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ABSTRACT

Buddha amulets are the representative of Buddha. They remind Buddhists to live their
life in the right taught. Since there are a large number of amulet editions, one person cannot
recognize every single edition. In the last few years, many works related to automated Buddha
amulets classification in fixed environments have been proposed with satisfactory accuracy.
Mostly, they applied several image processing techniques to extract features and then built the
classifier using various machine learning techniques. Indeed, the quality of extracted features
becomes an essential key to the effectiveness of classifiers. In this work, we propose a deep
cascade CNNs model for effectively classifying the editions of Buddhist amulets. Firstly, a deep
CNN model inspried from Xception is constructed to predict the name of Buddhist amulets.
Secondly, a custom CNNs model is built seperately for each amulets to speicify its edition.
Experimental results show that our model offers satisfactory accuracy of 97% and 98% when
classifying the name of amulets and their editions, respectively. Compared to several well-known
deep learning models, our model has less number of parameters while providing better accuracy.
Notice that our model still makes incorrect predictions in case of incomplete amulet images. To
improve the robustness of our model, it is necessary to further increase the number of this kind of

image in the training dataset.
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aouTgruiunszuiumsMihauiednaeianyuzd1AsaInnIwesnu Tag
Y1 a " a 9 Y} & Y A v o
mslgardinira Tagannwa lduiainnsuesveindeana llduldreduauurunua
[~ 1 a [ 1 @ 4
(Channel) uiadudldun duas, ¥ Qu wazi@ien Taouaazgaamnsounuadlonavine
Y Y
venaNNtuueIatiuld Tastiaiaaa 0 99 255 ananuutios lUvinn Taglunsinw
9 [ - [l v
VIS UUUAVDIMWIY DTN GINTIUFULUAMIUUADUFULUAUDITAT FIAIGUAY 0 1
J % 3 o a { 1 o o <3
Ao lalauds 255 Fuiluddaiinawgl 2.3.4 lunaazganmsihimamuaunduny 1y

Ar9819MsInanuveIneu 1giu

o/1/1/1]|0 4 1{1(1|0 4(3|4
0011|121 0/0/1/1 /1) |(2)4]3
olof1]1]0 0]0]1)1/0) |2]3]|4
oj1|{1|0]0 Olkﬂinc e

onvolve

MU 2.7 udaINTEIIUMIANAUAN YU VBgnmaInAnLra Tag Convolution
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[ [ I a
2.3.5 mMyvsamanuiluzaudu (Activation Function)
] Y )
MIMIA 101ANA Y94 THua 190N IFAlAIALE -1 aude 1 dadumsiden
1 J =K A o o = . A o Y A A Y o a s A P
A0 1ENA ANUARTY 1aell Function Nhwthimen Tasldnaimsniaaiamaiine vl
Y a Yo dy
ANunAedlaoeuTne11e Ianail
2.3.5.159 (ReLU)
vasn IdiinsaeuTagdugdaimuas Idflnesuumuiiinisdsoualdines
1 a3 o a 9 9 as o ~ a A d a
sl udnyamudy a2835095 ReLU  Mnmisunuinavesiineyanianiwasay lu
= s Y [ 4 o 3’; d' Y ] =1 YY)
Wivosuunaiea 0 9aszaandoansm ReLU Hume v Iasinelssaminsunuudainu
a Y v Ay 1l a v A, Y A QA s B °
M3 Geudteyan liihuFaduannam werhawagnszurums miluiae suuwauh
2 o I 1A ~ I 1T Aa A VA Y
ReLU Taeda lumwiduandaavuuaz v lunin dluaudauindiont a1 ReLU A la a2

A A A a
Wingam I asauan

Input Feature Map Rectified Feature Map

A B
‘\.‘.l’ " "."

'\
\

:
Y

white ='positive values Only non-negative valu

MU 2.8 1AAIFUMWARIUNTINNUYOI ReLu

o 1 Jou Y g’; 9 1 o J I 1Y A
NNMINNUMVBININTUNMUUT08NIT 0 HaansIzoenuudu 0 uaoim

1 v I3 I v & o
yINNI 0 NﬁﬁW‘ﬁﬂ%%ﬂ'ﬂﬂM%ﬂuﬂ'luu‘] 53ld] ﬂ"lu')ﬂ!ulﬁ}%']ﬂﬁﬂﬂ1§

max (0, x)



S A 1 1

I 1 o
2.3.5.2 Sigmoid Function (Huslansunlfiaedszriing 0 a9 1 mus ldanaums

U

1
) =T

12

2.3.5.3 Hyperbolic Tangent (tanh) 15 uendunlimodszring -1 84 1 fuaaldnn

LTl

aunisg

tanh(x)
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2.3.6 nwsmaéq ( Pooling)

A 1 an 4 [ 1% o w A
NITWaa yrvandavesTliosuunag Lmmmsnm%’ayjamﬂm"ﬁ'ﬂﬁwaaqmmm

g u

A v U =

o I ! 1 . ' .
swuniduilszianaisIdian ywadedreA1gega (Max Pooling), ANNAE (Average Pooling),

A A A o Y v dAy ¥ = < 1% Y dy d”w
HaTIUNITBOUNITHADN mﬂwNaaww'lﬂmmmmammzimm'i"lmmmu UDNIMNUYIAN

o a J o A a o a3 T AAy a2 9 '

MUIUNITIUABDITLUASNITA mmmﬂumgﬂuiuiﬂiwm Gluﬂimmmmsw”ammﬂmgaqﬂ
o (3 9 49! o ll d‘dy aq Yo 9 ~ o
WMUUAAINTOIVDYAVUUN (filter) Gl'J@fJNiuTIuﬁ'iJﬂJﬁiﬂ@'Jﬂi@ﬂ‘U@Hﬁ VUUIA 2x2 LA A
9 1 ° A A a A o a 4 = I A o < VA
NIYIvaYaUITMINIIINADUNNGL 2 wmcﬁa'lﬂimmmmﬂwm T‘IL%@SLLNWLW@VI'Iﬂ'IiLﬂ‘Uﬂ'WI

gangalunng 2 Ainwa

12 (20 [ 30 | O

8 112 | 2 0 2% 2 Max—Pool\ 20 | 30

34 |70 | 37 | 4 112 | 37

1124100 | 25 | 12

MNTA 2.9 LAAINITHINIUVDS Max-pooling

Y ] 1
uonvINHMsyaasrziawIIUIEULUaYIn wF luns sl sz 185y

v o = v A =~ o A ° 9 ° A = v o
NaaW‘ﬁNf’]@ﬂll’]ﬂ\iﬁ’]llNaaWVlLN@T‘IW@ﬁLLﬂJWVIWTUﬂ'ﬁﬂq ReLU WANINMINITWAaaIITUNAaND

