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Abstract

This study aimed to evaluate the effectiveness of deep learning techniques in the early
detection of breast cancer through the classification of histopathological images into benign and
malignant tumors using the BreakHis dataset. To achieve this objective, three advanced deep
learning models were employed: InceptionV3, DenseNet-201, and Vision Transformer (ViT). In
addition, the impact of several image preprocessing techniques was investigated, namely CLAHE
and Stain Normalization, as well as their combination, in order to enhance image quality and
improve the classification performance of the models.

The results showed that preprocessing techniques had a positive impact on model per-
formance, where the accuracy of the InceptionV3 model increased from (60%.78) when using
raw images to (56%.82) after applying the combined preprocessing approach (CLAHE + Stain
Normalization), confirming the effectiveness of these techniques in improving image quality and
highlighting important histological features for classification.

The DenseNet-201 model also achieved good performance, reaching an accuracy of ap-
proximately (86%), along with high values of Precision, Recall, and F1-Score. This reflects its
ability to extract fine-grained histological features and effectively distinguish between benign and
malignant tumors.

The Vision Transformer (ViT) model achieved the best results among all tested mod-
els, with a classification accuracy of (20%.95). The values of Precision, Recall, and F1-Score
were (79%.96), (20%.96), and (49%.96), respectively. In addition, the MCC value reached
(89%.88), indicating high performance and strong reliability in classifying breast histopatholog-
ical images.

These findings highlight the importance of applying image preprocessing techniques to
improve the quality of medical images and enhance the performance of deep learning models. They
also emphasize the promising potential of the Vision Transformer (ViT) as the most effective model
among those studied. Consequently, it can be considered a promising approach for developing

intelligent systems to support early breast cancer diagnosis and clinical decision-making.

Keywords : Breast cancer, histopathological imaging, deep learning, convolutional neural net-
works (CNNs), BreakHis dataset, image preprocessing, contrast enhancement (CLAHE), stain

normalization, binary classification, early cancer detection, model evaluation metrics



Abbreviation
ACC

Al

ANN
AUC
BreaKHis
CAD
CADe
CADx
CLAHE
CNN
CPU
DL

FC

FN

FP
GPU
H&E
IDC
JPEG
LR
MCC
ML
PNG
PRE
REC
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Definition

Accuracy

Artificial Intelligence

Artificial Neural Network

Area Under the Curve

Breast Cancer Histopathological Image Dataset
Computer-Aided Diagnosis
Computer-Aided Detection
Computer-Aided Diagnosis System
Contrast-Limited Adaptive Histogram Equalization
Convolutional Neural Network
Central Processing Unit

Deep Learning

Fully Connected Layer

False Negative

False Positive

Graphics Processing Unit
Hematoxylin and Eosin

Invasive Ductal Carcinoma

Joint Photographic Experts Group
Learning Rate

Matthews Correlation Coefficient
Machine Learning

Portable Network Graphics
Precision

Recall



Abbreviation
ReLU
RGB
ROC
ROI
SGD
SN
TN
TP
ViT
WHO

Definition

Rectified Linear Unit

Red Green Blue

Receiver Operating Characteristic
Region of Interest
Stochastic Gradient Descent
Stain Normalization

True Negative

True Positive

Vision Transformer

World Health Organization
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{Input,, * Filter, ) + (Input,, * Filter, .} + {Input,, * Filter, ) +
(Input, * Filtery, ) + {Input,, * Filter,) + {Input,, * Filter,,) +
(Inputy, * Filter,,) + {input,, * Filtery,) + {Input,; * Filter,)
=(9*0)+(4*2) +(1* 1)+

T*8)+(1*1)+(1*0)+

(1*1)+(2*0)+(1*7)
=0+8+1+4+1+0+1+0+1
=16

8yg4all Jelas :(CNN) dblaih¥l dpmall wlSeadl § Blad¥l dlee Jitas 4-1 |
.[24] QL}}.U M‘):- CLL}, @qu s asall
Jesaill =lad— 2-1-3-1

