun139 Face Alignment
3.6.1.3 M3911 Face Alignment JUA W
13911 Face Alignment lngn1s3usunimidiunannyadeya (Dataset) lay Face
Alignment Uaglnanlng landmark.dat iuitelddmsunismandiie 9 vuludivesnuazayn

Walwminnsannuitasduluminle

0 0
0<

250 1 01

500 1 0 =

S0 -

750 - 0

1000 1 . 0 q”

1250 { i 0 ' 0 50

0 500 0 500

U 18 : sUf29619910715%199 Landmark vuluniihlun1svi1 Face Alignment
3.6.1.4 N3 Embedded §Uam
15 Embedded §Un1m 14 Pre-train model nnd.small2 §aluinagzgninsusimg LFW

Dataset @edlluviinannndt 1 uaulumin lagsy Model azvhnisudasgunanluniiiiniunis Croped
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wag Alignment 1 ud3lidu Vector 1u1a 128-dimensions tagagyiinis Embedded junmviavunly

n 9 Folder va3yndaya ud3 Embedded vadusazynnatuusiay Folder tu 4 lngazsiuadilalidu

Embedded array

activation 73 (Activation) (None, 3, 3, 256) 0 inception Sb 1x1 bn[e][e]
concatenate 13 (Concatenate) (None, 3, 3, 736) 0 activation 71[0][e]
zero_padding2d_as[e][0]
activation_73[0][0]
average pooling2d 7 (AveragePoo (None, 1, 1, 736) (2] concatenate 13[e][e]
flatten 1 (Flatten) (None, 736) [&] average pooling2d 7[e][e]
dense layer (Dense) (None, 128) 94336 flatten 1[0][0]
0

norm layer (Lambda) (Mone, 128)

Total params: 3,743,280
Trainable params: 3,733,968
Non-trainable params: 9,312

$U 19 : 3UA20819Ua79971UY Parameter Y4 pre-trained model

print(embedded[i])

[ ©.09370779 ©0.23268628 02760166
0.09071765 -0.13949421 03681837
0.06159227 -0.07364009 04173109

-0.07230901 -0.07567628 0921608
0.07803781 -0.20700893 14071229
0.0517538  0.052375 09625575
©.05958683 -0.04607845 12316584

0.
-0.
0.
0.
-0.
-0.
0.
0.
.04511934 0.1599039
0.
0.
-0.
0.
0.
-0.
0.

0.09551688 -0.08538866 0313369

-0.1053041 ©

-0.02655459 0.04787646 01131619
-0.07859755 ©.05768196 02221816
0.0668691 -0.13526282 25252974
-0.08777971 ©.03244327 03835078
-0.01074515 0.1631472 06240923
-0.04590464 0.1104816 0846516

-0.03801677 -0.1909555 02326789
-0.04755592 0.05102276 ©.04377303
-0.04031251 ©.20955978 -0.02627812
-0.0690776  0.01435107 -0.03443241
-0.04532235 0.08123384 -0.02921794
©.02932264 -0.07926483 -0.01865693
-0.01455353 -0.04321218]

FUT 20 : sU9dWanvazdayagunmign Embedded ¥u1n 128-dimensions

®

.09726511
.02455963
.02509906
.01663779
.06643867
.09199942

©.07551799
-0.07510354
.01044536
.07251257
-0.26679984
-0.02658145
.00162256
-0.07474183
-0.23973855
.02766829
.08667275
0930836739
03477282
16837855
01209966

OO ®

®®

©

oo ®

oo ®

-0.
.06572477
-0.
-0.
.02954291
.04354984
-0.

