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Abstract

This research aims to develop a system to check class attendance by using a mobile
application with face recognition. Face recognition has applied FaceNet in the feature extraction
process. FaceNet creates features from keys areas of the face, including eyes, nose, and mouth,
into 128-dimensional vector data. To select a classifier in our model, we consider among three
classifiers: K-Nearest Neighbors, Multi-layer Perceptron, and Support Vector Machine. We found
that K-Nearest Neighbors was the best classifier with an accuracy of 98.7% and the mean of
probability at 99.2%. Therefore, we applied K-Nearest Neighbors to our proposed model to the
attendance check-in system. We also use the flutter framework for developing our mobile
applications, which support running on both Android and iOS platforms. The attendance checking
system is divided into two parts. The first part is the class attendance checking process which
consists of the enrollment course of the student. The part runs on a smartphone. The second
part is the face recognition process which uses our proposed face recognition model and the
class attendance database, which runs on the webserver. After selecting a class to attend, the
student has to take his/her picture and upload it to the face classifying model on the webserver.
After that, our model will predict the received image and send a message confirming the face
prediction result. Finally, the application will record the user's class attendance information into

the database.
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2.2.1 Face Detection using MTCNN (Multi-task Cascaded Convolutional Networks)

3 as a o & =~ 1 v o v o [y v v o 1
L‘IJ‘UL'1/\|§l|L'JiﬂVlW%Ju'VUuLW@LUUI“UQ?JUEWVTUVNﬂ’]i@li?"\mUIUﬁquLagﬂ’]iﬁ]@@qLL‘VMQ

[ (%

Tumi AszuIuMstUsENRUMIEaNTURBaUYRY Convolutional Network N@1u150ana1 kUt

(%

wazgnddsuuluniy Wy aaynuazdin 2]

2.3 Image Pre-processing

WWudunaunldiiieananududaulaziiumLLLug19999an 0Ly tHosinn wnlaun

a1 o

PJUUNNT191998 L ANUANTANF19TY TIUDIVUIRLaEaTANeAY 9 ldaunsaleudanaSAuny
o [ I dll d' a0 v} Y @ 5 = v [ [ 4 Q{' =3 ¥ d‘ A:{I
dnsuwsazReulaiandsineiule dalusanedanisiuteyanidusuam Wegluteulen

wilouiu wielsanesunldlunsviunetuiianuusiugunniu Ineg Image Pre-processing A
fvannvangBnmsluldinelivunzauiusunmuazlandgdaymndesnisun [3]
2.3.1 Face cropping

A15ATAUAALUNLNALTIELY neural network a@unsavinaulunisawunlurinlaf

& aa & | o o v A 1o W ° v & o & v o ¢
VU I@Iﬂ'ﬂﬁu’ﬂzsﬁjﬂﬂqQ@ﬂ@m@mlﬂiﬁ"lﬂmIUﬂqi"ﬂqLLUﬂI‘U‘VTu’] LYY NURAN LN Vﬁ@QUﬂim

Y

o

a ! ad @A ! A & 3 & [ Y ! d'
PN 1aean15nAe n1s detect d@uiiduluntn aantuiinisaseudndIun detect

Toudulune [4]



sUnmisneuil 1 nmdtldviins detect druiduluvmiiu
(https://medium.com/yottabytes/a-quick-guide-on-preprocessing-facial-images-for-neural-networks-using-

opencv-in-python-47ee3438abd4)

sUnmdsznouil 2 awitldsuniseseudndruduluin
(https://medium.com/yottabytes/a-quick-guide-on-preprocessing-facial-images-for-neural-networks-using-

opencv-in-python-47ee3438abd4)

2.3.2 Image resizing
111893910 Neural networks Mits1aglaglunisannunluniitu fesn1snmisiuanil
sUTIUazTLIAwiL WielinsUszanaamnsayi i Ty Asiusaeiinisusy

