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Handwritten digit recognition using the MNIST dataset is one of the
fundamental problems in the field of deep learning and computer
vision. In this study, the VGG16 transfer learning model was employed
for recognizing handwritten digits. This model, which was previously
trained on the ImageNet dataset, was retrained to adapt to the MNIST
dataset. The performance of this model was evaluated using metrics
such as accuracy, precision, recall, and F1 score, and the results were
compared with other deep learning algorithms, including
convolutional neural networks (CNNs), multilayer perceptrons
(MLPs), and traditional machine learning algorithms. The results
indicated that the VGG16 model, utilizing transfer learning, achieved
an accuracy of 99% in recognizing handwritten digits, which is higher
than that of models trained from scratch. Therefore, the use of pre-
trained models can enhance the performance of deep learning models
in handwritten digit recognition while reducing the required training
time and computational resources.
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EXTENDED ABSTRACT

Introduction

Handwritten digit recognition is a key application in computer vision, often evaluated
using the MNIST dataset, a benchmark set containing thousands of labelled handwritten
digits. Despite advancements in deep learning, achieving high accuracy on MNIST is
challenging, especially for systems with limited resources. Convolutional Neural Networks
(CNNs) excel at extracting features from complex images, making them highly effective for
classification tasks. However; training CNNs from scratch can be resource-intensive.

Transfer learning provides an efficient alternative, allowing models pre-trained on large
datasets to be fine-tuned for specific tasks. VGG16, a widely-used deep CNN pre-trained on
ImageNet, is a strong candidate for transfer learning due to its robust feature extraction
capabilities. This study evaluated VGG16’s effectiveness in handwritten digit recognition on
MNIST, comparing its performance to CNN, Multi-Layer Perceptron (MLP), and traditional
machine learning methods like Naive Bayes, Decision Tree, and Support Vector Machine
(SVM). The goal was to determine whether VGG16 can improve accuracy and efficiency for
MNIST digit classification.

Methodology

The methodology used in the present study was implemented in Python 3.12.3,
involving multiple distinct stages, each contributing to the overall model training,
evaluation, and comparison process. The methodology follows these steps:

1- Library Importation: Key libraries, including NumPy, TensorFlow, and scikit-
learn, are imported. NumPy is used for matrix operations, TensorFlow for building
and training deep learning models, and scikit-learn for running traditional machine
learning algorithms. This diverse toolkit allows for consistent pre-processing,
efficient model training, and comprehensive evaluations.

2- Data Loading and Preprocessing: The MNIST dataset is loaded directly via
TensorFlow. The dataset is split into training and testing sets, allowing for
independent evaluations of unseen data. The images are normalized by scaling
pixel values between 0 and 1 and reshaped to meet the input requirements of deep
learning models. This normalization enhances model convergence during training
while reshaping ensures compatibility across different model architectures.

3- Label Encoding: The multi-class nature of the MNIST dataset necessitates
converting the digit labels to one-hot encoded vectors. This transformation is
crucial for models designed to handle multi-class classification, as it enables them
to predict the correct class probability.

4- Model Training and Evaluation:

— VGG16: The VGG16 model, pre-trained on ImageNet, is fine-tuned for the
MNIST dataset through transfer learning. This is achieved by freezing the lower
layers, which contain learned feature extraction capabilities, and training the
higher layers on MNIST data.
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— CNN and MLP: Additional custom CNN and MLP models are trained on MNIST
for comparative analysis. The CNN comprises convolutional and pooling layers
to capture spatial features, while the MLP leverages dense layers to identify
patterns within the data.

5- Traditional Classifiers: The MNIST data is reshaped to fit the requirements of
traditional classifiers, including Naive Bayes, Decision Tree, and SVM. While these
models lack the hierarchical feature extraction of CNNs, they still provide valuable
insights into the efficacy of traditional classification methods on MNIST data.

6- Performance Evaluation: A custom evaluation function calculates metrics such as
accuracy, precision, recall, and F1-score for each model. These metrics enable a
thorough assessment of each model’s predictive power; ability to generalize, and
performance consistency across classes.

Results and discussion
The models exhibited varying levels of accuracy and reliability. Results were presented

in terms of confusion matrices and comparative performance plots, with specific figures
for reference:

— Confusion Matrices (Figures 1, 2, and 3): Confusion matrices illustrated each
model’s performance across individual digit classes. VGG16's matrix (Figure 2)
demonstrated the highest consistency in accurate classification, followed by CNN
(Figure 1) and MLP (Figure 3). These matrices revealed how each model performs
on a class-by-class basis, highlighting VGG16's strong predictive accuracy.

CNN Medel Confusion Matrix VGG16 Model Confusion Matrix
1000

800
600

- an0

a s a 5
Fredicted Labels Predicted Labels

Figure 1. Confusion matrix generated by the Figure 2. Confusion matrix created by the
CNN algorithm. VGG16 algorithm.
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MLP Model Confusion Matrix
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Figure 3. Confusion matrix created by the MLP algorithm.

— Performance Comparison (Figure 4): The performance of each model was
quantified using accuracy, precision, recall, and F1-score. VGG16 achieved the
highest accuracy of 99%, with CNN and MLP following closely at 98%. Traditional
classifiers yielded mixed results; SVM reached 97% accuracy, Decision Tree
achieved 89%, and Naive Bayes lagged at 55%. The precision, recall, and F1-score
metrics further corroborated VGG16's dominance, as it consistently outperformed
others in both precision and recall.
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Figure 4. Performance metrics including Accuracy, Precision, Recall, and F1 Score for deep learning
algorithms, traditional machine learning, and the VGG16 model.

— ROC Curves (Figure 5): The ROC curves highlighted the overall predictive
capability of each model. VGG16 attained an area under the curve (AUC) of 0.98,
showcasing its reliability in distinguishing between digit classes. CNN and MLP also
performed well with AUCs of 0.96. Among traditional classifiers, SVM had an AUC
of 0.92, followed by Decision Tree and Naive Bayes at 0.88 and 0.55, respectively.
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The ROC curves underscore VGG16's robustness, which is attributed to the
combination of deep feature extraction layers and fine-tuning.

Receiver Operating Characteristic (ROC) Curve
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Figure 5. Performance metrics including Accuracy, Precision, Recall, and F1 Score for deep learning
algorithms, traditional machine learning, and the VGG16 model.

Conclusion

The findings of this study reinforce the value of CNN architectures, specifically VGG16
with transfer learning, in handwritten digit recognition tasks. VGG16's pre-trained layers,
designed for complex image classification on ImageNet, offer a significant advantage for
simpler tasks like MNIST classification, as they reduce training time and computational
requirements. This aligns with prior advancements in CNN research. Early architectures,
such as LeNet-5, introduced the foundation for CNN-based digit recognition, while more
complex designs like AlexNet, ZFNet, and VGGNet have progressively enhanced CNN
effectiveness through deeper architectures and sophisticated optimization techniques.

Transfer learning with VGG16 not only simplifies the model development process but
also improves computational efficiency by leveraging previously acquired knowledge. This
approach aligns well with practical applications where data and computational resources
may be limited. By adapting pre-trained models, researchers can achieve high accuracy on
specific tasks without the need for large datasets or extensive training, thereby making deep
learning more accessible across various domains.

