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Rock mass classification prediction on Tunnel face mapping using CNN
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Abstract

Normally, constructing a tunnel has to rate rock mass (RMR),
a vital score for reinforcement in a tunnel. However, the process
must have specialists/geologists rate rock mass with accuracy.
Thus, to reduce the time to discover the tunnel and to improve
the rating system, we use CNNs (Convolution Neural Network)

for Rock classification by using a raw photo of a tunnel face. We

receive the rock tunnel faces from Mae-Daeng Mae-Ngad water
tunnel in Chiang-Mai province, then the dataset is divided into
two groups which are training datasets and testing datasets. We
are using pre-trained model including VGG, Resnet and
EfficientNet to train on training dataset before evaluating model
performance on testing dataset. The model’s weights in last
block of convolutional layers and classifier layers will be
unfreeze during the training process, which is called Fine-tuning
process. We also use K-Fold cross-validation for model selection
so that we obtain the best model for the rock classification
problem. Finally, we find the most appropriate model which will

be discussed on this article.

Keywords: Convolution Neural Network/ Fine Tuning/ Image
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dlofeufssiunudsedlngifesiu Chen (2021) waz Kim (2019)
91nALuz1es Raschka (2019) wudnlunsdififideyadiuiutien
ATtasn1studentazUsyidulszdnsnmveslumauuy K-Fold
Cross Validation with independent test set (Repeated) 7 9lu
Aveadeilidonld 5-Fold Cross Validation Tngnnsvingsianaa 5
50U

Tneisildlunsdiiumsrhnudselunfsiiesld Pre-trained
model Fuifulunad uilédoyad ulunisinsunounds el
anailunisifoud waggasifinuszaniamuealunalsifiaaiy
wiugunnd u lagidenld VGG (Simonyan & Zisserman, 2014),
Resnet (He et al., 2015) uag EfficientNet (Tan & Le, 2019) lngUsu
wUaslutmalanizaIumnig (Classifier Layers) Toddnuiwsinduaia
0307 Y1311 5aud 991935 lun1simsuluinauuy Feature
Extraction @z Fine-Tuning AuA1LWLL11783 Chollet (2018)
dussnslumsuluwadiniunsaiifidudoyados Tay Weights
Iumwwﬁ’mqmﬁwmad Convolutional Layers wag Classifier Layers
29N Unfreeze Famusuuzives Chollet (2018) uag Howard &
Ruder (2018) wu3nazdasanaatlunsinsuluieg il esansiuay
Weights Aildlunsmsuiisiuauiiosas saufisldifiu Accuracy ves
Tualifidngatusngae

9niinanlu TunadigniSeuiuu Training Dataset LazgALLN
Sinsvinneann wavUseidulssaniamuedina Tneflianue 3
tdaduAomnuulug (Accuracy) aunvasliuiag (Model Size) way
naldlunissuunuaaiu (nference Time) Reufiazyiinisiden
ImmaﬁmmzamLﬁammmwmusﬁqﬂﬁwuu Testing Dataset &4
%iwmuwalugmwwm Confidence Interval ¥®89 Accuracy il
95% ﬁmﬁqmgu‘]ﬁ"lﬁumﬁﬁmzﬁmaﬁaﬁa Accuracy, Precision,
Recall was Fl-Score 521d 9 Confusion Matrix ¥ 95U qu8an
Uszdnsnmaedamaluniniaiuuaazsie 1ndanuaiuisaviile

Tunsswunulaiu

A19197 1 W15 fmesaneqdmniunisiwunaaiiu (Rock Mass Rating)

RMR Parameters

1 Uniaxial Compressive strength (UCS)

Rock Quality Designation (RQD)

Spacing of discontinuities

Condition of discontinuities

Groundwater conditions

N | A WN

Orientation of discontinuities
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nnsiasudeyafetwwesnmmihdanidnaglusdn iy
upload T Google drive 1udnu 1165 il wazadns spread

sheets \iaifiufeya rating vosusiay station

A, o o
UM 1 freganmmiindnglusd (Tunnel face)

2.1 Undersampling

Tnenouiaglumsuluna doyasdedldasunsuendeyaseniiu 6
o v v 2 v A ve A o =
Yatoya muAziul RMR fildanmaiuteyailasu fe yadeyai