o Pooling

Sum

Only non-negative valy

Rectified Feature Map

MNA 2.10 MIWASNEHAINTIN Pooling
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a <3 ad a
2.3.7 aonlaenssutitsoaiafs naaan CNNs Architecture
3 A = = ] a v
2.3.7.1 VGG dluanilaenssuasevislsyammengilunumnile 41 VGG gnaanu
I { % [ 3’_,
910 Oxford 1WuAUINNIFAINTOIVUIA 3 x 3 (filters) TUUAAZFUVDY convolutions HAE

v g o w .
ER IS I VTR TS IR TGN convolutions

ConvNet Conﬁg-uration

A A-LRN B € D E
11 weight | 11 weight | 13 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
‘ LRN conv3-64 conv3-64 conv3-64 | conv3-64
maxpool

conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
‘ | conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
FC-4096
FC-4096
FC-1000
soft-max

Table 2: Number of parameters (in millions).
[ Network [AAIRN] B | C [ D | E |
[ Number of parameters | 133 [ 133 | 134 [ 138 | 144 |

MNA 2.11 Neural Network Architectures: VGG

2 [l
130118 VGG 19219 multiple convolutiona layers Y119 3x3 1 HA8ULY 1NOLLEA

fnaanyuzNGUdoU dunannnIni 2.9 VAON 3, 4, 5 YD VGG-E: 256 x 256 LAz 512 x

o 9

Y ! 1
512 AINT83 3 x 3 filters Qﬂi%ﬂﬁ?ﬂﬂ‘i\iﬂluﬁ1ﬂﬂlﬁﬂllﬂﬂﬂmaﬂhmgﬁcﬁﬂcﬁﬂuuﬁzﬂ1ii’33Jﬂu

a Aa 1

wa o 1 L [ @ 2 R
yosnuantaninanillszdnsam wu Jvualvg) 512 x 512 classifiers 135U Fuilu

. A dy < Yo 1 Ao a 4 = ~ 9 1 [
convolutional mumu”lﬂ%mmmmuwwmm’muawmmmmmiummﬂumt’mum LA

U

= A ' 3 A 9 I~ A 3 Aa A =~
ﬂ'ﬁFjﬂ@Uﬁil!ﬂ3EJGU1ﬂlﬁaTL!HJu!ﬁ6\1ﬂ1ﬂlla$@]@\Hlﬂﬂ@@ﬂlﬂULﬂ3@%13mu1ﬂlaﬂﬂwﬂ15lwuﬂa$

e

9 '
1aAan v A A Y

y 2 2 4 Aa ) v & a A A
PU V]QWN@ULU@Q%’]ﬂVL 1]'J‘ﬁﬂﬂiuﬂ’]ﬁﬁ]ﬂgﬂ!lﬂﬂﬂlﬁ!ﬂuﬁglﬂﬂﬂﬂﬁﬂlwaﬁﬂﬂﬂwu‘ﬂﬂqiﬂqu

12 Yo v o 9 a )
GIJUTQGlTTﬂJWhlﬂﬁUﬂ'lﬁ‘]_ligslf'lﬁllwu‘ﬁiﬂEJGlGIfW"ISWIIm@Tﬂ']u'JUN"Iﬂ

g
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A 1 = 9 (% 1 gﬂ
anlaenssunsevislszanien VGG lsqadnyazviia vy luvareyy nas
v Y [ ' 9
aosl¥szeznarlumsmauaeudauy
23.72 Inception V3, V2 91nnswauiageaeiiiesnnaa1dasnssunsavie
Yszamifien Inception ¥ lina aonlnenssuneviedszaniien Inception V2 uaz v3 lu
o . o o I . o
9 2015 119 Inception 1@5umsuuzii 19Ty eeption V2 31nmsmuia lasns 1y Batch-
' v 9 1
normalization  TUMIAIUIVAUNABUAL TNV IAVUNIATFIV VOIAMANHULNINUAN
o d A g}./ [
1DIANALALIOTHIOUDITUTAN
=~ a @ . X g ]
T3] 2015 '183n513)a@7 Inception Module Futluaanlnenssunieviedszan
= 1 ) Y QJ o ﬁld = dgl \ a
eujulnilag GoogLeNet latimswannlumssiinuniisneazieauniuniuay a1misn

[

a Y dy
23110 18091

Y 1 A 1

= A a A =\ 9 9
1. NﬂWﬁlWﬂJﬂ35ﬁﬂ‘ﬁﬂTWﬂ']ﬁ‘lﬁaL'JEJ‘L!GUE]\1611@Halsll']glﬂiﬂsll']ﬂiﬂﬂﬂ']ﬁﬁﬁ']\‘]
A ] Ao = Y J A 9 A
TDVWNNUANNANUASAIINNIN NOUNISIIVTINUDYAAUTNUA
A a a A 1A = R A wa A
2. Lmﬂﬂﬁgﬁcﬂ‘ﬁﬂwwmﬂqLﬂﬁ@ellﬁlﬂuﬂ'l'u\laﬂll']ﬂﬂ]unjuﬂ’]ﬁlwuﬂmﬁuﬂﬁ HNIDAINU
Y ¢ A X g
ﬂ'ﬂ\‘l%@\‘llﬁ!ﬂ@ﬁﬁ]glwuﬂlu@ﬂ%‘llﬂujguu
A ' 1 s A A o wa 1
3. Glfla)'}ﬂ'lilwuﬂ’nllﬂfl'moluLlﬁaglﬁlﬂﬂﬁlﬁﬂlwuﬂ’]ﬁijﬂﬂﬂﬂl@\iﬂmﬁuﬂﬂﬂ@u Glutﬁ

Jd o 1 Z’,
19930 11871519 Convolution 111111

[Z TN

Y. /A
// AN

/N
7/ - _ £ —
4/ S N S —
N A ———
o e RN A
e e e A |

WA 2.12 That filter of 5x5 and 7x7 can be decomposed with multiple 3x3

nn: Eugenio Culurciello, (2017)
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&KX o Y A ] a . 3 [
vwinldaodanssunseviedsearunes Inception V. 2.1.7 (HuUaIn N