J&Jb%%}&gﬁww‘up ‘WngﬂQW&S)mgdeLﬁY‘WQiW
d! (Non-linearity) adasMl (ailaztl 28LsY (Activation Layers) Jeaadll olids 590 gil_.» L Lelads
el seuall § adanll Busud sl dl blal¥l Jitady elad (o 4080y Lea gz 39l
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Lolaziul ASYI AN (Rectified Linear Unit - ReLU) "dasall 2l sumg 3™ Leaathl a1y o

(Van- gyuall @i e (e izl e Lepady 2dlall dpluc) Laeyad Blas catusd) Si86ad! § legads

Wapall Lusly ReLU &l c3yad [22] L gl quall cals a5 e bolaxtl pe ishing Gradient Problem)
ALl

f(x) = max(0, x) (2-1)

AT 095 (R LS gl uall &l Loy « yae | ilipdl dlas s & ALd) 0ua 1 23S Jygmeny A1l 095

RelU (RECTIFIED LINEAR UNIT)
f(u) = max(0, u)

Output (f{u)) .

-1 0 Jzeropoint 4 Input (u)

Aagdadll Il @5ylae (ReLU) dempall dudasdl Jpaaddl Als sy O-1 Lo

pardll sl 3-1-3-1

AU sl adazt 315K Jaady (Jeratll olads way sl (Pooling Layers) ozl wlids gs";l.?
1@ Jlad IS o il s caluy .o 9Sxe oluly il Lasl s (Spatial Downsampling)
(Overfitting) yapazdl § b1,8¥1 5,0l ey Leo A8 § Slucd! (3slly eMelall sue Judas 1

Bl e Byatll e 8y3L8 Llazy Lea o(Translation Invariance) Jlau¥l o bl dpsls a4 miv .2
Al Bgall Ja1s 38l Ladge (e Hladdl (asy dxud]
spezidl Slads ¢ 1651yl
Ot o0 badd Goumall dagall HLasly mams 8080 pyas e wotay ((Max Pooling) ‘édé.sm aeozmddl o

Gty gl i Baledl asbazedl 5] §8:LaS ASYI goill gag BABLIN Bl pass dndlgll WS
33!

315 S aazd Ansogitll Aoyl Jioy >0 psds :(Average Pooling) bawgid!| aeezill ¢
Angad AST clie Jaslys 7 i bl (any § pukiudg coazll Gladll
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Jalslly dlgemgall ladsIl 4-1-3-1

ONN @led 2ylors 3 2ualziell L1 (Fully Connected Layers) JolSIL agumsl! caladall Jies
slap¥l Basaze bl aslys Jagoes oty A gkl Zoyuadl Sl 2 sty aueetlly clant¥l calads o450 day
JalSIL Ugumsll 2 dally JolSIL 5 laddl s Loy o3y (Flattening) s wd)! Zulee iz dadl golof glas J)
[24] Ll 5al 3Lasly ol et Apudanhl Al IS A AL 2k Joad &I (FC Layer)

a5 ¥ lais | ) Aoy | 2ua8 0l il Jugoent (Softmax) caghatll 2 pusiad ¥ aadall 3
s Jatad (JUL Joso (e gl gllays cadias wiligdas 3 eoiall asls)l ol Legazos [0,1] cn
als¥! of (Benign) soesd! alsd! axat Aayls 83951 B!l Aall 05K Aslasl 2lars¥ ayien) A dall
(61 JSadl) s [38] o yeld bt ) Bagls Bulmds 2804y gl 595ty of (Malignant) Al
- Tansorflow Laj> aluseiul 8latl) ac 3k Judiiy sl e AST Jadty Jlte 16-3 Glll Loy