1 = RMR 20-30, yndeyail 2 = 30-40, yatoyail 3 = 40-50, yn

o =

foyail 4 = 50-60, yadeyail 5 = 60-70 waw Yadeyail 6 = 70-80

Y U
)

esarnazuuy RMR dufuasuuuiidusuiamayana viilinng
yhuneludnuarresas (nterval) tufirumsnzasnnnd,
FafiSruruvesnmilliianun (dataset) 1165 a1 faguil 2 9
Funaldilurasezuuusening 40-50 (yadeyadl 3) mnismirdoya
flalumsuimn Bueaildliiussansam esnddeyalu class
7t 3 MmsunnewAuld azvililunayiungldifiesdn RVR fiog
Tuga3 40-50 Feifuazmdegunmitlilunisduiiunis $1uam 693
A nranInsangU/deyalu class 9 3 3ndn Undersampling
Database (Chollet, 2018) Lﬁ@i‘i’ﬂumsm%'au%aaga‘lu%umauﬁmlﬁ
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22 7775447/\7’276.;’/6 Train Dataset uag Test Dataset

NN 9MuA 693 A1 wu LTy Train Dataset way Test
Dataset l4dnaau 80:20 Ao 487 N uaz 122 7MW AIERU Train
Dataset azgnldlunisinsuify Test Dataset azgnlunalviioudifie
wenuezvida RMR veanindndiu way lddmsunisuseiduna
(Evaluate) veslannaluseugavinenuil Raschka (2018) léuugtily
wiensieaeuystaviuedlunalunsianuais minweiudeyalsl
funnsinsandiisousld (u Train Dataset) anunsaasudosyagy

Aaualadmsunmsaniiudselavianunsail snsned 2



A15NMN 2 asuseazideateyafildlunisvinluing

FRAZLUY Trian Datasets| Test Datasets Total

RMR (Foya) (oya) (Foya)
20 - 30 11 2 13
30 - 40 47 12 59
40 - 50 105 26 131
50 - 60 67 17 84
60 - 70 135 34 169
70 - 80 122 31 153
FaTtevun ag7 122 609

3. sudeumsive

3.1 srvyissamiiesvvmauligyu (Convolution Neural

Network, CNN)

Chollet (2018) lataualnld Convolutional Neural Network
Lﬁamé’ﬂwmxLawwsmaagﬂmwé’agﬂﬁ 3 Tnalduannis Convolution
Wi B adnwazaniy (Feature) Y8910 G 995428805 1UIY
weights uuLas 0 18 Uszamd suldid olussuiisuriy Fully
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(Boonkao & Chartlatanagulchai, 2020)

3.1.1 Convolution layers

dunisfsdiudidy (Features) vunmesnuuveuvesing
aan wied wieldlunsmsuilunavesusavaiusoll 1Wunis
AUIUSENIN kernels LU matrix Svwialagun@du 3 x 3, 5 x 5
W30 7 x 7 fun1m 899z Feature map luidspdinmansidunisii
Element wise product 5 %713 kernels A un WUy Channels

(Yamashita et al., 2018)

3.1.2 Pooling layers
\Junsiaane Feature Tidudfayiian Wioasuunvesnmli

a < ' o v ) = o o a
Tuuadnas dwavinlraansnensilglunisimuina neviluagd

PUIA kermnel 71 2 x 2 YeazdInan i Feature vasnndvuinanas

(Yamashita et al., 2018)

3.1.3 Activation layers

A1991971UV B9 Activation layers 57171 o1 waa1uvdu
nonlinearly vasluina 4s9z¥aelin1sAuia wazauns fay
Fudeunndu wazanansam weights anzauiulgmld Tne
Goodfellow et al. (2017) waz Chollet (2018) wuztilugmitaly

2814 Rectified linear unit ¥Sa “RelLU”

3.1.4 Classifier layer & Softmax 6 classes

dwiheveslumasnidumsth Node wowanewadusiuiy
wiew weights fumnzau Sondn Classifier layers Laglsndsonaisen
#8nTe31 “Fully Connected Neural Network” (FCN) 3o “fully
connected feed-forward network” (FFN) lﬁLﬁaﬂﬂﬁﬂiunﬂ node
younietneazsl weights fideuserunng (Goodfellow et al,