Filter Concat
3x3
i
3x3 3x3 1x1
i i f
1x1 1x1 Pool 1x1
Base

MNWN 2.13 The new inception module
An: Eugenio Culureiell0,(2017)

o Y 1 | {
4. ms19@In3 04 (filter) aeransndosaaislay Convolution) iy Tugad

o 9y X [ =
FUFDUNINVU AINTINN 2.13

| Filter Concat |

nx1

1xn

nx1 nx1
1xn | 1xn 1x1
| 1x1 | l 1x1 | |P00|| | 1x1 |

Base

MNN 2.14 Decomposed by flattened Convolutions

nn: Eugenio Culureiell0,(2017)
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5. Tuga Inception d3finnuenansalumsanvuiavesioyalaenis Pooling Tuumz
o L g - v v o A . 1 o
mymu Fuuiugumiioudunumsadutiums Convolution uuvguuiulumsviiau

Simple pooling layer AININN 2.15

Filter Concat

3x3
stride 2

i

3x3 3x3
stride 1 stride 2

Pool
stride 2

e

NN 2.15 Decrease the size of the data
nn: Eugenio Culureiell0,(2017)
a 9y d? 9 [ % . =\ Y A
2.3.7.4 ResNet Qﬂﬂﬂﬂu‘llullw\liﬂiﬁ] AUND Inception V IﬂEJJJﬂ'Iﬁ feed *U’l’)ll“m/ii@

v J Y y . ' ' A o 2 A Y o & o
HAANT VOINITDI¥Y Convolutional DYINADIUDI uazfmiamammﬁﬂ@umaga"lﬂawuaﬂ”liJ

AN 2.16

identity

NN 2.16 Feed the output of two successive convolutional layer

nn: Eugenio Culureiell0,(2017)



18

I o . ' v . .
ResNet 11J14M1531 residual modules 319974 tiaz 19 stochastic descent gradient U1
o [ <3 J °
MU A7 input VSN preprocess Taamsuuadu patch QN9 ﬂaugﬂumaﬁuﬂuiuma ResNet
3 & 2 o = a ya= £ Y
Lﬂuﬁuﬁiuﬁﬂ']ﬂ@ﬂﬂiill monster "“]Nﬂ”l?iLlﬂﬂ’NNE’IﬂﬂJﬂQﬁﬂTﬂﬁﬂﬂiﬁﬂﬂﬁliﬂugﬂaﬂcﬂx‘]l‘lﬂ
961911939) Residual Networks (ResNet in sh 15znoudae Tugainaosuauuinauuds

3 9 &l [ A
L']_IL!IﬂﬁﬂﬁiTﬂWHiTuﬂl@QﬁﬂTﬂﬁﬂﬂiill ResNet A4NT1WN 2.17

X} Xy

-

BN
v
BN RelU

F*.elLU

BN
i
BN RelU
addition

addition

RelU
¥
X+ X+
(a) oniginal (b) proposed

MNN 2.17 Residual Networks (ResNet in Short)

nn: Eugenio Culureiell0,(2017)

=\

9
23.7.5 Xception Frangois Chollet 1apontuyInga Xception UUNT LAINDI

2

anuansorelsulyslugatazannlaonssumsEuduaitsanidaenssufizodonazd
dy é = a A [ Y . = o d' Y 1 [
WINVUFINUTZANTAIWNIAY ResNet 112 Inception V4 HANNTINNUNUBHAININNI A9

NN 2.19 11ag 2.20
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Xception

input (J) separable convad (J)

convolution with 1x1 convolutions
1to 1 connections  from J to K maps
J to J maps
NN 2.18 The Xception module
nn: Eugenio Culureiell0,(2017)
Entry flow Middle flow Exit flow
299x299x3 images 18x18x728 feature maps 18x18x728 feature maps

Conv 32, 3x3, stride=2x2

. o SeparableConv 728, 3x3

SeparableConv 728, 3x3

[RelU = RaLll couy 1xt
SeparableConv 728, 3x3 stride=2x2| [SeparableConv 1024, 3x3

MaxPooling 3x3, stride=2x2
o et SeparableConv 728, 3x3
stride=2x2| [SeparableConv 128, 3x3 ®

SeparableConv 1536, 3x3

SeparableConv 2048, 3x3
> 00 N |

GlobalAveragePooling

MaxPooling 3x3, stride=2x2

18x18x728 feature maps

[Rev |
SeparableConv 256, 3x3

Conv 1x1 ReLU
stride=2x2| [SeparableConv 256, 3x3

MaxPooling 3x3, stride=2x2

Repeated 8 times

2048-dimensional vectors

Optional fully-connecter layer

Logistic regression

Conv 1x1
stride=2x2

[Ret0 ]
SeparableConv 728, 3x3
MaxPooling 3x3, stride=2x2

18x18x728 feature maps

MNN 2.19 The Xception Architecture

1311: Eugenio Culureiell0,(2017)

Y
a011nenIsuATOUIYTTaIMAOY Xeeption NI IUIUNIHUA 36 convolutional
Y

o Y o J v 3 1 v 9 Y
TuaauMsImaulnamesny ResNet-34 !W]qﬁlﬂllﬂﬂllﬁ%i‘ﬂﬁlﬂuﬁTﬂﬂ'ﬂ ResNet Llﬁglslﬂsl%vlﬂ
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dy [ . = o Y A ] =} I A
HWINYUNIT Inception V4 ﬁ]\‘]‘I/I"Ial‘}”iﬁ'fn‘]j@'lEJﬂi'iiJLﬂi’f]‘lﬂfJ‘]Ji%ﬁ'WIWIEJiJ Xception L‘}Juwmﬁu%
2
UINYY
2.3.7.6 E-NET Abhishek Chaurasia, Sangpol Kim and Eugenio Culurciello (2016 W
’ A

A 1 =) = a A = R é’d Y 9
wsevelszaninoulyse@nsmmonsJuuunie F9 E-Net HHyayarnae e saly

U Q q

Y ¢ A AAqQ Y o YA A o
Qm"lﬂuuq'1Jﬂimmaauwm“l%wawmmuazmmia‘ﬂszmawa“lﬂmlmmgmum

g‘/ 1 ] A o Y o P 9 A
aodaenssuNIuAveg E-Net E‘T’Juiﬁﬂﬁ]%uﬂﬂﬂﬂ!%ﬂa"lﬂﬂﬂ ResNets ‘VIlIIf"IiQﬁiN‘V]LLEJﬂ
I~ ~ 1w o 1 A o Y o 2 9
ponunatea1vinueneaen mewﬁmﬂaumumsmuﬂmaﬂymziw%mﬂumﬂmu”lﬂ