49



B 9 ()l pole 4
e sbo o8l

£0-TA (Y oylod ¢) 8,93 V£ Y ylensls
https://jssctvuacir/ :a i (w3

d :10.4: 1 .2024.4 ,1017

" Cublbg,d leopgle

- 5 o

Cydmdyi a3l 03liw! U MINIST oo giCawd dlael ansedd

VGG16
S il oIS

Ol el g «@lee o ol « Farals andigs 09,5 oode it guas =)

LXVLES

Al wleYb!

ceobol Sl alox MNIST ools ac gozme 3 oolitanl b s giciews slael arseis

gy dlio 1l £o5

x5k Joe JleBedod cnl )3 el (6500dlS (Dl 5 Bree (6 xT0L Ak
1S Joe il sl 0 oolitind epgiciess shiel a5 ol VGGI6 s
b 6,55k jskarads 0)lisd g o0ys iseel IMAGENEL ools dcgazes g5, » Wi
6labxe 5l eoliwl b Jos opl 8, Slee 0 o0ls o390l MNIST ools acgaze

VEXT XY dllie by
VEXTe 2N e (6,550
VEYAYY il iy

2l b ol ml g as ob;,l F1 score 4 Recall (Precision Accuracy

iz slaglaYaiz (Ao (orae loaSied aile Brae (550 slop 55l 15519 auls
VGG16 J..\AAS.>L> ol @L.: A MLMWWLO dﬂf\)l.i 6].@&9@1 9 el jasess
olael passeis )0 do o A9 (ACCUracy) cés sl s o Jsl 5 5ol 5l eoliad b MNIST ols 4s gore
Sals VL s dayl 5l eausbygel (sla e 4 s A5 Al o L Piwd ImageNet o3l ac oo
Gros (555 0b sla Jow o ,Slas Wilg oo adww)ij sl oo 5l eolawl g0 GBros (5500
o g Uijeel Bloy a5 b 8 ity S (mgicams dlael Lackis gl |, VGG16 Jse
A2 oo bl 1) 58 90 Slaslre

i WIS 5 ghanne Bann 55°

1 (S w8 Sy

ktaghandiki@tvu.ac.ir

@ (i) &) | ©2024 the authors. Published by National University of Skill,
Tehran, Iran. This article is an open-access article distributed
under the terms and conditions of the Creative Commons

Attribution-Noncommercial 4.0 International (CCBY-NC License)
(https://creativecommons.org/licenses/by-nc/4.0/)

YoFe 55 1 Suig pSIl gL



https://creativecommons.org/licenses/by-nc/4.0/
https://portal.issn.org/resource/ISSN/3060-6691
https://jssc.tvu.ac.ir/
https://doi.org/10.48301/JSSC.2024.460608.1017
https://orcid.org/0000-0003-4415-264X

SN bl FO-FA Y o)l ((1FT) ) cCadS g yloen pole @ yis

LV R

So gt a5 ol TlagSIl oLl 5" uitle ol 0395 50 (cmslosl Ciullog 51 (S L gicenss Slael Laskis
552) 35 oo B o3l 350 T Broe (520 Aia 50 Wi sla S g a5 2 (s 2l Slxe
2o Voo r g hieel poa Fege e ol a5 OV e ) Kan g S0 MNIST ools acgae (Y- Y-
oolail jolaie pl (gl (slos S jgboay 395 o lasbicl CJB 5 (Folu o &y el [ugicaws slael 51 ool
liws 3 sla Lo 13 Gros (6 S0l SlBCSLISS )0 4z gi BB (slacd iy 3539 b (Ve YY) ) el oy
el sanl a5l &5 Sloj o0 e e Jane Sy plizmes mgiiews slasl pantis o Vb cds o
AYARE A S I ERRYPR &lie oy pae g a8

el pasess alarjl g (suipails iyllsg o (MBI iy (ovas SRASS ohag4r (Bees SxTOk
S S5y Slealudu audas o 5355 6 ,.50L (5l CNN (glaasSlis (Y« VY (6b) Sl 00 S sl ¢ s g
SlS sloasy 5" arozs sloa & oty slaasy asle ilises slacSsh 5l ool b Lasl b 5l olid
atejls Tl 5 CNN aae slaasics (ijge] (b ol TV YY ()5 5 odlo) wiloads b Y Jate
s s el et 45 el 53 (slwools dcgorre 5 amgi b Sl wlie

el 05,5 o0l e (5ol 50 kel ;08 SuSS Ky lgreas T Jlil 6,50k «dlane ool b ablis ol
535 2 Ygona 45 23k g 02238390l el Jda S 3l oolisd ol Jm] (6ol (Y VY i )le 5 lesl)
aile ol aiby o slp of dame aulas g el o 3jeel IMAgENEL'™ aile 5,3 ools dcgame
OhHes 5 a5V VY o)) Sas g 5265) alb o (Yo ) ) Ke2 g IS MNIST oy gicans slael gosai b
5 sagee Sl S s glAal sl oo Bgal Gl Je Sbls I gy cnl UV YE (Kot g a5V 08
OS5 (7)) whse Rl i Joe eel sl (Slalne 2508 5 laosls @ 5L alpl 3 o0 050 sl
Meyeve

09,5 Lawg a5 cedd VGGLB" Jow wois oo ool Jlisl 6,50l 40 a5 glaJow oy sosdsasslis 5l So
VE s g ol Bgymo g5 S g (Sol JJo 4 g ol 00 00l dmsgs 0,508 T olKls [0 (6 par dwin
e 51565 ,39,) wil oo paa bl calises Ciullsg 1o YU o Shoe 5 (V) S8 iy (slo ik b 4y

! Machine Vision

2 pattern Recognition

3 Deep Learning

4 Lejeune

5 Lecun

6 Berngardt

" Taye

8 Convolutional Neural Network (CNN)
9 Convolutional Layers

10 Pooling Layers

11 Fully Connected Layers

12 Salehi

13 Transfer Learning

14 Accessible at: https://www.image-net.org/download.php
15 Cohen; Deng; Hassan

16 Chen

17 Visual Geometry Group 16

oy



FO-FA Y oylois ((1F+¥) ) (CadMS g T Hlo pole & i w3l 0olaiw!l U MINIST (s gicaws sluel auseid

el slbay same san S Jols (V) - () 5en 5 50) MNIST osls acgae 4 VGG Jlacl /(Y YT
5 L) el asaz slaools ulul o oy5g madiais g 0ols degoxe 10 39290 (glo WS olawd b Gudad (gl p aSs
JOYY (s

0ols degazme (59, p (gt el asid slpy VGGIE Jaw 5l solanwl oIS obj)l 4 aslllas oyl

L VGGI16 Joo 5 Slas ¢ ol jobas 05l o JEl (6,50L &b 51 (Y V- o Ken 5 50 MNIST

5 Vi slayg it p wiload ools iigel il 5l a8 SCNN wsle (geoe 5250k K ml, sla e
aiile ool 5l eslainl b (oolus 3 g poenal S )0 bty oy piile) g (piile (6 50k sl oSl
4 aalss dauslie F1 score 4 Recall Precision Accuracy

ooty 5 Slasloee molie b ailgis a5 058 co (Ll 335 5 90l (sl Joe 4 0ansl53 5Ls 51 gy cpl &yg 00
oS slalae jo slael asis g lap 3 Sog b3l wiile « Joe sloo IS 45 i bjsel Sgame
oo 305 s el s ogdle ol Sl s 100,08 (550l & 53 g F5e o i QU
i Olgse (V) o o)) g IS0 MINIST Ly giceass slael aseis sl VGGL6 asile easd 90l (i |
S5 e o Ll i il Ll 3k 555 5 Lo (o st B0

VGG16 Jow 5l ool 03594 ¢ sl (5,500 (sblse 5.95,5 pols oylis o ivgsy ol ol B s o
REPES oSt oile ol (ol Jlaso J> 50 0003 jj90] il sla e 5l ooliiwl (g dos g 28 o ol IS
aiey 55 FoellS el slasigy @ s Sl was o i 1) (JEl (6550k Joily S8 (g (nl 0
23 oo 518 L e i 1) Bees (6500