) : "
YT Lﬁ/_]
proaillg waladldl Glas

Jolsll o iy LT LoD

G J oY (e (ONN) 2o ¥ 2pmall 280ad) JolSall ouidl Joall e .6-1 L
ol Cagimll 1,8
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import temnsorflow as tf

model = tf.keras.Sequential ([

tf.keras.layers.Conv2D (32, (3,3), activation='relu',
input_shape=(64, 64, 3)),

tf.keras.layers.MaxPooling2D (pool_size=(2,2)),

tf.keras.layers.Conv2D (64, (3,3), activation='relu'),

tf.keras.layers.MaxPooling2D (pool_size=(2,2)),

tf.keras.layers.Flatten(),

tf.keras.layers.Dense (128, activation='relu'),

tf.keras.layers.Dense (10, activation='softmax') # 10 classes

D

model.compile(optimizer="'adam', loss='categorical_crossentropy',
metrics=['accuracy'])
model . summary ()

Tansorflow dej> alaseiuly adladl a8ad bun ziges slo -1 L

)314#." L,? ol 10 J! M p—"' ‘M\j alady| s Q\j}l\ G.S}o.’u.” BV C)?_Lw.g
Lb S 3 Leusnadl el sae 1164 932 ala | 45 tf . keras. layers.Conv2D
Ayslagll

dov gl joemll ole dplail¥l lgagdd| sulai 2-3-1

s eyl Apzmpandl sgamnll Juloes § el 3l (e (CNN) Lalaat¥) duimall colSeddl s s
Atz dly Ly sadl Lelandas al (a9 2xwi¥ly W ouidly Graddl dpaatdl ao dolasll (de dladl Lgyoal
:[23]
St et W Al @1l e § il @alud oo iladl go iy alys¥l (e Cadsd) -
QU 5o LS oo bl il s Lol B o Jodd) azed) gl e My Law A8y Ayl DI
[39] dglaaglll waall § guihl ol pue Jilas caiS

Lolsdl Lg¥ (! sgu> wyamiy Jye clld Joding :(Segmentation) 8l Greudd! gpuadl! .
puds euad] EWSY aln ol 929 (JuSl Soiua e A8y gzl suadly «(Nuclei Segmentation)

[40] Lo,

Sl e Lpad 7 3lasdl =il ((Grading & Classification) Lgzls g dwills yud| tbﬂl adad e

BreaKHis Jis 4dle bl ole gazms aluseinly (Malignant ) sl (Benign) 8! ‘alﬁif\ O B8l
[38]

Gy i) ol yud Buzall Ampwdll bla¥l o 380! eatll e 8,088 CNN olSies cllies celld e 3dle
[41] Joiid
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Co e g ASY 9l sa9 :(Invasive Ductal Carcinoma - IDC) gilall olgiall oy .1
Bygloell doeud¥ g5ant Al clguall oyl yus Ay ;o) LS 8 ises

olbyudl 8 e &y i ga9:(Ductal Carcinoma In Situ - DCIS) apall olgiall olbyw .2
Ala Ll Ma‘ BlAs1 O9o cad=ll Q\}:.é NESK 84 Ladbll pe WM as Eo>

iolail¥| dpemoll ltmgidl Ll 3-3-1
116,24] gyl B yd Lguly (aslias Bue (o glall Jlell § LBgas ONN @l datud
ALl e Lalas z3gedl palsn &> ((Automated Feature Learning) &lpeld Slald! elasdl o
Juolanll BB, ablyl § Jdas Lo [A{FS Iy «(Handcrafted Features) 5‘.13..\.3 oaibasd! dwnia Ul
A A Budall dya
oaiy alodl o Lgladl Llas¥l e 8yaill e 5,usll :(Translation Invariance) Juasyl olddl .
syl RUT &J,LiS9 (Pooling) @A‘zﬂ\ i Lasy cUdg dyguall 51 L«':.:jb’ji Leadgan ope Hladl

485 (e alas cily Agasdl z3keadl 485 o wluhyudl o puadl cp bl sadle Anakdd 48 Gudms o
[39] 5,8 Gpmsll amall ales oy 8 ele G5atis b «craaptl] paie il eLb
sl dl aledl 8yguall U505 o> :(End-to-End Training) &l J) Llad! 48k cuyuad! -

Sl z sl U e JolSGs Tlsls olg¥) cucmty z350il] o Lo (8,blen cigiimtll 51,5 7509
Bd>ga Bl.a“)l.e.a.a Q adiuailly