1 [ Y o 1 Y @ 1
AN TUABAULUUUDI ResNet 208714 TATIA3 19AINNN 2.20

Name Type Output size

Ly = 256 = 256
64 = 128 = 128
64 = 128 x 128

initial

bottleneck 1.0
4 = bottleneckl x

downsampling

bottleneck2.0
bottleneck2. 1

downsampling 128 x 64 = 64

128 x 64 = 64

bottleneck2.2 dilated 2 128 = 64 = 64
bottleneck2.3 asymmetric 5 128 x 64 = 64
bottleneck2.4 dilated 4 128 = 64 = 64
bottleneck 2.5 128 = 64 = 64
bottleneck2.6 dilated 8 128 x 64 = 64
bottleneck?2.7 asymmetric 5 128 x 64 = 64
bottleneck2.8 dilated 16 128 = 64 = 64

Repeat section 2, without bottleneck2.0

bottleneck4.0 upsampling G4 x 128 x 128
bottleneck4. 1 64 = 128 = 128
bottleneck4.2 64 = 128 » 128
bottleneck 5.0 upsampling 16 x 256 x 256
bottleneck5. 1 16 = 256 = 256

fullconv C' x 512 %512

MNN 2.20 Architecure of ENet

31: ENet: A Deep Neural Network Architecture for Real Time Semantic Segmentation (2016)

AIUEUAUYOY (E-Net) Initial block 512 fin msthdoynienming Tuaall

= 2 Yt < A g A o
ANuazeYA( x16) G]Nﬁ’\?Waiﬂuﬂ]u’lﬂﬂ’liuﬁﬂﬂNaqlﬂ\iﬂa@ﬂliuﬂuﬂ 512 x 256 x 256 1ia491N
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NUMITINAIYBY Convolution 13 ) filters 1tag ( MaxPooling 2 without overlap ) LHAIAINTNT

2.21

Input

3x3, stride 2 MaxPooling

Concat

MW 221 Initial block of ENet
l31: ENet: A Deep Neural Network Architecture for Real Time Semantic Segmentation (2016)
U ' < o { 1
TudruaeuuiluTuga Bottleneck ¥ Inseaiamilioununni 3222 uaazaian
Y Y ]
UsznouliUdae5u M39i1 Convolution ASILININDAATIBAAYUIAVDITOYARIAIGUUIA 1x]

[l Y
c‘fﬁﬁﬂﬁ’szmn Convolution 1811 UNAUNTUVSIEA N15¥19TU Batch normalization Uag

9 Y Y H v
ReLu 92gn2191352%319 Convolution #913199101Iu 1% Dropout :Faiuil - dsnmi 2.22

Mazx Poaling conv
[ PR=LU
I___E‘{ddLni;___: 1}i1
l Regularizer |
o
1PF|BLU

MNN 2.22 Bottleneck module of ENet

ﬁ?ﬂ: ENet: A Deep Neural Network Architecture for Real Time Semantic Segmentation (2016)
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2.3.7.7 Siamese

11 x 11 Convolutional Layer + ReLU 3 x 3 Convolutional Layer + ReLU Fully Connected Layer + ReLU
5 x 5 Convolutional Layer + ReLU F.C. Layer + ReLU + Dropout

Local Response Normalisation
2 x 2 Max Pooling Layer e e e e g

Dropout

-' L(slqsmy)

MNA 2.23 vaasaatinenssuvedluaa Siamese

Wumniszowaietisdlszammstszgndldau Tasi amdaonssui

milounuuhmsneudisudeyaiieninaaisvesdoya lasmsmuinsses iieninw

Yo A o A v ' A = 3 Ay v
Tndnuiiesla TasmsritoyandoinnaruszuaIoslssamniaeaaziiwan laan

k)

W52z HINUDITDYA

U ~ Y a K
2.4 MIATIVAVINYGNMIIIIYUJIFIAN

sUnmlaeia lvgliosAllsznouaisn eglugil wu 31 dad du'llf aenld dauue

X A

< s & ' P Al Ag o ~
Wueanlszneuvoastain Faunazeanllsenouaz NN UUDIA D DIUMTNEIWN VL

U

| ¥ oA '

,&' A Ao 1 a3 @ a 2 @ 1 A
ATIVADUHINUN NINYUUDY LWE]izu’J'ILTJU’J@]Q%uﬂGlﬂ Tﬂﬂﬂ'liWEl'lEl'liJ@]ﬂiﬂ‘]J’mq AN NoY

Q U U

Tugam
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Deep Convolutional >  Loss
Neural Network

: Segmentation Estimation
Bbox annotations

MNN 2.24 Segmentation
fan: Image Segmentation Algorithms Overview (2017)

2.5 Mm3Ialszansnn (Performance Evaluation)
M35 aNTMNNMIIUUNLVVUTOIAaS (Binary-Class  Classification) @14159
Y
naaslanail
a o a 4 a oA o
2.5.1 ADUTIFUILINT A (Confusion Matrix) A0 IUN3 AFNLAAINAVDINITVILUA IABLIAN
A o 9 Y ] ~ = o 9 I
pasunSuun ldauaaa dsiedielu a13199 2 Faaasmsswundoyailu 2 aad
1 1 Y A g’/ I o A v J 1 1 o
TagmuaazunluaadniuIuvayanlaaratiuiumaoungnies diu mluuaasnanuaag

) A o v 4 v o
mmumayjawmmﬂ"lﬂﬂmﬁuu mrualiansuaaala I

'
A o

(1) TP fim auudeyanivihie ldnaanuilaazyiuiegn (True Positive)

G

o

(2) FP fio muaudeyaning ldaaranvtiaazyinuneia (False Positive)

u

(3) TN f® ﬁ]m:m61’1’@3Ja1’71ﬁmw"lﬁ'ﬂmﬁﬁaamazﬁmwgﬂ (True Negative)

U

A o

9 Y { o a .
(4) FN fio 1uiuveyanine ldnaanasatazyiuiena (True Negative)

U
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{ o ] a) o a 4 o
m‘snﬁ 2.1 AU AU ITUIUNT NFVDINTVWUNLUY 2 Aad

AaaNIIUe
) 2 )
YRR SYETRTRETET] uu Truag
a 9 ds!
AVDI U THYVUU TP FN
9
RN SVETETREE: FP TN

2.5.2 a1l anIMwIunaIuAad
< v W a a d’Q Y o av A 1 1 [ dy 1 d'
Taona ldariadszansmmnieulanuluauiseiiog 4 a1 aeliainnuie
I @ 1 ) ) A @ [ [
(Precision) 1HUMTIAANNUNUGIVOVVTIADI IAgNITNIITAMENNAZAAE AIDE11FY
[ o o 1 o g 1 1 o 3’;
m3danuuuiassinnenmaeeuiiuuingndeum lusnnwamshueaarduinnavug
RIRELTE,