S5 Fle

@loled 5 edle (plos aie) 55 5t Glagss) deil (siomy (ras GloaSLd SR 5 e Sk
Bl 5 35 e i ln s LIS & sy s S5 (Y YY (5] 5 5 o) azis o)
B Gugicass el (asis alozl alide flus ;5 (glod 1S joboas (g pgal sloosls jlosizry slo S
(. GBSl (Baos (6,53l b Las po (658 Gloa 0 cnl 50 (VA VY (IS0 g (s 9395 wlouns aid 5
g sh (guyp giiemd Slael (asts 15 il 0I5 5 Jil 6,50k (i

iy st SBeSads 3 Bank 550
&ly dasie Gl b conan eac gloaSl jlaS caul cile (6, 50L | acgeme ) G (Baos (5 S0l
i gmas el AR A UK (PN o) WS oo ool nools 1o LagSl 5 0wz o S s S0k
iz sy aileads |Sus Lol 4 ggi an | g wiloals 2lib (g paal slaosls (b3lo s (sl ol jsloay

! Rudregowda

2 Bakasa & Viriri

3 Multi-layer Perceptron (MLP)
4 Theodoris

5 Aslani & Jacob

oy



S WblS FA-FA LY o)l ((1F+1) ) s g koo pole a1 pid

5 S5L8) aas e Lt |y stomn s S0aSed 25T (s lome ) JSE Jate SIS sloarY 5 e (slaayy
AR A SRANCONS

Fully
. Connected
Convolution
Pooli O
Input ooling .-~ RN Output
I:l‘__-

Feature Extraction Classification

sz, sl GBSl 19 X! (6 5loxo Y S

e S Shs glFed Gl |y nalal o5 85,5 o0 a1 oo yikd ¥ ool lohamy sbaY -
- oSS )5 slasSll g laasssS daad asle aly sl Shg lolids 4 b yald ol oS e oS
(VY (b oS
Las 1) oo o Fg 5 il o 2815 1 snlizl el slo 59 olal by ol lawezd sy —
o) aS o ool T Kidgy piSilie b T SidgymonnSle Slilas 5 Vgare meoss sloayy oS
(VoYY o San
el sl |y eadglmia Gla Sy s )18 oSl el o a5 boaY (nl  haie Shols sbay -
(VN (S 5 ()9995) 8525 (00 )54 (el wiile (olos adebg
5 oS ly 650 sl laylpl & @wVaizr G Shy xS0k 0 0 s b CNN (cleass
acgezma 5 0L Sluslome glio aiajls lual 5l laaSid ol Gispel (Jl ol b ilonds hias pglas sainailo
(VY o609 5 LalSL) sl 5,5 (slools

" Jsl g Sl
sladae Gijgal y0 S glaosls 5 Sluslme plis 4 5L 2alS 6ly i5e (bey o JEl 5,50k
S (595 2 Ygare 45 0o Bigal il Joe o gy cnl o (VYY) Sen g lesl) Censl oe 550k
o giiad dlael Laseis asle was aidsy o (sl il o bj9el IMagENEL usle 5,5 00ls acgaze

! Shang

2 Max Pooling

3 Mean Pooling

4 Transfer Learning
5 Fine-Tuning

b¥



FO-FA Y oylois ((1F+¥) ) (CadMS g T Hlo pole & i w3l 0olaiw!l U MINIST (s gicaws sluel auseid

sl S yiie gla Shg bals a5 b b 4y wnl Jlsl Ko slaaiels 4y ausles oo atals G jo oalsaid Soly
VoYY e g 2) ol

2l o 45 At palad 5| eges slo g 2! el 4,06 VGGL6 wiile ways yojsel il sl Joe
oo590) g B Jae ol ol sl suze mulais L (Y VY o)) 1S 4 1955 )05,) ol aisls 0 )15 Calises filawe o
5 obeaD) asl lasol 51 e (ijeel 4 5Ls aSiyl gy cély cows 885 bl 4 lg g0 wyaz slaosls b LT sasre
VYY) Sen

MNIST ools acgozo

Sl (6 500lS (lin 9 Cpmile (6 Sk 09 4o & bl ools oL S (Yo ) o)) Sen g ) MNIST
ol ooy asgazme ol (VoYY 0S50 99500 S0 pyal sunainl slapm)s 23yl 5 (isel sln &
AV VF e g ) sl 9051 sl g Vooe v v g (hisel (6l AL+ )51 uagicass ygas #e e e e
) Kea 5 50 MNIST el s a8l)] Sy YA#YA slasl b g dis g olow & g0 dgommo (pl 0 pgal 12
RIS dige) )3 pgata (edle xS0k 5o Wedls dsgazme (noseme 5 (gl 5l (o Olgear (Vo
58,5 e VAIA Lo o G Kam ol ol 1y o8l olSyly ol (V¥ wigind) ogso Al o g
Sl 980 aslio g (tolojl (sl 3 il g9, abali S5 plgie 4 9SG ey ol 5145 (VAAA () So 5 ST)
O MNIST ools degame 10 95390 (mgland pgbas 5l glaigas F IS .l 48,5 )1 8 soliiul 5 )50 calisee
A o Lz ) (Ve Ve o)) Ko g

0000000000002 000
(VAN L2020 1T N7
2222232222122 222
2233333353333 333
He¥trda9yYyd ryddquyy
555855$S 55555555
Lt blLGblbobaee 6t el
T77771MTAIN12%7 77
¥ 2 i®E ¢ P REPYET TSR LB
499949994994 944999

AYoTY oy 5 650 5¢) MNIST 6315 acgazo y1gbai 3l (glaiges ¥ JSoi

@ ol ] 09555y 2l J ae 50 g ool (V) ¢ (o) Sen 5 S0 MNIST cosgme Vs 5 (SO

N S g9 |y Qalisee lapi o HUlgs wlg U ol oapzmn (B ojlail 4y 0ols degaze () (Koo @)l
W y9) sty Jod b ulis g oS IS ol b amleny 5 batie g oS Cal ool (B o3l 4 > e o Ll
dulio Sl ( Sliuizd asel> ;0 (Vo) + o)) San g S MINIST jl o0 i oolaiad .(VA3A o)) So o S)
A8 oo SaS ywiile (5 550L H0 B Gl SuST Cé i 4.350)5’166 w2l 8 1) alizs glo Jow o Slas ouiivns

L Yann LeCun

YA



SN bl FO-FA Y o)l ((1FT) ) cCadS g yloen pole @ yis

VGG16 Juwo

S50k la ey Foaisaislis 5l S wilools drusgi 0,98uS T oSS (5 pas dwdin 09,5 a5 VGG16 Jow
YN8 bl Jow ol (VoYY (6 19 9 LulSL) el oaud 5961 IMageNet ools acgazs (9, » 45 ol Gaos
ol Ll paal sla Shg gl ;0 055 SIS g (Sole Judo &y a5 ol (YY) S 68 i sloild |
)10y gba 3 335 5 onzm Sl Sl Ty 5ok (Ul 055 Gros slaY JLSLe Jds 4 VGGI6 o
(Y YY (), an 1565 504 ))

o gCwd dlasl ausid jo J! g wSob 8 )

O0) MNIST ools dcgazmo 10 pugidaws slasl asis sl VGBI Joo b JEsl 5,5l 5l solaz
kaliz] g 0)9ilz) Cul 0sds atd S0l Gin il sla Sg 5l 60 slr e el So (V- (a4
Sen g o5 MNIST (gla DS slass b gaabs 51, VGGL6 Jow ol slaary sammo pudass b\ (Y- VY
Oh9y ol Bl Caws olael aseis o YL s a4 g8 oo cdegazme (pl (godla b ol sase g0l 9 (Y V-
aps oo mdlS 35 1oy cijsel sbvosls g gilewlone mlio 4 5L aSl 0ad oo Je s il Eel Lasa
VYN oo g ils)

bl syl
Cilie el cpaiz Sl Ygene st eble 5550k 5 Grae 6ok sl JUE sladone (bl
ol yoi 4y Slalllas g9 (sl b3l (ool (gl ol )l 105 50 09 o ooliwl bl CudnS g by Joe o Sloe yioxiw (gl
ol 13 81 2k, ey 5 b
Ladigai lass JS & Jon g onoslspmusnts Cumy (sladiges olass Cunms H(ACCUTALY) Cmo £ -
AV VY o So0185) 09 o0 dplone | abal) )50t Cono &5