2017) Bsanunsagléanngui 4

gﬂﬁ 4 Fully Connected Neural Network

Tugu Softmax Functions (Goodfellow et al., 2017) THiielu
A158379 probability distribution Ul N Classes a0ty faauns
7i 1 dieldlunisuamnen Loss Score Lilerhnsusudn weights
Tneaglondnnis “Gradient Descent” (Larmarechal, 2012) Tu

JuUnal Backpropagation

o(z,) = ()
=t

Tnel o fie Softmax function uae z; Aedeyaludumadl i
dmsu array 1 3
Wus1azUSuen SoftMax wile 6 classes it Waampdosiutlgym
vounfiiviavun 6 gadoya uenaniien Loss Score flidonldasly
Categorical Cross Entropy Loss (Goodfellow et al., 2017) Agaun1s
ii2
N

l, = —Zqi log p, 2

i=1
il In fiA1 Categorical Cross Entropy Loss $2#314 Probability
Distribution wag Pi uaz 0i A® Probability Distribution ¥84 P uay Q

Tu Class Ai



3.2 Data augmentation

wenandieiinusgansatmlunismsuling taunsoiy
Frurudeyalunismsuld da58n35191 Data augmentation
(Chollet, 2018) Tngnsusudnvazainly liflanuvainvanean
& , o ] < o o
T wunsndunnandreluiduen nsvyunm viien1susuany

AudareIn1n lagnsusudnuauzamluasel dnfuyadeyaiin

(Training set) FanUAAINITAL

4,8 o e .
ATNN 3 YUABUNIINT Data Augmentation @19%3U Train Dataset

JURDU VUINVBINTN

Reshape n91nWALA9 (Aspect Ratio 4:3) | 480 x 640 Pixel

Center crop NANANW 480 x 560 Pixel

yiMsvisunm (Rotation) -10° fi1 10°

ynsnaugunm (Horizontal Flip) Tona 50%

YINN15UFUANUALYDININ (Sharpness) 2

yN15gURRAMN (Random Crop) 448 x 448 Pixel

911115 Normalize AMwA1Y Imagenet Dataset | -

wonanildmiu yadeyanaaey (Test Dataset) agviniiiedueian
unnw uazld Center crop WiedusivasiBuanimnssnatsunulag
Laifinng wyuaw ndunn wasdFuanuasiden Weswnsdeansli

v
1

assfiunmswazidenassmhinldnuunian  lneseazdeniinail

A7 4 Tupeun1Y Data Augmentation 115U Test Dataset

JURDU VUNNVDINTIN

Reshape NWa1nAWALA¢ (Aspect Ratio 4:3) 480 x 640 Pixel

Center crop NANAMN 448 x 448 Pixel

911113 Normalize NTW#1 Imagenet Dataset

d w3y EfficientNet fifuanidndnssugulmifiaznanndaluly
#310 3.4.3 915 Reshape AMMaAv1831AN15%11 Center crop
nnlu 448 x 448 Pixel T Tvuran1uf luinad09nis 1 89910
EfficientNet uawiinisuugain Resolution vesnwdildlitaenadas

furunvedlung

otation (480, 560)

@ Random crop (648, &48)

b 2

—
Resize (480, 640) e op (40360 arzona i e, un) =

3'1]171 5 n15911 Data augmentation @450 Training Dataset

Original image (1108, 1478)

Resize (480, 640)

center crop (448, 448)

3'1]171 6 N19%11 Data augmentation @1%5U Test Dataset

3.3 Transfer learning

Wi auszndanarlun1smsy waziinuszadnsamvedluing
Tnsamziud gl dataset $7uauifes 1595917 Pre-trained
models YU VGG, ResNet, wag EfficientNet 1udu u1dsuusaa
wesdnThevedluea ewmsusery Dataset auadnlusuanis
13 wie 1¥arin Feature dmsunuiifeniseenun lnednuide
Yosinski et AL (2014) §uu11n1591 transfer learning %78 4fi
UszAndnmni1sviauues deep neural network wagdadnlugaelu
miﬂ%‘uﬂ‘;d generalization performance