TP Precision = TP + FP

1 < Y o a
AANNIZAN (Recall) 11UN15IANINYNABIVBLUVTIA0I TABNITNIIT RN T
azAa1d AI9e1urN MIdawamsiueamauINAugnAs lusiesunuaaiauln
Y
VIININNA

TP Recall = TP + FN

1 [ I Y d' = o 9 [
anenliu (F)  Wumstaanumesazanuszanveauuiiass lindey o fu
Y
Tageua laan aumsaaae li

2x Precisionx Recall F1= Precision+ Recall

1 1 ) I 1% ' ) o 1
ANNNULYUET (Accuracy) L‘]Jllﬂ1§'§l@ﬂ'ﬂllllllu&’]“llﬂ\‘]LL‘].I‘]Jﬁ]']ﬁ’(’)QIﬂ?Ji'HJ ﬂa”l')ﬁ@
H Y b4
BINMEAGEN ﬁ']l!']ﬂﬁ‘]ﬂﬂﬂiﬁﬁnﬂﬂ"lu'luﬂTiﬁ']u']fWNWllﬁ

TP TN Accuracy = TP FP TN FN
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U

a d‘ d‘ Y

2.6 1HIVYNINYIVDI

2.6.1 Imanol Schlag : Ancient Roman Coin Recognition in the Wild using Deep Learning
Based Recognition of Artistically Depicted Face Profiles ( 2017 )"lﬁ}?fﬂyﬁﬁﬂmimaﬂﬁeu
wisony T50u TaglHinaiia minsrnaeulunihuesntnid Tsdunaazmis Tasswunaiy
v 9 v ad
aﬂﬂm$1UWu1ﬂl@\1ﬂH@§ﬂ
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Model Parameter Epoch Learning rate Loss funetions Optimizer Transfer learning//Train from seratch
Custom CNN 2,662,122 | 100 0.001 SparseCategoricalCrossentropy | Adam None
Custom VGG16 | 9,291,850 | 100 0.001 SparseCategoricalCrossentropy | Adam None
ResNet50 23,564,800| 100 0.001 CategoricalCrossentropy Adam imagenet
EfficeinNetBO 5,730,169 | 100 0.001 CategoricalCrossentropy Adam imagenet
EfficeinNetB3 10,783,535| 100 0.001 CategoricalCrossentropy Adam imagenet
Siamess 13,875,668 | 100 0.001 Margin RMSprop None
Custom Xception | 4,220,906 | 500 0.001 CategoricalCrossentropy Adam None
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4.1.3. HAaMINATDUMUIIFONITZIAT B4
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3197 4.2 vansnaaeineFensziaseauusIN Ias 1y luaa Xeeption

Xception x4
@
i
S @
£ &
g 9
s 3
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a &
3 4]
LPK LPS LPT LPU PKP PNP PRW PSK PSP PSW o =
LPK 49 1 0 0 0 0 0 0 0 0 50 0.9800] 0.9423
LPS 1 79 0 1 1 0 0 0 0 0 82| 0.9634| 0.9294
LPT 0 2 42 0 0 0 0 0 0 0 44 0.9545 0.9767
LPU 1 1 0 50 0 0 0 0 0 0 52 0.9615 0.9259
PKP 0 0 0 2 58 0 0 0 0 0 60| 0.9667| 0.9667
PNP 0 0 0 1 0 43 0 0 0 0 44 0.9773 0.9556
PRW 1 0 1 0 0 1 49 1 1 1 55 0.8909 1.0000
PSK 0 1 0 0 1 1 0 61 0 1 65| 0.9385| 0.9531
Psp 0 1 0 0 0 0 0 1 46 1 49 0.9388 0.9787
PSW 0 0 0 0 1 1 0 1 0 70 73 0.9589 0.9589
0.9530 0.9587
Weighted class
Weighted Precision
Weighted Recall
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gy
Model Parameter Epoch Learningrate Loss functions Optimizer Transfer learning//Train from scratch
Custom CNN 2,662,122 | 100 0.001 SparseCategoricalCrossentropy | Adam None
Custom VGG16 | 9,291,850 | 100 0.001 SparseCategoricalCrossentropy | Adam None
ResNet50 23,564,800 100 0.001 CategoricalCrossentropy Adam imagenet
EfficeinNetB0 5,730,169 | 100 0.001 CategoricalCrossentropy Adam imagenet
EfficeinNetB3 10,783,535 100 0.001 CategoricalCrossentropy Adam imagenet
Siamess 13,875,668 | 100 0.001 Margin RMSprop None
Custom Xception | 4,220,906 | 500 0.001 CategoricalCrossentropy Adam None

422 HANMINATOUINUIBAAANTZIATOIMUUA ULDY
4.2.2.1 Tu@a Custom CNN
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M31eh 4.5 HaNINAToUIUIBFOTUNTZIATOIFUEDOIUURNI IAs1H Custom CNN

08

Class precision recall fl-score support
KPO (Class 0) 1.00 1.00 1.00 10.00
KP1 (Class 1) 1.00 1.00 1.00 10.00
KP2 (Class 2) 1.00 1.00 1.00 10.00
KP3 (Class 3) 1.00 1.00 1.00 10.00
KP4 (Class 4) 1.00 1.00 1.00 10.00
KP5 (Class 5) 1.00 0.80 0.89 10.00
KP6 (Class 6) 1.00 1.00 1.00 10.00
KP7 (Class 7) 0.83 1.00 0.91 10.00
KP8 (Class 8) 1.00 1.00 1.00 10.00
KP9 (Class 9) 1.00 1.00 1.00 10.00
accuracy 0.98 100.00
macro avg 0.98 0.98 0.98 100.00
weighted avg 0.98 0.98 0.98 100.00

Training and Validation Accuracy

/,,-‘ — «"—W-_;n—-»» L

20 40

Tue label

05
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0

0
’D
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KPO KPL KP2Z KP3 KP4 KPS KPE KPT KPS KPS

Predicted |abel

Training and Validation Loss

—— Faining Loss
Validation Loss

M 4.5 #aNMINAToUTIUIOFOTUNTLIATOITUI0OUUR 1A8TH Custom CNN
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4.2.2.2 Tuaa Custom VGG16