TP+TN
TP+TN+FP+FN

QD)

FN g bl oo (sladiges olass FP i jo  caie (slodigas olasd TN s yo Codio (sbodigad olass TP oS
ol ol shie gladiges olass
slaws IS 4y Jaw Jawgi oaliools [ausis Cawyd Codie sladiged slawi i :(Recall) (yogs JolS F45 -Y
9 e SV VY azmaly 5 (L)1) 99 o0 dnlne ¥ alal) O jg0 (00 S 5 Cude sladigas
VYY) e

TP

—_— p)
TP +FN

Codn Olgiedy Jaw a5 oladiges 5l gdo,e dx a5 e oo lis (Precision) cue i;élg s Fy -V
(SN D9 o dualine ¥ alail ) O jgoay Cuie [y.élj CE F A Cude [;.éls ol 00,8 syt
(Y-YY

I Chandure & Inamdar

N4



FO-FA LY o,lod ((1F+1) ) .M g (T yleo pole 4 i i) 00l 4G MNIST L gicceaws slas! pusisai

TP

_— D)
TP +FP

5 08 F 5 o il 4 5 gl (gudiws oS dlge gl F1 cwois Kb :F1 Score &5 -¥
5 0 s5meb) 355 co denlns ¥ alal) &g 4 FL JLne 10 15 o 1,38 onlitl 890 el can UaBly &5
YV () Sen 5 (SGauss ;Y=Y (g S0l

TP

®
TP + 1 (FP + FN)

&ly FPRY) cuite olixsl &5 blie ,o (TPRY) Cotie adly &35 31 Jloges auy 5 :ROC gizxio -0
ool ganail sla Juw 5 Slee (5, S03lal gl Lo S lgica ROC oo goiaa b slo Juw
A o i |, ROC iswie G 51 shiges oF S TV Y o) Kot g (Sg )5 09 oo

Lo Receiver QOperating Characteristic (ROC) Curve

0.8 4

0.6

0.4

True Positive Rate (TPR)

0.2

0.0 T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (FPR)

ROC ,l3g0i ¥ JSCi

! Receiver Operating Characteristic
2 True Positive Rate

3 False Positive Rate

4 Krizhevsky

oy



SN bl FO-FA Y o)l ((1FT) ) cCadS g yloen pole @ yis

o), 99 30
LeNet-5 -\

oolazl b Jow (pl g JM)LQ[S Y dw ol pon QVM WY g0 5 domn aY 90 ol LeNet-5 Jos .o 5
O G en g I80) 09 dsj0 A0 Jaw opl adgl Core

AlexNet -
az 51 .09 LENEE-531 5 50e 4555 BB joboas a5 wiols dnusgs | AlEXNEL Joo YoV Jlo jo (Sisgiy S '
Aile $S>g8 sloosls acgaze sly ] (5 lono g Jgol g o0 > IMageNet ools acgaze 5l sAlexNet
5 i iz gy jleslatu b Jow opl 0g peexs BB o3 55 (Vo) o Ken 5 oS0) MNIST
Qo Ar e ol Como 5 wails ol olulids ;0 55 b 5,Slae [Dropout s ReLU suile o SuSs

VY o )en g (S 5) o

ZFNet -Y
b Joe ol s AIBXNEL (5 lone g 4 a5 53,5 3,n0 |, ZFNEL Jow YoV F Jlo o " W55 5,035
o g dlael (asis C85 Sgu g b Sy aeid 1 (6 e o Sles Cadly (65lus pay OSIST 3l oolai
S gl Fl |y palal i Fnee S Shs (st sl iledinte 5 Jdo b cudlys Jae cal sl anals
(YN (885 ,b5) dg a0 Ve Jae ol ACCUracy

oolw Buos mac gldasiily -f
Jatenles 5 cions oY bosls Groc vac loaSes a5 wisls (Las Yo VY Jlo ,o (il Ko 5" le oS
g adllas cpl ol anily (Vo) e o) Keo 5 o S0) MINIST L gicans slael jaseis jo oYL cds adlg o
e 4 o i3l a8 ol las g el auSTh el aile Gilisee g0l SlBCSLISS 5 4SS Bas Carod
(Yo Vs e g 5l 15 0 oy A0 oo oyl ACCUIACY gy oo audeis C8S Sgups &

VGGNet -0
Yl S5 oiong (sl ,2hd 5 Joe ol iols dnwgs YoV F Jlo 10 % o jes) 5 obiigouns |, VGGNEL Joo
Sl 285 Cedly 093 (Wb S5 g oolus Jlsl L VGGNeL .l (g0l s Bas glyls 5 0iS oo oolazul
Jedo 4y oo cplams las (Vo) o) g I0) MINIST ools dcgomme Gugicans slael ausis o oYl
Joe ol ACCUracy «d 5 |3 oolaiwl 8,90 5 JEl (6,50l 10 glosjind jobay YU L1155 b o Solu
AV VY o pan g Gligon) 09 auo 0 VO

! Convolutional Layers

2 Subsampling Layers

3 Zeiler & Fergus

4 Ciresan

5 Simonyan & Zisserman

oA



FO-FA Y oylois ((1F+¥) ) (CadMS g T Hlo pole & i w3l 0olaiw!l U MINIST (s gicaws sluel auseid

ALBERT -#
5o yge alabl> ¢ Shsle  Souzy el Bas b oS ol Transformer , . Joo 5 ALBERT

b Jae opl .ol sas 3,20 BERT (Bidirectional Encoder Representations from Transformers) Jjow
Gyae g B gt a6 USR03 azgs o sle (silodale stle e SlacSiSS 3l oslicd
50 20,0 WA Como #5 4 ALBERT ( Sazy 20l5 cpl of, e aas co (alS |y dnlxe o) g alail>
L BERT Jos & cos a5 wb oo s (Vo) + o )Ken o 50) MINIST (54, (ugicaws slasl asis

MY e 5 oY) 35l 6 0 ,Shes o s A4YY AccUracy

EfficientNet -¥
85 g oS o5 Baa b as ol (CONVNEL) (LolilS cac 4l slo Joe 5l oolgils S, EfficientNet
Galises GoSoh oo 5 5 6 loxs 5355 (sorins wiile Giliseo (SlacSiSS 5l aslitl b b Joe ol oo > b
lael jasid o s, 120V Accuracy b EfficientNet .aul o caus oIS 5 s 0 Jobss 4 LonvNet

TN 5 b oyl Jed bl o Slee MNIST (55, agiciess

MixNet -A
opl leas (b CBs 5 LS dgugs Baa b aS el CONVNEL slo Jae 51 Koo solgils 5 MixNet
(S 3lwod 23 gla g, 5l esliud s CONVNEL Calises (slacSsh a5 aiile Calises (oSS 5l oolictul b oo
59y om glawsd Slael el 1o s, 13.0% Accuracy b MixNet .aul o cows oS 5 285 s Jobss @
TN d s ob) oyls Jed b o Sloe (Yo )+ oo Kan 5 o)) MNIST

CutMix -

ol Bymo IS 5 2B gy Ban b oS el o 5550k slaJue sl (5l g, S CUtMIX ‘\
xSl 4 1y Joo (ol pgai cunz iy 3l oslimd b Jow Gijpel g g 95 (dolai S5 b g, ol
4 wlgi oo CONVNEL (sla Jao wiile o by, plos b oS5 p0 CUMIX .S oo 31585 i3 (s p sl Sg
5 05) Mb Cand (Yo V- ()5 5 50 MINIST (55, mgcams sloel aseis 10 do,s AAAY Cows 55