YUNNVDIN NN INUAN AL LT LAV A UnauR iAW lUYNNS train Tuwea [4]


https://medium.com/yottabytes/a-quick-guide-on-preprocessing-facial-images-for-neural-networks-using-opencv-in-python-47ee3438abd4
https://medium.com/yottabytes/a-quick-guide-on-preprocessing-facial-images-for-neural-networks-using-opencv-in-python-47ee3438abd4
https://medium.com/yottabytes/a-quick-guide-on-preprocessing-facial-images-for-neural-networks-using-opencv-in-python-47ee3438abd4
https://medium.com/yottabytes/a-quick-guide-on-preprocessing-facial-images-for-neural-networks-using-opencv-in-python-47ee3438abd4
https://medium.com/yottabytes/a-quick-guide-on-preprocessing-facial-images-for-neural-networks-using-opencv-in-python-47ee3438abd4
https://medium.com/yottabytes/a-quick-guide-on-preprocessing-facial-images-for-neural-networks-using-opencv-in-python-47ee3438abd4

2.4 Deep learning

Huam1ve3 machine learning flugruvesnsideudiBsdnde Saneifufinereuazain
wwuaesfiounuarimingvesoyalusyiugdasnisadaniiinenssudoyadund
Usznauluselassadages matedu Jeiifiunain Artificial Neural Network vianedia tasenele
Uszamiiiey lngardauwifnuazmalinainnisyinauvesssuulassiegledssamiussuy
Uszanyeywd lnsdrassmsihaumieutungueaduszamideulosiuusyuulszamd
aanso¥uivaneq Adunanfeatu smensuszananaluuriu (Paralle Network) viliszuu
ansodadulaldlndifesiuaysd lunmsiiedosazannsadiladsing Iefduiuiagded “osd
mm§ (Knowledge)” 1@unau [input layer] mﬂﬁ?uﬁwdsmﬁusqmsﬁaga [hidden layer] uagziiaus
M%@Lmumﬁmmiﬁ?u [output layer] LAAULANAINTENIN Deep learning AU Artificial Neural
Network Afeseau hidden layer il Deep learning & hidden layer snnnailu Artificial Neural

Network [5]

"Non-deep" feedforward Deep neural network
neural network

hidden layer ) hidden layer 1 hidden layer 2 hidden layer 3
e input layer

sUnmsznouil 3 Wisuifisunnuuansnawestiu hidden layer sewdng Artificial Neural Network way
Deep learning lnennage@a Artificial Neural Network wagyn19921#9 Deep learning
(https://medium.com/machines-school/deep-leaning-

%E0%B8%84%E0%B8%B7%E0%B3%ADIEN%BEIADIE0%B8%BOWEN%BI%E4%E0%BE%A3-785e16d01773)

2.4.1 Convolutional Neural Network
Convolutional Neural Network (CNN) %38 lassneussanmuuuneuligdu ilulase
PeUszaniieuniislungy bio-inspired taeil CNN 93d1a09n1500 0 iLveIN YW LD

1 A o 1 & A [y ~ I a dA & 1 & [y '
L‘U“IJVIEJE]EJ"'] LAZUINGUUDINUNYBY JUINATUNU LW@@'J']?N'V]L“Iﬁ‘Ll’e)%LUUEJSIiﬂHLLH


https://medium.com/machines-school/deep-leaning-%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B8%AD%E0%B8%B0%E0%B9%84%E0%B8%A3-785e16d01773
https://medium.com/machines-school/deep-leaning-%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B8%AD%E0%B8%B0%E0%B9%84%E0%B8%A3-785e16d01773
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gﬂmwﬂssﬂa‘uﬁ 4 UsznounseBuneasIifieaiu Convolutional Neural Network
(https://medium.com/@natthawatphongchit/%E0%B8%A1%E0%B8%B2%E0%B8%A5%E0%B8%AD%E0%B8%87
%)
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gﬂm‘wﬂszﬂauﬁ 5 Convolutional Neural Network Architecture
(https://medium.com/@natthawatphongchit/%E0%B8%A1%E0%B8%B2%E0%B8%A5%E0%B8%AD%E0%BE%87
%)
2.4.2 FaceNet
FaceNet tuld Deep convolutional neural network (CNN) Tunsiseus tneidu

\p3eve9lsiGousa squared L2 distances 5211319 embedding vaslumii amitlddmi
na3eufifuargnuivaun ulas uazasouuinnlunih uasBnegnaileiiddnyfe FaceNet
fifi loss Function Taefiazld triplet loss function Iaglun1sAruiad triplet loss e 5des