M35197 4.6 LAAINANTNATOUNIZIATOIFUEDOUUUAI TaslF Tuma Custom VGG16

Class precision recall fl-score support
KPO (Class 0) 1.00f 1.00 1.00 10.00
KP1 (Class 1) 1.00{ 1.00 1.00 10.00
KP2 (Class 2) 1.00| 1.00 1.00 10.00
KP3 (Class 3) 1.00| 1.00 1.00 10.00
KP4 (Class 4) 1.00| 1.00 1.00 10.00
KPS (Class 5) 1.00| 0.80 0.89 10.00
KP6 (Class 6) 1.00| 1.00 1.00 10.00
KP7 (Class 7) 0.83| 1.00 0.91 10.00
KP8 (Class 8) 1.00| 1.00 1.00 10.00
KP9 (Class 9) 1.00| 1.00 1.00 10.00
accuracy 0.98 100.00
macro avg 0.98| 0.98 0.28 100.00
weighted avg 0.98| 0.98 0.98 100.00
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Training and Validation Accuracy Training and Validation Loss

10 —— Taining Loss
1l —— Validation Loss
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o 20 0 &0 80 100 0 20 40 60 80 100

-10
KPO
KP1
-8
KP2
KP3
= -6
[
2 KP4
S KPS
U M
KP6
KP7
-2
KPS
KP9

KPO KP1 KP2 KP3 KP4 KPS KPG KPT7 KPB KPS
Predicted label
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4.2.2.3 Tuipa RESNET
HANINATODIIN M5 19011 Tuea RESNET lienunsarhausenszinsoajugos
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M3190 4.7 UAAINANTNATOUNTZIATOIFUEDOIUUNS Tasld luma RESNET

Class precision recall fl-score support
KPO (Class 0) 0.14) 0.20 0.17 10.00
KP1 (Class 1) 0.33 0.30 0.32 10.00
KP2 (Class 2) 0.10) 0.10 0.10 10.00
KP3 (Class 3) 0.11 0.10 0.11 10.00
KP4 [Class 4) 0.12] 0.10 0.11 10.00
KP5 (Class 5) 0.20 0.10 0.13 10.00
KPa (Class ) 0.00 0.00 0.00 10.00
KP7 (Class 7) 0.13 0.20 0.16 10.00
KP8 (Class 8) 0.00 0.00 0.00 10.00
KP9 (Class 9) 0.09 0.10 0.10 10.00
accuracy 0.12 100.00
macro avg 0.12f 0.12 0.12 100.00
weighted avg 0.12| 0.12 0.12 100.00

¥ [12] resent_model = ResNet5@V2(include_top=False, weights="imagenet', input_shape=IMAGE_SIZE + [2])

[7] for layer in resent_model.layers:
layer.trainable = False

’ [8] resnet_model = Sequential()

pretrained_model~ tf.keras.applications.ResNet5@(include_topw=False,
input_shape=(300,300,3),
pooling="avg',classes=12,
weights="imagenet')
for layer in pretrained_model.layers:
layer.trainable=False

resnet_model.add(pretrained_model)

[13] resnet_model.add(Flatten())
resnet_model.add(Dense(512, activation="relu'))
resnet_model.add(Dense(1@, activation='softmax’))

° resnet_model. summary()

v Y
MNN 4.9 uﬁﬂamﬁmmwnmma%maﬂuma RestNet50



—— train loss
101 ~—— val loss
84
64
44
i KR
O-
0 20 40 60 80 100
[46] resnet_model.summary()
Model: "sequential 1"
Layer (type) Output Shape Param #
resnet50 (Functional) (None, 2048) 23587712
flatten_4 (Flatten) (None, 20848) [}
dense_5 (Dense) (None, 512) 1049088
dense_6 (Dense) (None, 5) 2565

Total params: 24,639,365
Trainable params: 1,051,653
Non-trainable params: 23,587,712

10 1

08 A

06

04 4

02 A
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= train acc
— wval acc

] 20 40 60 80 100

KO KL K2 KPS Kee KPS KPS KBT KPR KPO
Predicted label

MW 4.10 HAAINAMINATDUNTZIATOIFUGOBLDUMI Taold Tuaa RESNET

4.2.2.4 T1u1@a EfficeinNet BO
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M3197 4.8 LAAINANITNATOUNTZIAT 03 UGDBUUUAS Tasld luaa EfficeinNet BO

Class precision recall fl-score support
KPQO (Class Q) 0.00| 0.00 0.00 10.00
KP1 (Class 1) 0.00| 0.00 0.00 10.00
KP2 (Class 2) 0.00| 0.00 0.00 10.00
KP3 (Class 3) 0.00| 0.00 0.00 10.00
KP4 (Class 4) 0.00| 0.00 0.00 10.00
KP5 (Class 5) 10.00| 1.00{ 18.00 10.00
KP6 (Class 6) 0.00| 0.00 0.00 10.00
KP7 (Class 7) 0.00| 0.00 0.00 10.00
KP8 (Class 8) 0.00| 0.00 0.00 10.00
KP9 (Class 9) 0.00| 0.00 0.00 10.00
accuracy 0.10 100.00
macro avg 0.10| 0.10 0.02 100.00
weighted avg 0.10| 0.10 0.02| 100.00
[ ] resent_model = EfficientNetBe(include_top=False,weights='imagenet’,input_shape=IMAGE_SIZE + [3])

for layer in resent_model.layers:
layer.trainable = False

] resent_model.summary ()}

[ 1 x = Flatten()

x = Dense(108,activation="relu")

x = Dense(18,activation="scftmax’)

model = Model{inputs=resent_model.input, outputs=x)

[ 1 medel.summary()

v Y
MNA 4.11 Lm’ﬂ\iﬂ"ﬁﬂQﬂ"IW"I'iHJm?)g’@hﬁﬁ‘Utha EfficeinNet BO

—— train loss 020 g i Y—
45 val loss
| 1l
018 [
40 I
016 |
35 —— train acc
014 val acc
20 012
25 010
0 20 40 60 8 100 0 2 40 60 4 100

MW 4,12 HAAINANMINATOUNITZIATOIFUGOEIDUMI Tnald Tuaa EfficeinNet BO



predict class: § | Pred: 017263

R L

predict class: $ | Pred: 0.17252

predict class: 5 | Pred: 017251

E E

predict class: S | Pred 0

l%

predict class: 5 | Pred 0

17254

17261

predict class 5 l Pred 0

17252

M 4.13 dregngiiinnedoda Taoldluaa EfficeinNet BO

4.2.2.5 JuAa EfficeinNet B3

predict class: § | Pred: 0.17256
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WANIINATDUIIN mﬂ%’qm Tuiaa EfficeinNet B0 Tiannsahaudensznies
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M3197 4.9 LAAINANTNATOUNITZIAT D93 UGRBDUHI 1819 Tuiaa EfficeinNet B3