TS
(e g IS MNIST g slael aseis sl CNN lagi )65 5l eslainl b sasplxl sla,ls°
85 Wil co calie (5 jlwaigy SSESS § Geoe sloaY b Lionn ras sloaSlil aS o o ylid (Ve ) -
Sl 55l Sl 5 o (5n e gt (s (sl lelne (ol ay 203 8105 01,3 (Yl o
5 CNN) ooy cras slaaSlds a5 ano oo (i Aty y550 ilod S walyd (npile (gl b Lo Bl 5
o305 y90] ol (sl Joke 5l ool it s gicwd Slasl ek slp S5 oy, akex;l JEI 6 Sl
ALl ol pa 4y o Joke S 5 8 45 4 g5 BB Sengy Wlg o o JUE (6, S0k Bg, S leze 4 VGGI6 wile
&l g oy asly i oo S, S5 6&3)'9@1 Sosls 4y Lo Lasas la gy oyl oS Wilools lis Clidon bl

ILan
2Tan & Le
3Tan & Le
4Yun

)



S Wbl FO-FA Y oylosd (V1)) a5 5 ylen pole 4 i

Sl 65k Sl oolil 35505 b ighy cnl 5o i oo S9ue 38 |y e el sl ks ge (Slomlne

iy
Golging 0,500, Jole oF IS 0l 0alatll YAYY o0l cmngiasl p b 51 solosiin 9,509, s1)>1 sl
loas 0old zudgr dalsl o ol e 51 G e a0 o L |,

o
Numpy, Scikit-learn, 3 A
TensorFlow ... —> (ol o]
o

ay Weanazrys Jshsi
Slaws Slasauaiw

HESHL

1o e il s opel e Slbsaaiib Sly ool JSb st s 03t 5o Jin il 3 el Jso soop) g iy
VGG16. CNN 3 MLP Olasiatty 1551 asile 8 pasai

(St 9509y Jo 0 F S

LaaulauliS us,S 5l 83ls jla i 3 SSL

Gt § 5ok slaJoe iigal g el g1y TENSOIFIOW ¢ soue llos plsl 51, NUMPY asle
sl sl scikit-learn sl Oeiile (6,500 b das po slaailouliS 5l eyl ogdle g oo 423 S Sy
g g0 olaul piile (6,80l s slaps )6l

aS (Vo) Koo 5 50 MNIST ools dcgamme (2u opl jo todld o310 p iy 9 )10 5L -
M wuLa)] 9 U"")}‘J u».‘?u PREY ools ) 09.».»;‘59 LS)S)L’ ol Slagl wuj.vwé ).ijAJ J.al.w
oo IS8 4 5 05 (e Ll (la Sy oo b g s (s3lodloy ool (o)1 31 g g oo
ubs.wu;o ools ng )—o.».'d JJ.A $9959 6‘,!

ok AL - olacl aS polai b ag o glocwz p rglaiws g gavaiwd & bows p bos Y
2 Baes (6550l sloJae s el (55950 ¢ s opl g oo Jias ONE-NOL gl jls s 4 s o
s y90] (e yds Al B o5 yls JSo ol s ol 4 5L S ais sanaib flae

slay3s L VGGL6 Jus ol cal> o ol ;o :MLP g CNN VGG16 sl oo b3yl g soig0]  -F
Ja8 Jae ol 4l slaasy o9 o eoliiwl IMageNet ools acgoze (g9, 5 odibosls ysjgel i )|
ools ijgel (VoVe )l Se g o50) MNIST su slaosls b ol slaay Lid 5 wgd o
sPisel Gloosls b g widls jo3 g (qrae ASeD 5 Aoy (oras 8D Gl e e g o0
WNg o 00ld Soyeel

'R



FO-FA Y oyl ((1F+¥) ) BN g 5l pole 4yl w0zl U MINIST (s gicaws slae! ausin

o slapi, Sl 5 ool gl s ngas slaosls g glaguamainb ly ool JS& ok -0
5 55 ey S & oty o (tle 5 om0 sl o a5l atle 5,550
WSS pgar soosls b aS ams oo Sl i sl o8 4 S s (l gl so 00l
$loJss by ol 5 syl 410y (rnlile 9 pamadl’ S50 03l Jie i3yl 9 higel -
nl gdign 00l (bigel Gl oy (adble g eaeal C )0 0ol Gy aiile (pnile (50l (S
Wl g0 Ul stalesl (gloosls looliiwl b s 5 00l 00ld (s a3 ci5g0l (slaosls b b Juwe
Sl se o Slas a5 0gi 0 iy b))l Al S el o e (Ul U G Y
(AccUracy) s &5 Jolds b ylxe ol aiS o ob))l calizee o lire 5l olainl b 1 oodsoslsdzwgs
onl asten (F1-5C0re) Sigeyla Sl 55 9 (RECAIl) (o5 JolS & 55 (PTECISION) (05 3.5 & 5
gl olulid aigs slo s g oduomiw Zdod b Juw oI5 5 coa S U oS 0 oS milgs
e ol 5 5 0 g0 iy JolS sl Ty e (ol ol s lonlel it oo il 3
B3l oo i gians slael asis glp lizxe sloJas oIS
Alhgs g gilans Slael aseis 85 dgme sl JEl 6,50l esliiul o Lol 55515 (rmgh ool y
g 0ad Ligeel IMAgENEL ools asgere 55, 5 W 45 VGGLE Juo 5l da 5l o Jae (j35ee] (sl oo
b Joe opl sy 200 A8 &) oo <o g 2l jmalS 49 B jsbas (bj9e] loj e g, ol b o ooli
o & S 5y O ke Zudlyi w3l 2l wsile oSS jleslitul 5 bl slaaY 388 wola
3 8kae S50 sly S3e 8l 0S5, cnl 5l eoliid 05T Canndey oy onae 2l 3l (S > g S
sl Slslore e ;0 97480 b Gaas (5,50 sla o

2821, VGG16 g MLP NN (slo Jas sl 2 5l sadsoloyl Kty j0n 50 e ile cd jar ¥ 5 £ sla IS
A oo Lt e g dlasl jasuis

VGG16 Model Confusion Matrix
CNN Maodel Canfusion Matrix

1 5
1000
000 o a
3 3
00 800
3 3
2 a 7
K 600 - 600
g a
00 0 2 400
1 20
200
-200
@- 2 0 ° H 7 6 3 1 1
3 1 5 o 7 3 0 2 8
o @
| : o
o 1 2 3 7 8 a

Predicted Labels

o ye51 3 oudoloms | (Kizk g0 g lo & JSl oty 598U 3l eulbolon| (S ye 50 (g yile O S
CNN VGG16

4]



ST GBS FO-FA Y 0 )lois ((IF+1) ) s g 5 )l pole &y i

MLP Model Confusion Matrix

Predicted Labels

MLP 5,651 31 oaiolon | (Koises yod 30 i ko Y S

2l b ol s o F1 score (Recall Precision Accuracy ;I ool L VGG16 Jaw 5 ,Shae A IS5 o

S50k lapi Sl 5 j53 i (omas SlodSid (hony (omae sladSll wile Gree (550l (slapi 6Nl
el 00l dnlie s ilo

Precision Ce
®

Recall Comparison F1 Score Comparison
3

o )

10 < &

06

Recall

04

02

0o

3 & & & s & # £
Jo g (w5350l (Buos (550l slaess ,6X01 F1 Score ¢ Recall [Precision Accuracy o jbzo A JSCi
VGG16

Y



FO-FA LY o,lod ((1F+1) ) .M g (T yleo pole 4 i i) 00l 4G MNIST L gicceaws slas! pusisai