Tun15195U Pre-trained models T 17 uT gy1n1151 Chollet
(2018) e uredumeu fail 1519zi5uduann Feature extraction
Wd6ada8 33 Fine-tuning method 4933 Feature extraction 1du
n1911 Convolution Neural Network 41au Dense Layer QGWTWEJ
panlU UAa@3519 New classifier WaUNTULAAIUNNEY (Unfreeze ua
drurineveduing) udaredae 35 Finetuning method WJunsifia
U19d9uY89 Convolutional Based Layer 14111 MS UL 191035
Feature extraction (Unfreeze @uvingaes Convolutional Layer Tu

Tuwna) faguil 7

Image input

|

onvolutional base Layer Comvolutional base Layer

Image input Image input

3
g

Classifier Layer Classéer Layer Classifier Layer

| | Trab

! ! |

Prediction Prediction Prediction

31]‘7; 7 Feature extraction Wag Fine-tuning
3.4 Models

34.1 VGG

WJuan1Umenssu Convolutional Neural Network (CNN) 738y
feuazldfustnaunsuats TneiEuann Input JUam RGB vunm 224
x 224 ¥ 1ulUSs Convolutional Layers 3 sfiflawnoffi d7ossuuas
YUIA 3x3 pixel, 1 stride wagld same padding ay max-pooling
2x2 pixels, 2 stride wuULREITUAABATTIASIE3S (Simonyan et al.,
2014) uiil el anandestudgmusaylvlunainnsusuuddly
druiagliidu Adaptive Average pooling 2D Faazdauin
Output Jua1w 7 x 7 Pixels 512 Channels 91014 Output 2N
wlaady Fully connected layer 25088 nodes AU 2 layers 4096
nodes wazaAReUsy softmax 1Ty 6 classes Tngis1azldiis

VGG16 wae VGG19 dwdusmisundal)

3.4.2 ResNet
ResNet ulsmadwsunisudtymdgmnisdanendszian

UM (Image classification) Wideiu VGG lnguuudnass 3



anUnenssuusznaudie 4 Block Tuwsiaz Block 938 Convolutional
Layer, 2 stride iU Max Pool 3x3 91u3uuans1iu

Tne ResNet agdl Residual learning Wunns skip connection
(Residual Forward/Backward passing) iwilousu VG #lsifinng
skip layer (Simple Forward/ Backward passing) $augisil parameter
o8N VGG usl Feature map ¥e4 Resnet dlamnmiesnit VGG
Falgusuuns layers Tudauiie 1Ju Fully connected layer 2048
nodes LLaxﬁjﬂﬁﬁﬂﬁhu Softmax Layer 6 classes Fausaeldluma

ResNet50 uay ResNet101 Tumsanuiluadsd (He et al, 2016)

3.4.3 EfficientNet

11 Convolutional neural networks Ingldudnnis Compound
Scaling (Tan et al,, 2019) Ingiausisnisvesvuinlunalaeld 3
Hadendn fo munirsvedluiaa (width) wde1uau Channel #il4
Tun1svih Convolution Tu Convolutional Layers, auanveasluing

(Depth) ¥30dMUILTU Layers LagAINAZIDYAT0IN N WIALY

VGG16

MBCen 365, 00

MBConus 65,112

MEConws 1x5, 112

MBGONS 55, 112
4

BT 548, 192
MECam 5w, 192
HBCones 548, 192
MBCorus 513, 192
i
MaCorwt 3:3, 320

4. wansaduauivy

31noyaii lauvseenidu 2 daufle Training Dataset wax
Testing Dataset lAg8ns 18U 80% Uay 20% lulAavianungninsuy
uan Pytorch Frame-work Tagld1a3 09910 Google Colab Tnald

GPU wielnanlunsmsulumatiufinnusingiuniu
4.1 msimsulung

Tun15tM5ua298y A910 Training Dataset 19" K-Fold Cross

Validation with independent test set (Repeated) M1 A T41EY 1

Tny Model ity Baseline Tuiildlunsvh Compound Scaling
a¥14 EfficinetNet-BO Baseline network filuusiaz block ves Layers
9¢ld Inverted bottleneck MBConv (Sandler et. al, 2018) Ingayil
Taseadn9wee Convolutional Layer Block € 99¥938anau1An1S
Auruvesluna 1ng Convolutional Layers agld Filter aunnlugy
wagd 119U Channel Tie0ei1n13/9 Features id1AyuasnIm
ganun Aewdild Filter vua 1x1 fipans1uau Channel uananiiil
n514 MBConv uay Squeeze-and-Exicitation Optimization (Hu et
al,, 2018) ¥ilidia Accuracy waﬂuma‘iﬁﬁﬂsz%mﬁquﬁu

dlewSeudiauifu CNN luwuuiriifisuau Channel azduiindy
Tudiu Layers fiunntu wenanilfamuunavesiinng Weswinsuau
weights M98 anas dewmaliiisiuau parameters uasdu Layer 7
WeeNnd1 VGG uar Resnet uagludiu FCN 989nanan 1000 Nodes