®

®

PP ®

05658586

01985997
02783371

04455547
09685358
02941133
01627178
01947696
01382246
0720126

02626797
0902402

09368092

.04769826
.01614038
-0.
-0.
.04922369

02892669
093242794

dense layer([@][@]

0.
-0.
0.
0.
0.
-0.
-e.
-0.
e.
-0.
Q.
0.
-0.
.01074197
.06190149
-0.
0.
0.
-0.
0.
Q.

o ®

17924993
04508472
03657084
12809511
22289751
06472503
09579399
01149878
03807495
01598059
03384183
06125072
09542847

00766715
0896568

10780289
00035077
10482179
06132053

1Y) & ° = a A ' . ' ' & a
ﬁaﬂﬁ]qﬂuu‘\]gﬂqﬂqiLﬂﬁﬂUL‘WEJUEUﬂ’]W 2 E‘U IWanA1 Distance ﬂ']’]iJG]'N?J@QLLG]ﬁ%‘LJﬂﬂauu iR

Wiy laemlannisiia1 Embedded vector ¥aegunInanauUiuiomHATHEA1ANUANETENIN

23U

0 250 500 750

JU7 21 : 3Ud0e1991mU58ULiigun15911A17 Distance AIINFAN

Distance = 0.02

200

1250

Fu ol

500
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\iglae Distance AIXAALET 9x11A Embedded vector vasgunmiieglugntoya
WIANUINMAIANNYNAB (Accuracy) 1aBEnIAINAT F1-Score FaRpAaRYTENIN Precision lay

Recall Ingazusurn Hyperparameter gl 0.3 uaglaAAugnAetagi 0.922

Accuracy at threshold 0.30 = 0.922

—— F1 score
—— MAccuracy
08 e Threshold

0.6

04

02

T T ¥ T T T T T
03 04 05 0.6 0.7 0.8 09 10
Distance threshold

U7 22 : gUdaE 99 MM SIS UTTIUAIAIIMGNAB AU F1-Score
MniuazuinnasirussasgUnImyaaa9Ine Distance Taglduaaguosundt dudu
uARaRAwfeatudLInAareglutatesndt 0.3 wavdluauasyaraiudinunaazeglugawnnndi
0.3

Distances (pos. pairs) Distances (neg. pairs)
SO00 Threshoid 0000 Threshald
70000
2000
B0000
00D 20000
40000
2000 %000
20000
1000
10000

T
1] a2 o4 [ 1] as 1o 12 o s 10 15 20 25 io

JUM 23 : sUA0819n15UNM9IAImElBUYEIYAAARINAT Distance

< ® Kananart
® - 4" ® Gerhard_Schroeder
- e jorapat
2 ‘ .:Q e Nuticha
& ' e Aisara
o
ot , oz \* ® Amold_Schwarzenegger
0 L L g o Mutita
o
@ o O e LS 4 o®™ e \Vittavin
£l ) .. o oly = @ » Krttanat
-20 aw - e B * Aissa
- e Panatchakomn
* @ Ratchanon
-40 e Ritapomn
- e Chama
- v v T ’
-20 -10 0 10 20 e Sbtit
e Somhatal
® Asriel_Sharon
o Aukrit
e Khunuch

JU# 24 : 3UA29619n15 Plot N159UNGUYBIUAAZYARS



3.6.1.5 113 Train Classifier

A15 Train Classifier 1i9991NABINN5NLanIUTEANSAINVDLNa nnd.small2 Fala

wiaygadayaildlunismsuluy Cross validation lnefiviun test_size = 0.55 wag Amun

26

random_state = 42 uagClassifier Pldnpaeuluna it SVM (Support Vector Machine) wag

KNN (K-Nearest Neighbor) lnenguiidnsainisld Algorithm fifiAn Accuracy ﬁumﬁqm 29

\@enld KNN (K-Nearest Neighbor) laen1s Fit model 983 Embedded array ﬁu%auﬂﬂa ey

Classifier anansauusnguvesdeyausazynaale

Classifier Accuracy Precision Recall F1-Score Support
SVM 0.89 0.73 0.69 0.67 376
KNN (n_neighbors = 1) 0.86 0.92 0.92 0.91 376
KNN (n_neighbors = 3) 0.90 0.92 0.90 0.91 376
KNN (n_neighbors = 5) 0.79 0.63 0.67 0.62 376

#1599 3 : uaasnan1siUssuLiigy Classifier

........