(Feature Hierarchy) _==ile=<l( ,_1].19_1.1.@ 4-3-1
i w3y o Aageadl ONN @led es G clodl gl oo ciliedd oyl olatd] 2ols dad
1[42] JWIS 2l i pe oS35 gyt S pasbiasll z [yaialy 8ypuall
Baledl Calgal e Aol g Alauedd| il 7 yiwly (atis ((Low-level Features) Jo¥f oladall «
Tusaad AST Lolasd oladd do¥ cladall &l gk psds ((Mid-level Features) Jawgdl oiladall »
Al A dg¥ Ao Il AT g (51l claazall o (Textures) (geadl! olgall Jie
Adle ad¥s e Y 4Ll asbaxll zewsy ((High-level Features) ddcea]l siladall »
gl susall a0 Ammpudd) ol e Bpatdl e a8 Ss (Semantic Features) (Ggiwd!
Aglael) gl 39y gl sidl (s e calyg¥L
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G A il § Bals ccariiatll 285 5aliss Assunl blll (ites s § payell a1 eal

(Gigapixel Whole-Slide Tm- aLelS01 51,411 289,alls sLas¥! 48Mecs el 38 sguall ae Jalazll »
gl 8,813 8y alie LIso] (S ¥ (Jlg ages - WSIs)

‘a\)jﬁ\ Slige 8505 Jie) obldl Slegame 515 (Class Imbalance) aliall o ol O3l JMas| e
(Aa3Lad) Lol 3 VL ,las

G plall 820 cadall e Caapmy S (Black Box Challenge) z3leid! puds &ils dnga=e o
N U SY-A I E Sy L0 [ DA LN

Lo Aot duuing uzmayy Slidi Bue jghaty 7 A8 @3 (bt sda (e cdaxlly

28,11 Y1 1 5480 WSTII a5 oty ciu> :(Patch-based Analysis) a8y JS& (e sguall Juloes
o (09 « Jaiue JSo Lple Acadl Coyasy Lazellal (Jss 256 x 256 Jia) duwoliall slay¥l el 3 5 pagall
23] gl g

Sbldly a8l e Sl xS 7 350ill meud g :(Attention Mechanisms) sLG¥| KA
Aoad 91 of Aa i) Blalil) Jaloss g « (Al pued| LU 3 o) il § il daal SSH1 Azl
[43] pwasld didsldy CS}Q.L” 485 e Lee 8,550 e Ao

dypemadl =¥gnall 4-1

Jel=dd 3reall @laddl § Slal=s¥) &l usi (Vision Transformers — ViT) Lppadl e gzl Jias
gl Ay CanSS @3 Eo <2027 Liw 4dka3g Dosovitskiy Alexey cd,bs (10 810 Jo¥ Lasdas @3 udg « jgunll
VIT z3lai datad © ogeall bl e Landat) (Andall 26l dnllas § Lol deaziwdl (Transformers)
¢ (Long-range dependencies) gull abgls = l8Mall & das J=1 o (Self-Attention) S sl ol e
deiad &1 (CNN) 28Lat¥) Zpmall IS add BUS (8ygiall alall Bloadl wds o Loa Byl elyal Calisea
[44] Al Slleat) e bl SCin
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250l Jgsd el ciligedl|  1-4-1
ol Juai  1-1-4-1
Ligmig Lo ad o o (s 16%16 Jia) s ez 13 (Patches) a8y J| 8yg4all uuds ony

e 4o Lie bl AUk eS Lae Jolasd! @iy ey calan¥! Jle sLiaé 3 (Embeddings) uaue olizie I

—Seegall jagll 2-1-4-1
(Posi- A ge hays 48Ls) @iy « auwds (S HLae¥) cnny csbiledl sy ds b ¥ e¥gell Ay oY Blas

LA 2l e Blaxdl e 7390l debun Los Byguall J5 15 208, JSI KL 2861 Jiasd tional Encoding)
[44]