T 3 A Insusazn nagunulaen1si3ena1 anchor, positive Wag negative [7]


https://medium.com/@natthawatphongchit/%E0%B8%A1%E0%B8%B2%E0%B8%A5%E0%B8%AD%E0%B8%87%E0%B8%94%E0%B8%B9%E0%B8%A7%E0%B8%B4%E0%B8%98%E0%B8%B5%E0%B8%81%E0%B8%B2%E0%B8%A3%E0%B8%84%E0%B8%B4%E0%B8%94%E0%B8%82%E0%B8%AD%E0%B8%87-cnn-%E0%B8%81%E0%B8%B1%E0%B8%99-e3f5d73eebaa
https://medium.com/@natthawatphongchit/%E0%B8%A1%E0%B8%B2%E0%B8%A5%E0%B8%AD%E0%B8%87%E0%B8%94%E0%B8%B9%E0%B8%A7%E0%B8%B4%E0%B8%98%E0%B8%B5%E0%B8%81%E0%B8%B2%E0%B8%A3%E0%B8%84%E0%B8%B4%E0%B8%94%E0%B8%82%E0%B8%AD%E0%B8%87-cnn-%E0%B8%81%E0%B8%B1%E0%B8%99-e3f5d73eebaa
https://medium.com/@natthawatphongchit/%E0%B8%A1%E0%B8%B2%E0%B8%A5%E0%B8%AD%E0%B8%87%E0%B8%94%E0%B8%B9%E0%B8%A7%E0%B8%B4%E0%B8%98%E0%B8%B5%E0%B8%81%E0%B8%B2%E0%B8%A3%E0%B8%84%E0%B8%B4%E0%B8%94%E0%B8%82%E0%B8%AD%E0%B8%87-cnn-%E0%B8%81%E0%B8%B1%E0%B8%99-e3f5d73eebaa
https://medium.com/@natthawatphongchit/%E0%B8%A1%E0%B8%B2%E0%B8%A5%E0%B8%AD%E0%B8%87%E0%B8%94%E0%B8%B9%E0%B8%A7%E0%B8%B4%E0%B8%98%E0%B8%B5%E0%B8%81%E0%B8%B2%E0%B8%A3%E0%B8%84%E0%B8%B4%E0%B8%94%E0%B8%82%E0%B8%AD%E0%B8%87-cnn-%E0%B8%81%E0%B8%B1%E0%B8%99-e3f5d73eebaa
https://datascience.stackexchange.com/questions/28296/how-the-squared-euclidean-distance-is-an-example-of-non-metric-function
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sUnmsznouil 6 feg1ansld embeddings lumiihganitu triplet loss function
(https://medium.com/analytics-vidhya/introduction-to-facenet-a-unified-embedding-for-face-recognition-and-

clustering-dbdac8e6f02)

2.5 Classification
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Juundeya(Classifier) lnens predict Toya Blanunsathunldlunsiuanusuazdszdnsam
Tuns predict Tunthla

2.5.1 Support Vector Machines (SVM)

\Junilsluluea Machine Learning #ildlunisduundeya vseuvngudeyalaes

adunsenlduuinguteya (Hyperplane) uagniduiniign

L

2 Hyperplane
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sUAMUsENRUTN 7 Megesu SYM

(https://medium.com/@pradyasin/support-vector-machines-svm-943f9a732a69)

Max-Margin and Support Vectors 1Juislunisuiadeyalaeisiazidondund
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Margin a1nfian e lduniissezuuninaian wu duddulissezanniiga vin Margin wauly


https://medium.com/analytics-vidhya/introduction-to-facenet-a-unified-embedding-for-face-recognition-and-clustering-dbdac8e6f02
https://medium.com/analytics-vidhya/introduction-to-facenet-a-unified-embedding-for-face-recognition-and-clustering-dbdac8e6f02
https://medium.com/@pradyasin/support-vector-machines-svm-943f9a732a69

vfuteyaingrenaagyiliinuludnimildlaaerilvidlenta Overfit e Asuisnaziden

Margin Lwag 91l Overfit oy #IvI38AI1 Soft Margin
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sUnmUsznaun 8 fMegunsuuoya