WEBLWEs 6 Nodes mu31uau Class 111w F9luinadiidanlaly

v
U S

sAnwIASItAe EfficientNet-BO wag EfficientNet-B4

VG619

Efficienthet B0

EfficientNet B4
MBComG 303
Mo 33

994 Raschka (2019) laeidenld 5-Fold Cross Validation lneiduly
Y93Uft 9 Famunzdy Dataset ffldoyaiives WeTouiisuiy
mu%”sﬁuﬂ (Chen, 2021) Inedayavzuuseanidu Training Dataset
ua Validation Dataset dsluusiaz Fold lumaszgnimsuvuteya
Training Dataset waginA1AINWI UL (Accuracy) VU Validation
Dataset dagavineiiionsusia 5 Fold udrazamanadsfiolils
AMLIUEIINN13¥ 5-Fold Cross Validation uendiniagsinis
virg e 5 seuliemAads (Mean) warAndonuuinnsgu

(Standard Deviation) tie¥inn1sAsevineanin dunaunn bl



Mode |
V6616 1| 1
V6619 j
ResNekso
ResNet101

K- fold cvoss vaidation
=y (Ropested procest)

Mean SD

Fing Wning

U1 9 n13%i 5-Fold Cross Validation (Repeated 5 Times)

Tensmsuluaaszimsuianun 50 Epoch Tudunew Feature
Extraction tag 10 Epoch “Lu‘i’izumau Fine Tuning Fl4 Categorical
Cross Entropy Loss (Good Fellow et al., 2017) Al lunnsuduan
Weights Tu ‘U”yu 78U Back propagation uanann ﬁyﬂuﬂ‘f}l Adam
optimizer §1115UN15U5UA weights Tulmazsoulnusisaziden

parameters e llunismsuanunsaglinanisned 5

A397 5 A1 parameters Aneefilglunisinsulung

Parameters Value
Loss Categorical Cross Entropy Loss
Optimizer Adam Optimizer
Batch size 32
Epochs 50/ 10
Learning rate 7x10"/7x10°
Weight Decay 1x10°

4.2 §BnISANTUN1T08

nnsusziliulseans nmweduwmanuingazladaselunng

Wonlumaimungauiaauu 1519eiansandade 3 seenall

4.2.1 AIMUNLET (Accuracy)

ANLNNE (Accuracy) Tngazldn15iiAs1zvinnsalid One-way
ANOVA Wiiomeruuansisegsfideddy Tnsanuulugiazman
AadBveinisvii 5-Fold Cross Validation @savvindmavun 5 seu

TneAn Accuracy aztsuaniszansninveslumalaense

4.22 yumvesluna (Model Size)

\Juvunves Weights fleguuninuquuiaissaeuiiames lng
mnlumaivuaidudey fazddaualng venaniddmase
ANV RAM vasmaNiiames mnluaadvwiaiviejiiu o1avinliilal
anansalvand uluuu RAM Idwe vilssndudedld RAM farug

£
AU
v

4.2.3 aamildlunisowmuniaaiuvedliag (Inference Time)
I3 e o a o PN
Wunaiveduwan ldlunisinuuniiadulag azduiisaiand

A (Input Image) aufislinaanvivanun Tngldduannldlu

n15uUasgu (Image Transformation) #9agyiuu CPU il Lag

\nosnauiame T CPU fu Intel i7-8700

MINA 6 Gl’ﬁ’NﬁEUNaﬂ'ﬁWﬁuIiJLﬂa

Model Size Inference
Model Accuracy
[MB] Time [ms]
VGG16 77.63 + 0.56° 512 494.18
VGG19 76.84 + 0.59° 532 583.45
Resnet50 76.06 + 0.32° 90 302.66
Resnet101 75.00 + 0.42¢ 162 480.84
EfficientNet-B0 | 73.59 + 0.41° 16 162.71
EfficientNet-B4 | 74.41 + 0.39¢ 68 465.96