LMLP 3 CNN sloJow 505 1) o Shae oy e duoyo 44 AccUracy L VGG16 Joo A JSo 4 azg5 b

oy omaile asile g cpdile (6, 50L Gl o (yuizman s 13 san sladd, o oy AA AcCCUracy
s, 1y ACCUNACY (p 5ismb o yd B0 5 A AY polie b ol Sar ool ju g ool E 50 ¢l
o5 o Hlid 1) sadesls drwgs sl Joe 51 S50 ROC Jovie 4 S i so iy i gl

Receiver Operating Characteristic (ROC) Curve

1.0 =
.
-
-
-
-
”
s
0.8 7 4
.
-
,/
L
-
s
)
2 -,
& 06 ‘r’
g ’l
=] e
@
& e
7 ”
2 i
= o0a o
-,
-
’f
.
.
e
R —— ROC curve (AUC = 0.98) - VGG16
0.2 ’,’ —— ROC curve (AUC = 0.96) - CNN
e —— ROC curve (AUC = 0.96) - MLP
’;’ —— ROC curve (AUC = 0.88) - SUM
P ROC curve (AUC = 0.96) - Decision Tree
,,’ —— ROC curve (AUC = 0.92) - Naive Bayes
0.0 T T ' T
0.0 0.2 0.4 0.6 0.8 10

False Positive Rate

I g g 6 50l (Gwoe (6 S 0L sl 6K F1 Score g Recall (Precision Accuracy obbee A JSi
VGG16

Sl oe sy < AA L1y o Slas o0 VGGIE Jow A JSKi 50 oaosls lis ROC sla v ulusl
3 ,Sos ol ju 5 el S0 by HIo s pile gloJoe )y AL e 0 Sles 55 MLP 4 CNN
Silge tAY 5 2 AF e A olia b s e s

I PRV MLM .la.u)a LsLtb)ls JJLw lJ o;\.wﬁl?o‘ U""‘ij" le.u A J5J> 3

iy (gl plw b ouliplmil gy gl dmlio ) Jgu

G5 s S (do o) cds Jowe
653l Jal ) ool  gros (5 Lone aq (oaispll iagy) VGG16
oslu Lo CNN (slsJow (sl 51 o a0 144 A'Ti:)\l 12;55 45
5l ool [LENEE-5 I 5 sae (5 oo A AlexNet
Dropout 4 ReLU VY G 5 (Sgi S)
3l oolan b AleXNet s loxo dgu2 v. ZFNet
Sl ra LSS ARAAREELSCERY)
A ek Coadl ST a0 ooles Bros omas slaaSis

7Y



SN bl FO-FA Y o)l ((1FT) ) cCadS g yloen pole @ yis

Sl sl Sig (S0 y0) <ds Je
(Vo) e Ko g oyl 1uS)
] VGGNEet
X3Y S>55" sl zkis b ool (s loss Yo (FVF syt 5 igmnn)
seals Transformer , . ALBERT
) VAN
P W ESE VeSS (V) Ken g oY)
B s axar EfficientNet
80 5 (2)0 g VN d s ob)
. LS Q808 MixNet
80 5 (2)0 g VN d s ob)
CutMix
ool g gty SSS 9/Af

(Vo SKen g 0y90)

aS « LENEBt-5 Jow a5 554 o 008lie ¢y g dlael i 059> 10 sadpll oI5 lu b avolie o
Sl o8 G 5 et iz A0 3 e a5 (s (st S0 3850 103,15 1] 52
gaoy A cds b AleXNet Joo fyuimen a5 oo &l (5508 C8 (g (o) 0 VGGIB Joe 45 i Ll
o2 5 Ll Wlasl, arwgs LENEE-D 5l Sodzmn g 5Gmos g lore b g0 2 oy Ve s L ZFNEt o
Anl 2w VGGI6 L,y 28 4 axilys

o ,Sos o ;0 AT 80 L CULMIX g oo ;0 49AY 85 LALBERT wiile (6 jovas sl Jow Ko 8,k 5
ooliiul (5 poduzy LSS o Jae ol a5 s az g5 b Lol Wilools lis igsy ol 0 VGGG 5l (5 g
5220V slacds b 56 MixNet g EfficientNet slo Joe .iloas g 3luaigy ools slod )5 gly 5 aS o
B3 (s (Solw 4 axg5 b len VGGI6 Ll sinils VGGI16 4 o5 (69 ,Slas cd jdy duopd 19.07
W20 &l sl s ol atlys

o Jos 3l eslitl o5 sms e olis eadell olo)S slo b Lingh ol ml deglis (S sba
g Slael (et slaue oS 9 083 50 (2 F B dgue g oo JUT (52T 0k 5 03 Beel e
@ Wil 0 0,859, cpl a2 o ualS ) 00 S ‘553)‘9,07 sools 5 Slawlre mbs 4y 5L aS” Jl> ;0 wauS ol
255 18 ool 550 (ntile gl 5o aline Blas )5 50 Sal, G lgie

& 45 4o
odimoylid cdomn gmac Al eolaiwl b juwgicens slael jaseidd aiw) jo eabplol Gldbord
Oadsl LV YY) ol pglad oszms sla Sy aloled 5 glaetal 5o baet )68l cnl Vb (Ul
VGGNet 4 ZFNet AlexNet jsxon (g oazs sloJos b axs 5 LeNet-5 asle oals 8 me sl Joe
5 o) MNISTools acgame ;o (ugicws olael jasis L5 5 285 0 sz B shogy Koo

oty Lt 1, (¥ e e
Jsol 5 0l zrlae ugicass slael (asis 0 CNN Sl eslaul (gl (£9,0 alai lgica LENEED o
5 eolatl 5 5 sree (5 lone b AIBXNEL ()] JLis 45 0,5 (Byme 1) aezs g (i sloaY jl oolaiwl cwlud
Soloxe g b ZFNEL .cildS toled 4 polad aseid (o) (6Kt o Slas iz (55w b SuSS
5 ol Caws i sleay o Slee g Sy 4 Caily gilus e SSS I solanul JAlexNet

F¥



FO-FA Y oylois ((1F+¥) ) (CadMS g T Hlo pole & i w3l 0olaiw!l U MINIST (s gicaws sluel auseid

oy B 9 S o5 (sl il 5l eslatul L VGGNEL Jow ol 10 .08 zlsuul | pglad 5l s imee s S5
S8 eolatul 590 Jlil (5, 80L ;0 (slos S jsbay 5 ol lad Hwgicwws slael aseis o oYLl E8s
(VYY) ) céd 5

sl a5l 2ol sl s g, VGGLE wiile conyd siigel sl sloJae b JEl (5ol 5l ooli
acgezma 5l 0abaid Sob slo S5y JEl b o by, cpl ol 03g oo )50l 10 55 slaosls § (Sl
Sgne |y anseis 80 L5 (V) + o)) Ke2 5 IS0 MINIST aiile 5SS (slaosls acgamme 4 5,5 (slaosls
lools jzalS 55 1) o Jow b3gel ai3e g oyl aSh wsloawis

ol 08 sl Il Jil (6, 80L 5 ctomy mac GlaSilh aF wias oo i Dlibod pl gl (S gemme (o
Solors (silwaigy 9 polal dore slo 5o 5l oolaul b b SLaSS ol aiind u gicaws slael Laseis sly
aS b jlanl g e ety cpl yo bzd iny aslsl b asladbowss slael ganad b o oYL Cds 4 do Jos
iy 68,5 5 rle iy ik Blas 3 5k IS 5 B3 b e (550t ol S

O P slael L)M“) 6‘)) VGG16 J..\.a 9 k_s.lLd.‘.J dj‘f‘bL’ )‘ ool k.s"L’))‘ 9y RV l) o9y LJ"‘
ebo 4 55 CNN (sla o YL 85 0439 L a5 0gd 0 (ol )] 5l 3aiod ol Ojgp0 el o0 ploxl
a ) Jare cpl g go Jil 6,50l 5l eolaul el gax Lare ol I3 6..»)3,4—‘ sosls 5 Slalxe
S8 dgue g (ol (ol B S o8l 3 (S e Ll (538 ladae g aad alS (25 BB Ol
s s L;LO.»J‘ Lg).jbl) u.)y u’;L“’udj) )| oolaul L’ w}’wé slac! uw GLQJM 6.\)15 9