(https://medium.com/@pradyasin/support-vector-machines-svm-943f9a732a69)

NM5USU parameter C agvilivunvesdunusldsunlaslalaei C annagyinli

A =) 4 o VN a 14 dy
NuALAUAY C UoyagynANuININeTY

C=0.1 C=1

sUAMUTENOUN 9 M8819 parameter C

(https://medium.com/@pradyasin/support-vector-machines-svm-943f9a732a69)

mindeyaldanunsoutnguldsedunse (inear) 35Lai35n15 Kernels Ay non-
linear WhuuAledgmiindu Ing3Snsie as1esfifvuuiainiiy 2D 1Wu 3D udannidudn

HunsInansagylanansauustoyaseniunguld [8]


https://medium.com/@pradyasin/support-vector-machines-svm-943f9a732a69
https://medium.com/@pradyasin/support-vector-machines-svm-943f9a732a69
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sUAMUsENOUN 10 F18E19N15911 Kemels

(https://medium.com/@pradyasin/support-vector-machines-svm-943f9a732a69)

2.5.2 MLPClassifier (MLP)

Multilayer Perceptron (MLP) Futuniwedasenedsyamitenuuy feedforward
MLP Usznausnelnunagrstiosanudu 1dur input Layer, hidden layer was output layer
wialyundumaduszamiliflaidunsnszduuuulidadusniiulnunduws MLP 19
Lwﬂﬁﬂmilﬁaui supervised learning fisoni backpropagation d@15un1siinausy
wangaosiarn1snseausuu i dudaduiild MLP unnAaindisusidadu amnse

v a1 Y%
wenuezdeyailiaunsousnaenaniule [9]
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Ee9fnLee

BIv?
JUAWUsENOUN 12 fMeg1e MLP WUU one hidden layer MLP

https://scikit-learn.org/stable/modules/neural_networks_supervised.html


https://medium.com/@pradyasin/support-vector-machines-svm-943f9a732a69
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2.5.3 K-Nearest Neighbors (KNN)
%’umaﬁ%ﬂmﬁauﬁwﬂﬂé’ﬁqw (K-Nearest Neighbour Algorithm) 11334 lunns
Soutnana Tnowmadatassndulad eandlaiinsunudeuluviensdllmlg 16t Tnenisnsaeaeu
Sruruviss lutureuiinafleuthulndiian vesnsiviodoulfiviioutunielndiAssiumn
fign Ingazvnasay (Count Up) vesdmnuleuls viensdlsneg dmsuusazaana uazimuniiouls

Tyisl WpananuileuduiuaananinalAgaiuiinian [10]

JUAMUsENOUN 13 aunsiteinszeennauad KNN

https://www.glurgeek.com/education/knn/

2.6 Random Search
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=

duAelinaseseninnisiungs esnnmadenmsiiwesiduiuuduegisauysel [11]

2.7. 3 3efiRet0q
2.7.1 Attendance System based on Deep Learning Face Recognition without Queue
E:JLLm'\‘i : Bana Handaga, Budi Murtiyasa, Jan Wantoro

[

dnerfunmsimelulagandlunthunldiiedalutussulagazvinnisSeuliisu

[y

U
5%¥119 Machine learning algorithms 19 3 LWUU Ao Haar cascade, Deep learning,

Hog(Histogram of Oriented Gradient) Fwadwsnlafe deep learning lnngNazialdluiessou

UINNAARINNTIE [12]
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TABLE | THE RESULTS OF DETECTION OF THREE FACE
DETECTORS
Method Number of I'rue False
face Positive Positive
Haarcascade 15 9 2
Deep Learning 15 11 0
Hog 15 3 0

JUAMUTENOUN 14 M151MEaNTURN algorithms 3 Luy

(https://ieeexplore-ieee-org.clvpn.swu.ac.th/document/8985697)
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E"faﬂai‘vmwm“l/lqm Deep learning Afainanisnmasaiidu True Positive uA 11 luntiain
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I3 ¥ I3 = a o & AN o A 1Y) I a &

weunsess lneldudazaunvziiveundintuiiuuilofoveswieiiowitdymnisiefiida
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Tunthwsouiunaiuau