Jpsall jaddl  3-1-4-1
993,01 saaie 1A oLl AT Jedd wlads Bue (o (Transformer Encoder) Josed! jaddl 0sSsy
Ll 7 3gedd mowa Les «(Feed Forward Networks) Auolel s w8 ss(Multi-Head Self-Attention)

_n.i.i.=_1.l [_14.111 4-1-4-1

dot do 30l c¥gme Bslans 3 Gogoelly plisdl OgSAI (Classification Head) caylmzl] oely dad
Juieddl e 13lexel c(Bocate ilid J] Al Hguall Caiiiay Jie ALl cila il clguind) 7 L) Adggune
[44] ;a2 oo zyzradl GLAI

dudi ¥ Sy oadll ol —ns aggll g 2-4-1

s9eall Jazs e Buuyall Lgyad Juady sucely 8ab VIT 73l ciusl (o8, ghll pgiatdl Jlxs @
(Global Context) Jlall &lewd! Jeloeis & das e 8,08l ellies o tdadanl] ddlaat¥) olad) asisd
(Histopathological &uzgudll yoall an Jolazll i 2alL, Al o 1 cendSS  Jo¥l ladatl diw 8594l
Ladesg Al Al il bue (e Butang (Alall Bubas gulsg Lgls Llal e Lglgimb pams &I Images)
[45]
:[28,45] L Ls 3uioms 3 Jlad JSin g 3Loall o L « sl sy i1l 0801 o ool ele (Bl 39

(Tumor Microenvironment) ayel} 43,801 Ll yamd e 8,08 buied | dzmeud]! Bla¥l L o
Aplal IS0 48,50 Lo lasl] (51aid (93 Raasls il Luca pe
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Jelatll Jio caygll Aalusell g il ligSU oy (Sly Slalall Loy )31 : gk Sueny 2L ildMall b
&l ydoge yd99 law «(Tumor-Infiltrating Lymphocytes) dalaall due ld| Wselg dsls yud! WIS oo
Aea¥l AL Ayl ds)

Ao lS Azmpandd] ety JY1 55409 Cayivanll BolaS 28, L @lbdl jark il Adgigag 485 Cruses o
[28] o bl dedmtdl e Lo¥ (g piadl sl (ye Al gyl Unsd) ¥ s (agiiig «(WSIs)

Vision Transformer (ViT) Transformer Encoder

Class
G MLP
= Head

Transformer Encoder
Patch + Position

EE Jdddddd dod

l 1 Linear projection of Flattened Patches

Lad »-rimau

Multi-Head
Attention

Embedded Patches

[44] 3,01 Jyma zigad Aalall aidl .8-1 J£ad

dgdl = ¥gva Llja 3-4-1
Lo LA (10 A gazmo 55,01 ¥gma 1843
dnly by @ Byguall s 3o apen Jasyy LYl AT ol 1Byguall @Ilall Blecdl das ©
[44] NN (y0 il ol Aslas 5l 3axs :gudlis el

[45] z3geidl ey SLiled! g B0L5 a0 1Y iy :c_w}ﬁl als .

—pull 4-4-1
3lee 294811 A gazme 205,01 c¥gzma (o my
Adlahyl il A5)lae S Aplus 5l90 (] 22l -
> sl Guamt) Aases lily Slegama e slaae¥) o
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[45] 5554.1.!\ Q\J‘.\.&:!‘g (Patch Size)ajjjl p.'x_a-‘;l__:._’i_a-y l_y—u\-««_xj\ *

oyl guall ol Y| 84l ‘a\.a_N Bleud! ~2 ‘3 Zuiﬁa_,_n ¥yl Lauas LE\J\ S LI cyo p.c)_ﬂ Se
ddlatlg adell (asbasdl cpo solazedl L ViT g CNN (o ta.z?w GSL@)}.@& d oy Lwgdlg bl
.[3.;‘.3&2”3 uajl.@.‘zj\ ;&.PL).ACJLQJJ‘ ehm&.’»)uﬁ (1) Jg..\.'?_” G:pj,! LQSELL.LLJ‘ L'LE.HJQJ.H Q&.;ab c._\_'>|5 UTL_?