Class precision recall fl-score support
KPO (Class 0) 0.00| 0.00 0.00 10.00
KP1 (Class 1) 0.00| 0.00 0.00 10.00
KP2 (Class 2) 0.00| 0.00 0.00 10.00
KP3 (Class 3) 0.00| 0.00 0.00 10.00
KP4 (Class 4) 0.00| 0.00 0.00 10.00
KP5 (Class 5) 10.00| 1.00/ 18.00 10.00
KP6 (Class 6) 0.00| 0.00 0.00 10.00
KP7 (Class 7) 0.00| 0.00 0.00 10.00
KP8 (Class 8) 0.00| 0.00 0.00 10.00
KP9 (Class 9) 0.00{ 0.00 0.00 10.00
accuracy 0.10 100.00
macro avg 0.10{ 0.10 0.02 100.00
weighted avg 0.10| 0.10 0.02 100.00




[ ] resent_model = EfficientNetB3(include_top=False,weights='imagenet',input_shape=IMAGE_SIZE + [3])

[ 1 for layer in resent_model.layers:
layer.trainable = False

[ 1 resent_model.summary()

x = Conv2D(128, (3, 3), activation='relu’)(resent_model.output)
% = MaxPooling2D(pool_size=(2, 2))(x)

x = Flatten()(x)

x = Dense(1€@,activation="relu’)(x)

x = Dense(10,activation='softmax’)(x)

model = Model(inputs=resent_model.input, outputs=x)

[ ] model.summary()

' F
o 1 a J o [ .
MNA 4.14 LEAINTAIANITINADT 115V TIAa EfficeinNet B3

60 —— train loss 020

55 val loss
018

50

4 016

40 014

35 012

30 010 = S

25 = train acc
008 ~ val acc

0 2 2 &0 ) 100 0 2 P &0 80 100

MWA 4.15 LAAIHANTNATOUNTZIATOITUBDBNUUAN Tao]s luaa EfficeinNet B3

prodict class: § | Pred. 017250 prodict class: § | Pred.

= 017276
predict class: § | Pred: 017252 preduct class: 5 | Pred 0.17267 =

predict class: 5 | Pred: 017276 predict class: 5 | Pred. 0.17256
P

predict class: 5 | Pred: 017277

predict class § | Pred: 017269 predict class: § | Pred 017279

peedict class- 5 | Pred: 0.17245 predict class: 5 | Pred: 0.17249

predict class: 5 | Pred: 0.17269 predict class. 5 | Pred: 0.17256

M 4.16 Areengiiinorenalaoldluaa EfficeinNet B3

peedict class. 5 | Pred. 017243 predict class. 5 | Pred: 017263
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M3197 4.10 LAAINANINATOUNIZIATOIFUIDLUUMI TnelH Tuiaa Siamese

Total

Percent

VN WO [ [O[F |~

=== ===

[}
u

1 0 10 0.2

3 0 10 0.3

0 0 10 0.2
0 5 0 10 0|
0 4 0 10 0|
0 0 0 10 0.6
0 0 0 10 100
0 3 0 10 0.1
0 0 10 0.5
0 10 0|
2 10.19|

Mode! accuracy
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4.2.3.1 TuiAa Custom CNN
o A A ~
ﬂﬁ1/]ﬂﬁ’e)°1Jﬂ13VHHWEJ“IT?JWiSLﬂi’OQLm‘iJMiEJﬂJ Iﬂﬂiﬁfﬁulﬂﬁ Custom CNN @150
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M3190 4.11 uAAINANINATOUNIZIAT0IFUEDELLUI I ory Tariz Tag 14 Tuiaa Custom CNN

Class precision recall fl-score support
LPKO (Class 0) 1 1 1 10
LPK1 (Class 1) 1 1 1 10
LPK2 (Class 2) 1 1 1 10
LPK3 (Class 3) 1 1 1 10
LPK4 (Class 4) 1 1 1 10
LPK5 (Class 5) 1 0.9 0.95 10
LPK6 (Class 6) 091 1 0.95 10
LPK7 (Class 7) 1 1 1 10
LPK8 (Class 8) 1 1 1 10
LPK9 (Class 9) 1 1 1 10
accuracy 0.99 100.00
macro avg 0.99| 0.99 0.99 100.00
weighted avg 0.99| 0.99 0.99 100.00
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Training and Validation Accuracy Training and Validation Loss

Validation Loss

— Taining Accuracy

¥ue |abe!
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Predicted labe

MW 4.19 LEAINANINATOUNTZIATDIFUEDOIULIVT oy Tarz Tag 9 Tuaa Custom CNN

Ml 4.20 Aedegiliihiunedona Tagldluna CNN

4.2.3.2 Tuaa Custom VGG16
° A A A 9
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M3197 4.12 uAAINAMINATOUNIZIATBIFUEDOLLUI ony Tanz Tag 1y Tuaa Custom

VGG16

Class precision recall fl-score support
LPKO (Class 0) 1 1 1 10
LPK1 (Class 1) 1 1 1 10
LPK2 (Class 2) 1 1 1 10
LPK3 (Class 3) 1 1 1 10
LPK4 (Class 4) 1 1 1 10
LPK5 (Class 5) 1 1 1 10
LPK6 (Class 6) 1 1 1 10
LPK7 (Class 7) 1 1 1 10
LPK8 (Class 8) 1 1 1 10
LPK9 (Class 9) 1 1 1 10
accuracy 1.00 100.00
macro avg 1.00) 1.00 1.00 100.00
weighted avg 1.00| 1.00 1.00| 100.00
Training and Validation Accuracy . Training and Validation Loss
0o e T —
f .
LE:]
06
10
|
05
02
T v w0 b
o 20 40 60 80 100 0 20 40 &0 80 100

KPO
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~
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KPO KP1 KP2 KP3 KP4 KPS KP6 KP7 KP8 KP9
Predicted label

MW 421 BaaIRamInadeUNIziAIoIgudosnuson Tans Taeldluea Custom

VGG16
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4.2.3.3 Tyaa RESNET

MInAgoUMIIIUIeTonsZIAToDUVSon Taeld luea RESNET a1m130
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M5197 4.13 uaaIaMINAdoUNIZIATeIgUEooLUIIony Taviz Tag1d Tuiaa RESNET

Class precision  recall fl-score support
LPKO (Class 0) 0 0 0 10
LPK1 (Class 1) 0 0 0 10
LPK2 (Class 2) 0.1 0.1 0.1 10
LPK3 (Class 3) 0.1 0.1 0.1 10
LPK4 (Class 4) 0 0 0 10
LPK5 (Class 5) 0 0 0 10
LPK6 (Class 6) 0 0 0 10
LPK7 (Class 7) 0.2 0.2 1 10
LPK8 (Class 8) 0 0 0 10
LPK9 (Class 9) 0 0 0 10
accuracy 0.40 100.00
macro avg 0.40, 0.40 0.40 100.00
weighted avg 0.40| 0.40 0.40 100.00