2.7.2 Face and Lip-reading Authentication System Based on Android Smart Phones
QJLLGN : Dongpeng Shang, Xinman Zhang, Xuebin Xu
mAfeiiientunslflunhuegmssiuunidiessyfyana vuilefeusunsend &

Usgnaulumenisnsraduluniilaglyd AdaBoost algorithm,n s face feature extraction A2y

Linearity Preserving Projection (LPP),n13 lip feature extraction 78 Projection Local

Spatiotemporal Descriptor (PLSD) [13]


https://ieeexplore-ieee-org.clvpn.swu.ac.th/document/8985697

12

Fig.2 Example of the fist 10 eigenvectors solved by LPP.

sUnMUTENOUN 15 Megneas 10 eigenvectors wsnlagds LPP

( https://ieeexplore-ieee-org.clvpn.swu.ac.th/document/8623298)

¥
a v o IS

D8 : LU uATItUEUeMSTUTUI I UMETUNTN WaENISEUTURINUAIE
Lip-reading unsiuiu iietiuuszansnmlunistudusieu InsvinsiSeuiisunisu
gumnumeluninmesane3fiy Linearity Preserving Projection (LPP) Tun1vin feature
extraction Wag Lip-reading fMedanaiia Projection Local Spatiotemporal Descriptor
(PLSD) Tun159in feature extraction Ao IMNUUAILNNIEBS LUULNTIWAY 1ABINNNANT
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& [ YY) v ¢ < o av aa (9] & YY) v 1 o
gududinuls dadunwimislalunmsvhauddennesdiunistududnumelunt lagige
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2.7.3 Real-Time Smart Attendance System using FaceRecognition Techniques
Q’LLG}'& : Shreyak Sawhney, Karan Kacker, Samyak Jain, Shailendra Narayan Singh,
RakeshGarg


https://ieeexplore-ieee-org.clvpn.swu.ac.th/document/8623298
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nudeiluandiduinnsansiluntiusengfumsiianiddatednssudusgrann
Hosannfiauusiugniigs wazenfivswnsnues wenanidsliddnlusies hardware Aiflsnangs

Inedlua ndog,Aaufiames uazgiudoyaie [14]

JUAMUTENOUTN 16 Activity diagram dw5U smart attendance system

(https://ieeexplore-ieee-org.clvpn.swu.ac.th/document/8776934)
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https://ieeexplore-ieee-org.clvpn.swu.ac.th/document/8776934
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3.3 gUnsniuazinTesiieililuauise
3.3.1 815AU335 (Hardware):
3.3.1.1 Notebook: AMD Ryzen 7 3750H with Radeon Vega Mobile Gfx 2.30 GHz
3.3.1.2 InsAnwviletia: Smartphone Android and iOS
3.3.1.3 1ASaddilines: szuuUfRnig CentOs 7 (64bit)
3.3.2 gavAwas (Software):
3.3.2.1 Google Collaboratory
3.3.2.2 Android Studio
3.3.2.3 Visual Studio Code
3.3.2.4 Flutter
3.3.2.5 Flask
3.3.3 A1Tile (Programming language):
3.3.3.1 Python
3.3.3.2 Dart
3333 PHP
3334 SQL
3.3.4 Dataset
3.3.4.1 sUnwlunihwesiidnamginenmans 63 au awlunhantudumesidadnuiu 12 au
oAy 75 Au S 4,506 3U Tnsuvady
-train 3,728 Tuni

-test 778 Tuni
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3.5 YUABUNS train classifier

3.5.1 sausaugunmlunt

nsiiusavsngunmlunivesfidnnneInemanisiua 63 au Mmendesnin
INSFNNIadauazTIUTIWANIUNTNINTUDUMSENT WY 12 AU SIUNIEY 75 AU TasLAUTIUTIY

sunmilansvun 4,506 5U Inewuadayalidmsu train 91u7u 3,728 5U uag test 313U 778 U
3.5.2 aseudinn miitatonanzdiuluni