Wasleiiy
oasis sl CNN gl Je 3l oolistd 31 Juol> oo ol 4 4255 b CNN & jad iy sl Joko 31 ool
Ngds oy y 3 DENSENEL g RESNEL uile (6 5ad pinn ¢ Foduzmn b Joe 39 co dloiday ¢ pmgicaws slucl
s Bl e gicws dlael asis (0 g yinn o5 5 cds wily e e s less g iy Ges b la e oyl
Lo Joe S35 Sgue 1y e slais, 3l (S o (2l 38M00ld 3 colisiw! b (i jgel glaools 38l -
elals 5 Golie jeis (i e wile Galites s Jlosl b ool lilosls (slacSass ) aslia
E55 iy y> Spglie K5 @y Joo 5 ol Gl (cajsel lodiges s g oo w5959 pslal 4
Wl ijgel eosls
3 Shas Sguge &1 rie Wl oo rae ladSd (5 lore (siluding 5 (o) 145 yloro ilwdiagy Y
slaslons Wlg o YAt (g lore (syzinz aile QoSS I ealitl (Jle gl 0 ln o
WS oy egicuss slael aseis glp |y (g paig
Bzl slondls @ oo Tl i ) seSslr sstiten s 3lupliie SOCSESS Sl osliiul -¥
oSS ol 05 o0 anogs Batch Normalization 5 Dropout wiile (s jluediie (slocSuss 5l oolazl
WALESy Sgage e slaosls b aglae jo 1) Lo Joe o Sles wilyy oo
sladoe 5l eolind Iygwsos sasdbigel sy e I eoliwl b JUHl Sl -F

sladoe 5,Shes dgup 4 e Wlgi o EFfiCientNet asle joced ;o8 5 josas ey il i

! Data Augmentation

2 Neural Architecture Search
3 Regularization

4 Qverfitting

4



SN bl FO-FA Y o)l ((1FT) ) cCadS g yloen pole @ yis

Iy Yl s wisly o ¢ et s loss 5l (60,00 b b ow (pl 08d (pugicuns olacl (aseis
o &l

(o 6 5ol S e (6 ok o] 4 x5 L2 Jho (6209 i BCSLSST 31 ool -0
LKBLJJ.A LngLngw )A.Q) AS)Q 9 R 6‘)1 LIME 9 Grad'CAM ..\.,.JLA (S’me )l o.)LL.M:l
S SeaS o Jue OIS &8 g olulids 4y wily oo LSLST (] 058 0 Aoy

& e Wi oS5 Slapias olonl g ilise slaae oS5 T omS 5 Spmns s12! P
Jilg o Boosting  Bagging sule oS 5 sla sy, 5 eolitul 0sd b Jas oIS 5 85 seuy
sy dgug |y o Joe o Sles

Esiie 5 iz sbadiges sl 5 od90] sloosls Ll ol T ool Wago glaaSuds 3 ooliwl -V
sosls adgi 4y Wilgs oo g, (ol D5 oo Arogi sl Wae (sloaSiids 5l oolail ( yu gicaws slael 5
WAL Sguge ) (aeis gl Jae g uiS SIS YL coa ST L eoian

5 wlanng gladae 0 plS oy sshiea ios 1yl g (ABly i drwgi -A

s Luls o T o Sloe b3l 5 (ool sl 5o e ol los slyz] « ooly slalae
S oS L Joke et 5 shos Edlane lalids 4 lgi e 5 ol 395 se dnos

References

Aslani, S., & Jacob, J. (2023). Utilisation of deep learning for COVID-19 diagnosis. Clinical
Radiology, 78(2), 150-157. https://doi.org/10.1016/j.crad.2022.11.006

Azizi, S., Kornblith, S., Saharia, C., Norouzi, M., & Fleet, D. J. (2023). Synthetic data from
diffusion models improves imagenet classification. arXiv 1-19. https://doi.org/10.48
550/arXiv.2304.08466

Bakasa, W., & Viriri, S. (2023). VGG16 Feature Extractor with Extreme Gradient Boost Classifier
for Pancreas Cancer Prediction. Journal of Imaging, 9(7), 138. https://doi.org/10.33
90/jimaging9070138

Berngardt, O. I. (2023). Improving Classification Neural Networks by using Absolute activation
function (MNIST/LeNET-5 example). arXiv, 1-19. https://doi.org/10.48550/arXiv.
2304.11758

Chandure, S., & Inamdar, V. (2023). Handwritten MODI Character Recognition Using Transfer
Learning with Discriminant Feature Analysis. Institution of Electronics and
Telecommunication Engineers Journal of Research, 69(5), 2584-2594. https://doi.or
0/10.1080/03772063.2021.1902867

Chen, H., Luo, H., Huang, B., Jiang, B., & Kaynak, O. (2024). Transfer Learning-Motivated
Intelligent Fault Diagnosis Designs: A Survey, Insights, and Perspectives. Institute
of Electrical and Electronics Engineers Transactions on Neural Networks and Learning
Systems, 35(3), 2969-2983. https://doi.org/10.1109/TNNLS.2023.3290974

Ciresan, D. C., Meier, U., Gambardella, L. M., & Schmidhuber, J. (2010). Deep, Big, Simple
Neural Nets for Handwritten Digit Recognition. Neural Computation, 22(12), 3207-
3220. https://doi.org/10.1162/NECO _a 00052

! Model Interpretability
2 Ensemble Systems
3 GANs

55


https://doi.org/10.1016/j.crad.2022.11.006
https://doi.org/10.48550/arXiv.2304.08466
https://doi.org/10.48550/arXiv.2304.08466
https://doi.org/10.3390/jimaging9070138
https://doi.org/10.3390/jimaging9070138
https://doi.org/10.48550/arXiv.2304.11758
https://doi.org/10.48550/arXiv.2304.11758
https://doi.org/10.1080/03772063.2021.1902867
https://doi.org/10.1080/03772063.2021.1902867
https://doi.org/10.1109/TNNLS.2023.3290974
https://doi.org/10.1162/NECO_a_00052

FO-FA Y oylois ((1F+¥) ) (CadMS g T Hlo pole & i w3l 0olaiw!l U MINIST (s gicaws sluel auseid

Cohen, G., Afshar, S., Tapson, J., & Schaik, A. V. (2017, May 14-19). EMNIST: Extending MNIST
to handwritten letters [Conference session]. 2017 International Joint Conference on
Neural Networks Anchorage, Alaska, USA. https://doi.org/10.1109/IJCNN.2017.79
66217

Deng, J., Dong, W., Socher, R., Li, L. J., Kai, L., & Li, F-F. (2009, June 20-25). ImageNet:
A large-scale hierarchical image database [Conference session]. 2009 Institute of
Electrical and Electronics Engineers Conference on Computer Vision and Pattern
Recognition, Miami, Florida, USA. https://doi.org/10.1109/CVPR.2009.5206848

Fateh, A., Fateh, M., & Abolghasemi, V. (2021). Multilingual handwritten numeral recognition
using a robust deep network joint with transfer learning. Information Sciences, 581(3),
479-494. https://doi.org/10.1016/j.ins.2021.09.051

Ghaffarian, H., & Bamohabbat, A. R. (2023). Classification and Prediction of Customer Categories
Using Combination of LRFM Method, Quartiles and Multi-class Data Mining Methods.
Quarterly Scientific Journal of Technical and Vocational University, 20(1), 511-532.
https://doi.org/10.48301/kssa.2022.316104.1852