4.3 MITVITABAUTN N ITEIALN BN INAATINY 12 AUTIER

Tutadsy 3 Jadeiililunadenlumaiivnaniigafindlulu
a¢13101 Inference Time wildlunsfvnsundesainandilduu
cPU dudinda 1 Funil Fadunarivesundmsutagmuszian
Image Classification

drvlunivesmuusiugmuin VGG Sanuusiudigeiign (VGG16
7i 77.63%) \flosansuay parameters Tu Classifier Layers filgoy
naa1Tnenssus uq saud el EfficentNet 01514 Input
Resolution 7itfeaninanidnenssud unuduugidives Tan & Le
(2019) (224 Pixels @1%$U BO waz 380 Pixels d1113U B4) vinlnd
UsAn3nmendi VGG uay Resnet

Tundvesuinvedlinna wuin EfficientNet Suunnluinatosiian
Tagiamz BO filvunaidniigogi 16 MB Tuvaed VGG fivunegi
512 M8 § s uanmnain EfficdentNet 19n15v818Tunauuy
Compound Scaling (Tan & Le, 2019) Vnldnssauaudu Layers t
finsvensografiuszansan uwnuitesfiusiuiudu Layers §1u7u
1nlu VGG ua Resnet

Tudauve991u2u Layers lundwes Model Accuracy 1 ulsl
annsamanle Wesandiuau Layers Alddu wnld Layers fiunn
1 vndsenasiliiian Overfitting (Chollet, 2018) namAslunatiy
finududournnni mnugnvestamiinn dwalilunadild
18n139111n09119158u5 (Generalization) 5918 9812% 19
Accuracy i 1assaeluunens e druluudves Model Size uag
Inference Time 1y & 9§1uau Layers §91urufi u1n #5112
parameters Miglunsmsunniudmaliivmng waznatiunssui
InTuseui

azm"l,iﬁﬁmiLﬁaﬂimmaiﬁmmzauﬁumuﬁ?uﬁ‘z]yuaaviﬁum‘sWQW
wazm s lusaluiandulusunsilududaly mndesnslumaiis
Aruiugigean Tnslddsdoun uasszosnatlumsduty ms
W@enld VGG16 1i0991n#l Accuracy Migefign usidnasdvuiaves
Model filvgjfinny (512 MB) Fsmndiosniswamnnlsidlusunsuog

v Cloud thuenadentd VGG16 il Accuracy 7 77.63%



uimndenislumaithluimundulusunsuilidugldlaonss
(Application) N5t luLAATUIALE N1 AU EANNINNTT
desmnitufiussatoyavesdlénuiisuudie uazdwmadeniugi
fioguu RAM Bndhemnlunasivuailugiiuly eravhlisduses
Mgunsaififnddlunisunniignt fmauggendt fdunsdid e
Fenld EfficientNet-BO 7iusifl Accuracy \iie 73.59% usvunnves

° w

lumadlvunafdnnit VGG uag Resnet ognafitfuavddny (16 MB)
4.4 msUsaudui/ssdngnimveslunaganie

dmsunaidenlinaty Tuognstmunelunisimundy
Tsunsu Tneidenldluna VGG16 uag EfficientNet-B0 ifqaszasd
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4.4.1 VaGa16
dM3U VGG16 wnedmiuaadseasAfinednts Accuracy g
ngalaglaidafevunavediumalaedl Classification Report #135197

7 way Confusion Matrix ﬁ'&;;ﬂ‘ﬁ 11

#n319fl 7 Classification Report 184 VGG16

Class Accuracy | Precision | Recall | F1-Score Data
RMR 20-30 | 0.0000 0.0000 0.0000 0.0000 2
RMR 30-40 | 0.7500 0.7500 0.7500 0.7500 12
RMR 40-50 | 0.9615 0.7576 0.9615 0.8475 26
RMR 50-60 | 0.5294 0.8182 0.5294 0.6429 17
RMR 60-70 | 0.6176 0.7500 0.6176 0.6774 34
RMR 70-80 | 0.7742 0.6667 0.7742 0.7164 31