113 crop Mielnanzluntn talglibrary ¥e9 python ¥ MTCNN (Multi-task
Cascaded Convolutional Networks) @atdusguunns detect Tumiin@ald neural network @adinsmnsu
wwdtdlunismamvedlunt wdniuemzlundivesyarauasinsiuasuuunn sesnmlnduy

A 160x160 pixels ialimssfurunn input 1893 pre-trained FaceNet model

“

| i

sunmUsenaud 18 fedeguamlunihimimsuiurneuaensindulumin

3.5.3 n1591N Feature Extraction

Tutumeuilazly pre-trained FaceNet model wnlglunsvin Feature Extraction lag
FaceNet 92¥11M3a313 Embedding Features annustiniidgyuadtunth leun an ayn uaz Uin lidu

128-dimensional vector

Block8_6_Branch_© Conv2d 1x1_Ac (None, 3, 3, 192) 4] Block8_6_Branch @ Conv2d_1x1 Batc
Block8_6 Branch_1 Conv2d ©c_3x1 (None, 3, 3, 192) 4] Block8_6_Branch 1 Conv2d_@c_3x1 B
Block8_6_Concatenate (Concatena (None, 3, 3, 384) [} Blocks_6_Branch_e_cConv2d_1x1_Acti

Block8_6 Branch_1 Conv2d @c 3x1 A

Block8_6_Conv2d_1x1 (Conv2D) (None, 3, 3, 1792) 689920 Blocks_6_Concatenate[@][@]

Blocks_6_ScaleSum (Lambda) (Mone, 3, 3, 1792) ® Blocks_5_activation[e][e]
Blocks_6_Conv2d_1x1[e][e]

AvgPool (GlobalAveragePooling2D (None, 1792) [} Blocks_6_Scalesum[e][@e]

Dropout (Dropout) (MNone, 1792) [} AvgPool[e][e]

Bottleneck (Dense) (None, 128) 229376 Dropout[@][e]

Bottleneck_BatchnNorm (Batchhorm (MNone, 128) 384 Bottleneck[@][0]

Total params: 22,888,144
Trainable params: 22,779,312
Non-trainable params: 28,832

JUAMUSENBUN 19 Uaned1uIU parameter Y84 FaceNet lngildnuiu parameter isviuail 22,808,144



[[ ©.90788305 -0.76819015 ©.04160831 ... -
-0.29714647]
[ ©.90788305 -0.76819015 ©.04160831 ... -
-9.29714647]
[ ©.97867775 -0.8037925  ©.15453851 ... -
-0.16910978]

=

5078577 ©.3208234

=

5078577 ©.320834

=

.6509684  0.44819847

[ ©.82214856 -1.1532798 -0.35560974 ... -
-0.6188901 ]

[ ©.38325924 -1.4644454  ©.19646975 ... -
9.096499656]

[ ©.8712493 -1.0904417 -0.2606301 ... -1.178979  ©.67921776
-9.263938 ]

=

.9135838 9.11437713

[y

.3076812 ©.8852212

gﬂﬂﬁwﬂﬁzﬂauﬁlZOianﬂﬁwiuwfhﬁQﬂ Embedding Features 1 128-dimensional vector

3.5.4 n19 train classifier

Tuduilagyiinig train Yeyasie classifier 3 wuu laun KNN(K-Nearest Neighbors),

MLP(Multilayer Perceptron) wag SVM(Support Vector Machines) WiowFeuiieuusyansainnis

20

nuvewi classifier wWuusee Tngagyinisdentunanld classifier Mlvinananan lnalald Random

Search lun13mAn parameter Yosusag classifier Nvzandmiutoyauazauideil Iy parameter

ﬁﬁﬁqmlumﬂ‘ff Random Search fisil
KNN : n_neighbors = 10, weights = uniform, metric = manhattan, leaf size = 52,
algorithm = auto lay p = 2
MLP : hidden_layer_sizes = 20, activation = relu, solver = adam, learning rate = constant,
Alpha = 0.0001, uaz max_iter=100