L padl bla¥ll i (e Eaill e 7390101 5,08 J) (Spatial Invariance) SEL oLl Aol A4l
(Flipping) +Sx3¥1 of (Rotation) (Translation) ysguidl dez Al e <8ygeall 51 Lalss! of Ladga ope ylasll fasy
(Histopathological Images) duzpuid! jguall Lols ‘w\)w!@ﬂé@ui@w\a&.xﬁ
iats 3 2 Ll o8 JUlly Aelstio 1t lalailos Adluien 1315 el of Roplill ) st of s

Lol &80 g Bugas alile o Joladl e el e 8508 AST OeSs S Ll e Adle 4y
e o cJalge Bue e Aozl sda datad

Slibee iy GIKU LA o Banprds A2y (CNN) L3Lt¥) Lpiandl ClSA 855 Eop 1z Sl gy @

(Pooling) axez=illy alazl¥l

Aalzzell Sl ae doladdl e 739031 8yu8 cisly culiled! g9 a1y LelS o yudl Slile poiss ez @

Ly, Mgy 2dlanl¥l LK o wylae L 1-1 Joasy

(VIT) & padd| c¥sll | (CNN) a8 Lad | SIad! | sheatl

o) G sl 2l e emad | LYl cllee e datal Jeadl 2t
Byguadl e 3T oy al8Mall A=l Jasbasd 7l

K Glw) Adle  jaibas (plgd Blg>) Adms paibias oaibazll ggs

(3y54all

Byiles (ol Suteay Mall wias | wlEMall il il Bue gzlixs Blead! @
Bugad!

oy till 3,0 il g Lies G A8 bl o 10u Jed bl ] ds )

S 390 cullatig 1 2uaai ST Ul 325 I8 bl aadll

sadall Lol od dUlad | Juoleddl zliiwl § Wlad Lzl Hguall §615Y)
EFIEN

S bl 95 die Jyadl Baguzll lidl 3 Bug> PURSTTENNE
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il ==l

Geoall wlarlly slila ¥ I calas § auadll iy ylade okt glall (e ddll Jlxe deda
#1531 AST oy gl ol ady [8] Liro Buidal) Lla¥l 7l zily dndall souall Jul=s 8 LzelaS sl &)
3 Saelad) e 3,008 Lgal> Aalasl juglas Jazy gl a1 (ellall Sotame (e sladdl o g ool yaed|
[2] 88 Aeal 13 Legunga Ao g 2By dumise 43
(gt Ol yae a3 3 Surazall Jilugdl gal (o Gpeall amall (e danslill Azmpadd] sgunll aafy
Blas 122y BBy Branung 58 a5 oty Llelons 01 ¥) Amad¥ly Aglsadl 40l Jgo 25485 ciloglan 4895 3)
bt @ Geond) elatdl LS ol By As L bLes¥l iy (o Ladls Lsmeadd) patbiasd] § 40 g gaal!
G B (0 Adle Blbgiun Baz=ig Sinall aibiazll ¥ eladll e Lppud IS (o cliasedll sda (e dpaadl
idiatll sl
Al Cagianll 3 eaall @laill 7 3le (o Ao gazme 1ol @l ) Aaolyll e cag U3 (pe BNl
sl Al asdlall claas pamy Al Aulys ae As alls Baes alyl JI empaddl gl ol s s54a
otieiadl Sblad) e gazma oy e 1 iyl @B oetall Lzl Jumall e Jolidg .z Saill oa 3elaS e
£ 15¥) 0 etsliay EL@ily eLoyas ATy Buatall 7 3laill (o ye @ ccbiledl slately Aarud Axllall >l ey 590
Bl o )lael) Levswad)
el ol el Jlame @ Tossiad] Sbladl legame 1 i1 2.1 Jousdl misngs «Blesdl 1da 99
Aalzsell Cadatll 230 @ty yshatl (el dazad Sl
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sl sl
a1 Kyer| (ARIY s S anigdl | Hgeall sue [oliallsue | olibed! 4o gazme
[47 46] |55 Logde | 21 Ale 340 | (5,429) M (2,480)B| 7,909 2 BreakHis
Luibagh | Jedmtl] Aalia
R
(47 48] | phuo clly ex> |Gl cass|  (49)B,(113)M 162 2 BreCaHAD
Tax | bl wlai 3
dyeyall
[52,51,50,49] ‘_3 sl Lsgdss | duaie adyad INVINS, B, N, 400 4 BACH2018
dadlell o lledl | @lad o laadl
[56,55,54,53] W‘;ULHW faLm.E_'»Yl DAY ARie 1,000 2 MITOS-ATYPIA
(Mitotic  gglz]!
figures)
[58,57] dadiye dplus K5 | Jlanl LS NMT MT, 400 2 CAMELYON16
dglaclll
[53,54] Sl G3lgs s (S Aegeme NMT MT, 327,680 2 PCAM
paeadd] 5s5a1]
[51,60,59] | Ggiun e oged | oS Ailie (s IDC- IDC+, 277,524 2 IDC
(Patch-level) alsLall lgaall ol yw
[61] ENDIMPVOES | U-F -3 fau;u-m DAY NMI MI, 150 2 Mitosis/Non-mitosis
ezl yiie RPNES)