1311313113113113

............

....................................

.................................

................................

.....................................

131333313113 1231133323333313313

......

.....

.....

.....

.....

.....

.....

.....

.....

.........

1111131138311 31333111

............

3’1/17 25 : 5UA78¢19 Confusion matrix ¥a Classifier SYM
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s RN T (. PG 1 G B L RES OB s T G - VD G T5 D Mk i K I Wil G BN Rl b 3% ¢

B 8 8888 B8 RBRBAER EEEERRELY
1111111 Yl A Y13y s W 111 101 T4 ad gt 1Al i1 11711

3‘1./17 26 : 3UA28819 Confusion matrix Y84 Classifier KNN; k=3
91nn13¥ Confusion matrix Wisuiisugateyaszninsyana fuyana Feduduynna
WWeafuagldaluniss Grid funnninyanadidneiu Gugildiinisnszaeivesdlums
Grid 989 SVM $n15n5¥218M11nN31 KNN 1n512A1A2119nA8a%89 KNN (k=3) iA1unnnii
SVM

3.6.2 Tud1uweIn1591 Pre-trained model lagle38n15 Transfer leamning

Train Model Classification
prepare Dataset oo New Model File

,ResNet50) Layer

JUI 27: sUs0619%899Unaun1591914%89n1597 Classification layer

3.6.2.1 Prepare dataset

NsInwsEagadaya (Dataset) Mangulannivlvanyadeyaves LFW waatianldly
vy lesann LFW fldauyaealuguaimAsudisinn uiunsyaradifies 1-2 5U menguiidniae
ndenifissursyanadithaldlunisTrain afsl nudsnunuedeyannnduifnanyinemans
aAinemsaeufiamed ininerderiuaiunsilsn S 49 au Taglumhiliuteyassdulunh

A 1o Y o 1 2/ Y G a [ 1 [ £ [ & o ¥
‘VIIJJJJﬁ\‘IUGTUQIU‘VM’] WU YIUININBUINY NIDLATDIUTEAUANY 9 wunu AN UUUIYNVBIR (Dataset)
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Vavunflevinn1sTIuTINe wuinguuesadeya (Dataset) 1Uu Test 30% uag Train 70% V093113
sUNIIavan
3.6.2.2 113 Train Model
Ingnnapueydavilalien Pre-trained model a1 3 617 LivelUTeuLiBuAIAINgNABY

dwsunisidentunldiussuuiitun

3‘1./17 28 : gz/ﬁ’aaaiwms Train model

3.6.2.3 N3 Classification Layer

A o & A Y Y & o ) ' v ° . .

dipvhnsmsulawaduiiseusesudd Avinsusuwsslamamenisvii Classification
layer ln8az¥iMnn3 freeze #a Base model va3 Pre-trained model Liudinisiiuaisasgavinaidnly

wsulny ielilalumadmilvdesnunainnisiiuyadeya (Dataset) Nlasiusiuliiinlumsulinalv

block3_conv3 (Conv20) 590080
block3_pool (MaxPooling2D) (M e
blocka_convl (Conv2D) 1180160
blocka_conv2 (Conv2D) (None, 28, 28, 512) 2359808
blocka_conv3 (Conv2D) (None, 28, 28, 512) 2359808
blockd_pool (MaxPooling2D) (None, 14, 14, 512) ]
blockS_convl (Conv2D) (None, 14, 14, 512) 2359808
blockS_conv2 (Conv2b) (None, 14, 14, 512) 2359808
blocks_conv3 (Conv2D)  (None, 14, 14, 512) 2359808
blocks_pool (MaxPooling2p)  (None, 7, 7, 512) )
flatten_1 (Flatten) (None, 25088) ]

dense_1 (Dense) (None, 5) i 125485

Total params: 14,840,133
Trainable p. 125,445
Non-trainable params: 14,714,688

FU7 29 : sUdv9e9maa 59101597 Classification layer

3.7 Jgynnuazauassa
371 UWssgrlumsmsulumadeudiiuuilissnniimaiuiuuyadeyaroutianndily

3.7.2  mssulnduu Server didgwiAeadiu GPU Ussasadlasurans g lnansoniu
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Nan1saiulAsIu