Hassan, E., Hossain, M. S., Saber, A., EImougy, S., Ghoneim, A., & Muhammad, G. (2024).
A quantum convolutional network and ResNet (50)-based classification architecture
for the MNIST medical dataset. Biomedical Signal Processing and Control, 87(7792),
105560. https://doi.org/10.1016/j.bspc.2023.105560

Iman, M., Arabnia, H. R., & Rasheed, K. (2023). A Review of Deep Transfer Learning and
Recent Advancements. Technologies, 11(2), 40. https://doi.org/10.3390/technologi
es11020040

Krizhevsky, A., Sutskever, 1., & Hinton, G. E. (2012). Imagenet classification with deep convolutional
neural networks. Advances in Neural Information Processing Systems, 25(2), 1-9. h
ttps://doi.org/10.1145/3065386

Lan, Z., Chen, M., Goodman, S., Gimpel, K., Sharma, P., & Soricut, R. (2019, May 6-9). Albert:
A lite bert for self-supervised learning of language representations [Conference session].
International Conference on Learning Representations, New Orleans, Louisiana, United
States. https://doi.org/10.48550/arXiv.1909.11942

Lecun, Y., Bottou, L., Bengio, Y., & Haffner, P. (1998). Gradient-based learning applied to
document recognition. Proceedings of the Institute of Electrical and Electronics
Engineers, 86(11), 2278-2324. https://doi.org/10.1109/5.726791

Lecun, Y., Cortes, C., & Burges, C. J. (2010). MNIST handwritten digit database [Data set].
AT&T Labs. http://yann.lecun.com/exdb/mnist

Lejeune, E. (2020). Mechanical MNIST: A benchmark dataset for mechanical metamodels.
Extreme Mechanics Letters, 36, 100659. https://doi.org/10.1016/j.eml.2020.100659

Namjouye Rad, A. A., & Dadgarpour, M. (2021). Detection of network penetration by data
mining and using machine learning via SVM algorithm. Quarterly Scientific Journal
of Technical and Vocational University, 17(4), 13-34. https://doi.org/10.48301/kssa
.2021.128393

Rudregowda, S., Patil Kulkarni, S., HL, G., Ravi, V., & Krichen, M. (2023). Visual Speech
Recognition for Kannada Language Using VGG16 Convolutional Neural Network.
Acoustics, 5(1), 343-353. https://doi.org/10.3390/acoustics5010020

Salehi, A. W., Khan, S., Gupta, G., Alabduallah, B. I., Almjally, A., Alsolai, H., Siddiqui, T.,
& Mellit, A. (2023). A Study of CNN and Transfer Learning in Medical Imaging:
Advantages, Challenges, Future Scope. Sustainability, 15(7), 5930. https://doi.org/1
0.3390/su15075930

4


https://doi.org/10.1109/IJCNN.2017.7966217
https://doi.org/10.1109/IJCNN.2017.7966217
https://doi.org/10.1109/CVPR.2009.5206848
https://doi.org/10.1016/j.ins.2021.09.051
https://doi.org/10.48301/kssa.2022.316104.1852
https://doi.org/10.1016/j.bspc.2023.105560
https://doi.org/10.3390/technologies11020040
https://doi.org/10.3390/technologies11020040
https://doi.org/10.1145/3065386
https://doi.org/10.1145/3065386
https://doi.org/10.48550/arXiv.1909.11942
https://doi.org/10.1109/5.726791
http://yann.lecun.com/exdb/mnist
https://doi.org/10.1016/j.eml.2020.100659
https://doi.org/10.48301/kssa.2021.128393
https://doi.org/10.48301/kssa.2021.128393
https://doi.org/10.3390/acoustics5010020
https://doi.org/10.3390/su15075930
https://doi.org/10.3390/su15075930

SN bl FO-FA Y o)l ((1FT) ) cCadS g yloen pole @ yis

Shang, S., Shan, Z., Liu, G., Wang, L., Wang, X., Zhang, Z., & Zhang, J. (2024, February
20-27). Resdiff: Combining Cnn and Diffusion Model for Image Super-resolution
[Conference session]. Proceedings of the Association for the Advancement of Artificial
Intelligence Conference on Artificial Intelligence, Vancouver, Canada. http://dx.do
i.0rg/10.13140/RG.2.2.22060.13444

Simonyan, K., & Zisserman, A. (2014, May 7-9). Very deep convolutional networks for large-
scale image recognition [Conference session]. International Conference on Learning
Representations, San Diego, California. https://doi.org/10.48550/arXiv.1409.1556

Taghandiki, K. (2023). Implementation of a Noisy Hyperlink Removal System: Using the Semantic
and Relational Approach of the DBpedia Ontology. Quarterly Scientific Journal of
Technical and Vocational University, 20(3), 485-507. https://doi.org/10.48301/kssa
.2023.382583.2426

Taghandiki, K., Ahmadi, M. H., & Ehsan, E. R. (2023). Automatic summarisation of Instagram
social network posts Combining semantic and statistical approaches. arXiv 1-7. http
s://doi.org/10.48550/arXiv.2303.07957

Tan, M., & Le, Q. (2019, Jun 9-15). Efficientnet: Rethinking model scaling for convolutional
neural networks [Conference session]. International conference on machine learning,
Long Beach, California, USA. https://proceedings.mlr.press/v97/tan19a.html?ref=ji
na-ai-gmbh.ghost.io

Tan, M., & Le, Q. V. (2019). Mixconv: Mixed depthwise convolutional kernels. arXiv, 1-13.
https://doi.org/10.48550/arXiv.1907.09595

Taye, M. M. (2023). Understanding of Machine Learning with Deep Learning: Architectures,
Workflow, Applications and Future Directions. Computers, 12(5), 91. https://doi.or
0/10.3390/computers12050091

Theodoris, C. V., Xiao, L., Chopra, A., Chaffin, M. D., Al Sayed, Z. R., Hill, M. C., Mantineo,
H., Brydon, E. M., Zeng, Z., Liu, X. S., & Ellinor, P. T. (2023). Transfer learning
enables predictions in network biology. Nature, 618(7965), 616-624. https://doi.org/
10.1038/s41586-023-06139-9

Yun, S., Han, D., Oh, S. J., Chun, S., Choe, J., & Y00, Y. (2019, October 27- November 02).
Cutmix: Regularization strategy to train strong classifiers with localizable features
[Conference session]. Proceedings of the Institute of Electrical and Electronics Engineers/
International Conference on Computer Vision international conference on computer
vision, Seoul, Korea (South). https://doi.org/10.1109/ICCV.2019.00612

Zeiler, M. D., & Fergus, R. (2014). Visualizing and Understanding Convolutional Networks.
InD. Fleet, T. Pajdla, B. Schiele, & T. Tuytelaars (Eds.), Computer Vision — European
Conference on Computer Vision 2014 (pp. 818-833). Springer International Publishing.
https://doi.org/10.1007/978-3-319-10590-1 53

FA


http://dx.doi.org/10.13140/RG.2.2.22060.13444
http://dx.doi.org/10.13140/RG.2.2.22060.13444
https://doi.org/10.48550/arXiv.1409.1556
https://doi.org/10.48301/kssa.2023.382583.2426
https://doi.org/10.48301/kssa.2023.382583.2426
https://doi.org/10.48550/arXiv.2303.07957
https://doi.org/10.48550/arXiv.2303.07957
https://proceedings.mlr.press/v97/tan19a.html?ref=jina-ai-gmbh.ghost.io
https://proceedings.mlr.press/v97/tan19a.html?ref=jina-ai-gmbh.ghost.io
https://doi.org/10.48550/arXiv.1907.09595
https://doi.org/10.3390/computers12050091
https://doi.org/10.3390/computers12050091
https://doi.org/10.1038/s41586-023-06139-9
https://doi.org/10.1038/s41586-023-06139-9
https://doi.org/10.1109/ICCV.2019.00612
https://doi.org/10.1007/978-3-319-10590-1_53