[12] resent_model = ResNet5ev2(include_top=False, weights="imagenet’, input_shape=IMAGE_SIZE + [3])
¢ [7] for layer in resent_model.layers:

layer.trainable = False

/ [8] resnet_model = Sequential()

pretrained_model= tf.keras.applications.ResNetSa(includs_top=False,
input_shape=(30¢
pooling="avg',classes=1@,
weightse'imagenet®)

0a,3),

for layer in pretrained model.layers:
layer.trainable=False

resnet_model .add(pretrained_model)

“ [13] resnet_model.add(Flatten())
resnet_model .add(Dense(512, activation='relu'))
resnet_model .add(Dense(18, activation='softmax'))

[14] resnet_model.summary()
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Training and Validate Accuracy Training and Validate Loss

10 - SN v 6 — train loss
val loss
09 [ N
08 1
4
07
06 3
051 2
044
1
031 == train acc
al acc
T T T T T = o
0 20 2 60 80 100 o 2 20 P 0 100

P4 LPs
Predicted label
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4.2.3.4 Tu@a EfficeinNet BO
o Ad' Ad' = Y .
ﬂ'li‘Vlﬂﬁf]‘lJﬂ'li‘i/’I'l‘L!'lfJ‘]f’E]WixLﬂiﬂﬂlllmmﬁﬂiy Tﬂ&l‘lﬂmm EfficeinNet BO
o d' a I o o J = % o
mmmmuw%awmﬂummumﬂ ﬂTﬁ/’I'l‘L!1EJ"IfﬂvliJllﬂ'l’iﬂi$i]'IFJG]’Jﬂﬁ1ﬂ11!1888ﬂ"lﬂ11!1/;|ﬂ"']

A [ [ A Y Y
¥ ua liasnszyve lagndoa
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EfficeinNet BO

Class precision recall fl-score support
LPO (Class 0) 0.00/ 0.00 0.00 10.00
LP1 (Class 1) 0.10, 0.10 0.18 10.00
LP2 (Class 2) 0.00, 0.00 0.00 10.00
LP3 (Class 3) 0.00| 0.00 0.00 10.00
LP4 (Class 4) 0.00, 0.00 0.00 10.00
LP5 (Class 5) 0.00/ 0.00 0.00 10.00
LP6 (Class 6) 0.00, 0.00 0.00 10.00
LP7 (Class 7) 0.00, 0.00 0.00 10.00
LP8 (Class 8) 0.00/ 0.00 0.00 10.00
LP9 (Class 9) 0.00) 0.00 0.00 10.00
accuracy 0.10 100.00
macro avg 0.01, 0.10 0.02 100.00
weighted avg 0.10| 0.10 0.02| 100.00

] resent_model = EfficientNetBe(include_top=False,weights=

for layer in resent_model. layers:
layer.trainable = False

resent_model.summary()

] x = Flatten()

x = Dense(18@,activation="relu')

% = Dense(1@,activation="softmax")

model = Model(inputs=resent_model.input, outputs=x)

model . summary( )

AN 4.24 1AAIAINTITNDS Tuaa RESNET

013

012

011

010

009

008

Training and Validate Accuracy

'imagenet’, input_shape=IMAGE_SIZE + [3])

Training and Validate Loss

| = train loss
45 val loss
[ 40
35
[ WV
v“ BARARLAL 30
== train acc 25 \
val acc

0 2 Py & 80 100 0 2 © & 80 100
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4.2.3.5 Tai@a EfficeinNet B3
o A A S Y .
f‘ﬂﬁ“I/Iﬂﬁ"f)‘]_lﬂTS‘VHHTfJG]f’E)Wig!ﬂiﬂ\‘iLL‘U‘UWﬁfJﬂeJ, Iﬂﬂi%hﬂﬂﬁ EfficeinNet B0

o A a I o o A 1= o o
asomIIeFeHa U IUINNIN fﬂﬁmuWEJGH’E)lliJJJﬂTiﬂi$ﬂTﬂ@]ﬂﬂTiﬂWHTﬂﬂﬂﬂqﬂiunﬂ“}

A m ot A Y Y
¥o ua luaunsnszyye ldgnaes

G
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EfficeinNet B3
Class precision recall fl-score support

LPO (Class 0) 0.00| 0.00 0.00 10.00
LP1 (Class 1) 0.10| 0.10 0.19 10.00
LP2 (Class 2) 0.00| 0.00 0.00 10.00
LP3 (Class 3) 0.00| 0.00 0.00 10.00
LP4 (Class 4) 0.00 0.00 0.00 10.00
LP5 (Class 5) 0.00| 0.00 0.00 10.00
LP6 (Class 6) 0.00| 0.00 0.00 10.00
LP7 (Class 7) 0.00 0.00 0.00 10.00
LP8 (Class 8) 0.00 0.00 0.00 10.00
LP9 (Class 9) 0.00 0.00 0.00 10.00
accuracy 0.10 100.00
macro avg 0.01] 0.10 0.02 100.00
weighted avg 0.10| 0.10 0.02| 100.00

[ ] resent _model = EfficientNetB3(include_topsFalse,weights='imagenet’,input_shape«IMAGE_SIZE + [3])

[ 1 for layer in resent_model.layers:

layer.trainable = False

1 resent_model.summary()

[ ] x = Conv2D(128, (3, 3), activation="relu’)(resent_model.output)
x = MaxPooling2D(pool_size=(2, 2))(x)
x = Flatten()(x)
x = Dense(10@,activation='relu’)(x)
x = Dense(10,activation='softmax’)(x)

model = Model(inputs=resent_model.input, outputs=x)

[ ] model.summary()
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Training and Validate Accuracy Training and Validate Loss

0.200 —— train acc 8 —— train loss

0175 — val acc ~—— val loss

0.150
0.125
0.100

0.075

0.050

0.025
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4.2.3.6 1yiAa Siamese
o A A - .
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[y
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LP7 LP8 LP9

0 2 6 10 0

0 7 3 10 0
0 0 0 1 £ 10 0
0 0 0 a 3 10 0
0 0 0 5 e 10 0
1 0 0 4 3 10 0
0 0 0 5 5 10 0
0 0 9 0 10 0
0 0 10 0
0 0 0
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Model accuracy Constrastive Loss
0260
— train — train
007 = -
-~ validation 0255 validation
006
0250
005
0245
g 004 g
L] 0240
003
0235
002
0230
001 .
° 2 Py & 20 100 0 20 40 60 80 100
epoch epoch
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