4.1 A5N15YN9IUVDITTUU

128-d
0.931
0433

"
0.331 » ?; }. > .
: ° n ,“ a, Accuracy of SVM = 0.898
: e ol e° aud ,5 .’ Accuracy of KNN = 0.904
: & =@ e e,
0.942 i ‘94 i

0138 e
0.039

Example of Classification

®

FU9 30 : 3Ud20819n15191uva9ssvluaIuYas Train Classifier

Tngaduenisvinuesszuuludiuns Train Classifier laasll venazddnrinazyinisinu
TTmgadeya (Dataset) WdtFUNMNTIUTIINIAIVILANYIINTT Embedding vector Lilalauuas
sunmludayadiay 128-dimensions wain szuvagyinnskuIngudeyazunmlaglddanesiiu 2 dail

uvnsiuangy (Classification) Aim SVM wag KNN (k=3) wazszuuagiinn1snsisdulagssuiinu

luniheenun anyadeyaiiet

Y

Classification Layer
VGG16 — T
u _ Accuracy of VGG16 = 0.931

m MobileNet Accuracy of MobileNet = 0.958
Accuracy of ResNet50 = 0.802
ResNet50

Pre-Trained Model

FU 31 : 5UA2081901591191UY0952UYRINNT5I Pre-trained model

Tngasursnmsvinuvesszuuludaunsyi Pre-trained model ¢l msnmzgfdarhagyiings

fususmedoya (Dataset) udahgunmiisursnldtmuauvhnmsmsuliealmisnlusaiiiey

WAl I NAUEHINYINbPYINSEantuLAanl 3 Tuwa lawn VGG16, MobileNet, ResNet50 unlglunnsg

Y

wsulinalmifiuyadeya (Dataset) MlaTIusIa WevinsSeuisuUssansnmuagaAIAagnses

9

Y0373 3 Winauavyhlidenlumailaamunzauigaiuyateyalasiusiua weaglisyuvanunse

mssanluntsiely
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4.2 wan1saiiulasenis

NMIAulAsIUIde Iaenis Train Classifier lngn1suuanguveIyananyndeya

a

(Dataset) NlasiuulT ansassyinuyaraldegngnies uaslimgniesiAoutnsgeaindeyatiwiu

lude 3.6.1.5 Felanadnseanuiniuuiiegenua1adl

Recognized as Ponlasit

i Recognized as Chalermpol

20 1 20 1
40 40
60 60 1
80 80
100 100 1
120 4 120 -
140 140
160 e ' 160 +=
0 25 S0 75 100 0 25 5 75 100

FUI 32 : 3UA0819HaaWSa 195U Face recognition 991115 Train Classifier

NN EULATINWITY Taen1ssUSeuLieu Pre-trained model 9101591 Classification
layer lnansUsuAsdiwas wag A Weight 94 Pre-trained model 91Ul wielsild Class vaayn

Toyananin wazlarAugneas (Accuracy) 0BNIAINITINAIUAINT

Model | N _—:ccuracy b Parameters

VGG16 _O;?>_12___ f 14,714,688
MobileNet 0.9583 3,228,864
ResNet50 0.8021 23,587,712

A1 4 :N1UTIUNYY Pre-trained model 91171597 Classification layer

18819057 Model accuracy waz Model loss dwsunisiuseulisuilosnuinlaunad Train waoidl

UszansSnwduoeals
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model4 accuracy model4 loss
100 { — train — f1— train
095 e . test
090
4
.. 085
5 080 g3
® 075
2
070
065 1
060 0
0 5 10 15 0 » o [ 5 10 15 2 % 20
epoch epoch
a % ; .
U 33 : 5Un1mA38819 Pre-trained model (VGG16)
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