Total 0.7213 0.7276 0.7213 0.7148 122

Confusion Matrix

RMR | 0(0.0%) 2(100.0%) 0 (0.0%) 0(0.0%) & 0 (0.0%)

20-30

0(0.0%)

RMR | 2 (16.7%) 9 (75.0%)
30-40

15
43‘;2 0(0.0%) 1(3.8%) 0(0.0%) 0(0.0%) 0(0.0%)

1(8.3%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

B
2
=
3
=
5522 0(0.0%) 0(0.0%) 4(23.5%) 9(52.9%) 2(11.8%) 2 (11.8%)
10
RMR{ 0 (0.0%) 0(0.0%) 3(8.8%) 0(0.0%) EENCIEANI10 (29.4%)
60-70
5
73‘32 0(0.0%) 0(0.0%) 0(0.0%) 2(6.5%) 5(16.1%) PREEFELE}
RMR RMR RMR RMR RMR RMR
20-30 30-40 40-50 50-60 60-70 70-80
Predicted label

g‘LJ‘ﬁ‘ 11 Confusion matrix 83 VGG16

4.4.2 EfficientNet-BO
dmsu EfficientNet-B0 tnangdmsugauszasafideinislung
YUIALBNLALANAY Accuracy Nanasunlaedl Classification Report

M1A15799 8 Uaz Confusion matrix luusay Class lugud 12

#n39fi 8 Classification Report w84 EfficientNet-BO

Class Accuracy | Precision | Recall | F1-Score Data
RMR 20-30 | 0.0000 0.0000 0.0000 0.0000 2
RMR 30-40 | 0.5833 0.7778 0.5833 0.6667 12
RMR 40-50 | 0.8846 0.7419 0.8846 0.8070 26
RMR 50-60 | 0.4706 0.5333 0.4706 0.5000 17
RMR 60-70 | 0.7647 0.7429 0.7647 0.7536 34
RMR 70-80 | 0.6774 0.7000 0.6774 0.6885 31

Total 0.6967 0.6938 0.6967 0.6922 122




Confusion Matrix

RMR | 0 (0.0%)
20-20

1(50.0%) 0(0.0%) 1(50.0%) 0 (0.0%) 0(0.0%)

33'::; 2(16.7%) 7(58.3%) 3(25.0%) 0 (0.0%)

RMR | 0 (0.0%) 1(3.8%) RERCEREAY 1 (3.8%)
40-50

RMR | 0 (0.0%)
50-60

0(0.0%) 0(0.0%)

1(3.8%) 0(0.0%) 15

True label

0(0.0%) 2(11.8%) 8(47.1%) 3(17.6%) 4 (23.5%)

RMR | 0 (0.0%)
60-70

0 (0.0%) 3 (8.8%) 0(0.0%) PARELREAN 5 (14.7%)

0(0.0%) 0(0.0%) 0(0.0%) 5(16.1%) 5(16.1%) FASCYAES]

RMR
70-80

AMR RMR RMR RMR RMR RMR
20-30 30-40 40-50 50-60 60-70 70-80
Predicted label

31]'7; 12 Confusion matrix 84 EfficientNet-B0

Wevi1n1911A1 Confidence Interval 489 Accuracy Aeaunsy

3 WUILAAIMIUANSIA 9 Fadl

a '
#1997 9 Confidence Interval va4 Accuracy Tulsinanieg

Accuracy Guessing Lower Mean Upper
Bound Bound

VGG16 16.67 64.17 72.13 80.09
EfficientNet-B0 16.67 61.51 69.67 77.83

5. ajUnamTidy uasdeiauouus
5.1 agukan1sIve

Tunan1sandueudsed nuinsild Convolution Neural
Network dufulunisiuunssianvesiiulalaglitoyayayaiate
slusdrnalusddnimisusiuns-ulin Smindedul Tnetoyaazgn
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5-Fold Cross Validation wivun 5 %3 dslunnsiansanidentuma
funuiwnndesnislisaiilinnuusiugigean @enld vee16 i
mwmmua"ﬂaajﬁ 72.13 + 7.96% usvziivuiavedlunaey 512 MB
wimndeanistueaifauiadnndd widausdugifivesndn
\Eenld EfficientNet-80 fifianuusiugogil 69.67 + 8.16% waxdl

wunvedliaaey 15.8 MB
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