SVM : C =70, gamma = 0.1 iz kernel = linear

3.5.0.1 WNUNNIURBUNIS train classifier

asaaduluinhann

LAUSIUSIH MTCNN 15umuna

giam -
= sunmuazareldaluwiin

Train model gaa
AzaaaLilinminaan Classifier KNN, MLP

MTCNN fumaneg uaz SVM
gunmuazaselARluwh

Classifier
Model

Feature Extraction

Ane FaceNet Evaluate

Model

FUAMUTENOUN 21 UNUAMTUABUNTS train classifier




uni 4
dsunan1saiuu
4.1 Msiauduluna

dielalumainviing train 3eusesua Avzihunlumadlauvinismaeiee Weidenlunad

tdl Ya o

winnzaunannazi Ul vinunglumiuudsnies Wnenaansnladnad

9

WothunazlunainiAl accuracy ¥e4 train data wag test data NaglAnadnsAImI51

Classifier
KNN 0.999 0.987
MLP 0.999 0.967
SVM 1.000 0.987

AT 2 ANSIINERLAN Accuracy U914 train data Uag test data vedusiay classifier
Wethurazlamalimal Accuracy, Precision, Recall wag Fl-score U84 test data Aagld

NAAWSAIAIT

Classifier Accuracy Precision Fl-score

KNN 0.987 0.98 0.98 0.98
MLP 0.967 0.95 0.96 0.95
SVM 0.987 0.98 0.98 0.98

A1399 3 AT ILARSAN Accuracy, Precision, Recall ia¢ Fl-score U84 test data Yaakaay classifier
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Weaihusazlunainiaaaees probability Tunaazluni test data Inevinnisum

AnadglulsazlunasnuIu 5 Asdazi 5 assunimeadednseu AslarasnsaAInIsI

ASsii KNN MLP SVM
1 0.995 0.855 0.451

2 0.991 0.852 0.439

3 0.990 0.855 0.449

4 0.989 0.862 0.442

5 0.995 0.849 0.454
Aade 0.992 0.854 0.447

AITNA 4 MTULERIALRABUBY probability vasluntiilu test data Tuwsiay classifier

PnEadnsnIsnaaelatu agvinndenlueanilulduudsniies lnenwuaanlunanlamn
probability vasluntilu test data Nfvian lngluwaiunzaunanazinlulduugsniesao KNN (K-
Nearest Neighbors) lngdidnaugnaestunisvitneluntegin 98.7% uazlaaadeves probability

vosluminly test data 8g# 99.2%
4.2 MavandneUnaady
Tuduillavihnsiauniy user interface duminiingssuu wasiluusdiuvetniSeulasagiaou

UAEEU : i user interface YaeNFEUlEIUNNADBNAINTEUY MUARITILYRIYT NHUARAS
= < A a v A | Y o v ' ! = -
Twadeanisilintoresseivvesintey diunsindulunthainndesneudinnlun web server tive

yMungluntn

ASHEAY : M1 user interface YaIAIHARULALIULNABONIINTLUY UAAITIEALIBYATINIVRIATEADY Lng
a N S o A 9 ve o Yy % A vy v = Y o A
funeiuaTaivinnisaeu weliliniSeuasnsadndavels mhuansgasdeanmaduinteves

C% a a
gniseulusiedan
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lnglaviniswenseiugiuteua phpMyAdmin ugsniies ieuansseaziBeniieg lunsas i

user interface

4.2.1 min user interface WNgsyUY

DEMO

| Buasri

| Password

i‘/ P X -b\
{ whgszuy )

i1 O

N\

sUAMUsENOUN 22 Wil user interface Wgsyuy



4.2.2 i1 user interface vestiniSeukavdmSuagRaeu Inedldunneananseuy

11:22 @ = 57 »

suna Foddu HE.FFEINR IWEL
sc60565 t001

aanInNsSzuy 28nNANNEUL

11 O < I O <

£

JUAWUsENOUN 23 i user interface vesnFEU(EY)LaYAHADU(I) IniilunneenanTz Uy
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4.2.3 w1 user interface wanssgInvesinBuuLazLanITIgIvIvedmMTUATHARY

518390

321 : DATABASE SYSTEM mauii : B02

I

321 : MOBILE PROGRAMMING sauii : BO2

l

321 : INTRODUCTION TO DATA SCIENCE
mauv : BO1

" @) <

Rk

5211 : DATABASE SYSTEM mouii : BO1

321 : DATABASE SYSTEM mouii : B02

" @) <

sUnmUsznaun 24 vt user interface kansTeivvesinSU(EeasianiseivveinmATABU(YUIN)
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fauil : B2 wihofie : 3

AR 5 2021-04-07 serug : B0
25 LAY D
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< I
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T un:2021-04-07 Ranuy
22 LAY
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21 LAY
_
AN 503 2021-04-07 aouz: e
20 LR
—
A9 - | Hade
] U : 2021-04-07 Raug .,
19 Wa2

<
<
b

" Suil: 2021-04-07 ey 0P
18 T

l
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sUnmUsznauil 25 wi user interface uansseazBeanIsintevesinseulusein
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[
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4.2.5 vt user interface dwiunanineazidenivvenjiasu lngdilunaliuassniinisasy

WaliiniSsuaunsadatiale waz T user interface wWaAITIBAZLIEANITILTATRVITNTEY

&= DATABASE SYSTEM CP342

sRUszI6N
sc60111

Lii'ledada

l

®aud : BO1 wihofn : 3 T ‘
_ — —
—
saUszI6N Lilssade
¥ a 5. sc60328
AN : 20 Iun : 2021-04-07 b '
| — s siaUsESEn - fme=. o
. <e50aoY lai'lehgmaa

A3t : 19 fuii : 2021-04-07

|

_ liﬁal]ligﬁ‘]ﬁj 3 RN
. w ) lilsgnda
A7 1 18 un : 2021-04-07 —
_ iﬁaﬂigd‘]ﬁ]: o ik
., A li'lsdado

asti - 17 fuii : 2021-04-07

|

_ iﬁaﬂigﬁ‘]ﬁj: b R
e ) ot s Tl gado
A3 116 un : 2021-04-07 _
_ jﬁaﬂigﬂ’]ﬁ] 4 Mo o o
. iy i S li'lshgada
A9 115 i 1 2021-04-07 _
_ 5ﬁaﬂigﬁ‘]ﬁj 2 T
. co60daE Tai'lehgmdo

a%7i : 14 Suii : 2021-04-07

l
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sc60337
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I O <
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sUnnUsEnauil 27 wth user interface N1sasIvdUlumvesiniGauRawdIn NlUA web server
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4.2.6 vt user interface wanINaaNsSN15YITUI8TUNTIN
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l O < " O <

sUnMUsENOUT 28 i user interface wARINARNSNTVIUNETUNIN
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0.903
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Windnuszansnwnaniltlunisyinunglunihvudswinesinaglaantunisussunanawinlyuswas

anunsauszananandauiulaniunin alavinnisnease Inedsluntndulduudsniesiugianainnisy

[

AuaglnalAvsiuuing waglanadnsnisvnas il

Fuuluntn Anadenaildlunsussatanavasuiazlunin (Mine3und)
5 1.896526
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15 35.965245
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unis
djUnauazafiusiena Jalauanue
5.1 ggunan1saiiuey

PNWaNIIANLTELU Tudauves Face Recognition th [nadnidsyansamuedlunaoenungiil
Tuwaiildanmsimsu Classifier 1o KNN dnenugndesvesnmsvinuneluvihegil 98.7% luimaills
INMswsu Classifier fey MLP feranugnaesvesnsinnglumineddl 96.7% wag lumaiildainnis
w3y Classifier e SVM Tenanugndesvesmsvinngluntied 98.7% lnglunsidenlunai

a

a i ° Y o v as ¢ ° a ' = .
winzaunganazihluldhueglumhuu@siiesaziinisiienainnismenaieves probability ¥as
Tuntilu test data Tuwsiay classifier NANgn lnelunanlvinadnsnangams KNN (K-Nearest
Neighbors) Inedianmugndastunsviunegluntlu test data o9l 98.7% wazldrnafeves

probability vaslunilu test data agj‘ﬁ 99.2%

Tudruveawaundndulavinisiuuni user interface Ineweusiariugiudeya phpMyAdmin

~ = 1 v . ' 1% = v v A a
\euansswaztdundiumiin user interface #9qld Tngansnsafadeyauuandlaluntuanssiedeiv
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