1-2 Eladl Jouzd! § Teaziad) wlhlass¥l L 2-2 Jomy

Sall | Anlaidl qall S|
dee> 2y9 | Benign B
Cus ay9 | Malignant M
b mewd | Normal N
o934 Olbyw | In Situ Carcinoma INC
sike b yws | Invasive Carcinoma INV
Ol yud! HLATI | Metastasis MT
Olbyudl HLAG! pue | Non-Metastasis NMT
Gl olgiall glbsyw 5929 | Presence of Invasive Ductal Carcinoma | IDC+
&bl algall gloyw 5929 sue | Absence of Invasive Ductal Carcinoma IDC-
LI alwasil | Mitosis Ml
LMl aluail aue | Non-Mitosis NMI
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Jasll dngia 1-2

Bueld alusiul Lzmeud)) gutl) Gy soim carhint] Geaadl plardl e Lals Tyllo) 2 5ias Jaadl lia 3
Anllael) Aaline luas ;00 s Guas plad z3led Bue iy puasad J) Jeadl Ida Cdu: BreakHis ol
BreakHis &lily 8ueld slaiel pi ol 3 aludude (o>l pe B (o Ao dall Al oS Hguall daull
e goma (sead o2 ¢3Sty gl ol ad Al Burpasedl ¥ Lell Jh3 1 Al sgumll (st sobsmaS
syl olaaidlsda Jodds . lall 7 hsiw! ddos 505279 jomll Baga (s o Aawd | ddlall lass o
e d] 48LSYL «(Stain Normalization) cbiwal) aedas (CLAHE). sguzedl cliall cnuns 34045 (bl
G0 s Glasad HLaslg 3azT A garmag cunyld Aegazme ] Leasundiy wlledl @lats @iy @ cniaslball o
Vision g DenseNet201 9 InceptionV3 : 29 dueall wladdl (o 7 3lad M coyus o 23 g .z 3leidd Bgigw9
Aol 2500 (Accuracy) 2801 e (udlie Bue alseialy 73kl ¢lsl @ oy [s 1 Transformer (ViT)
A cud) Azllall cilagsliw calises o 7 3lasd! e181 85,lae > o cU3g ¢ (Recall). ¢ L4 (Precision)

il 2-2

z3saidl 485 e AL Laatlad Blas « geeall @lashl z30es eliy 3 ol Bmie bl Ae gazme tad

bl Slegazea 48T o 29 [6] BreakHis clilad! de gazes alusiod @d cdulyudl sda § et e 45,059

@ Laiye 82 (e B3gale By By540 7,909 e Soizmt Apzmadll utll Glbys Hoo cagiuat 3 13Leie

@ Oatis Bl e pad 4T 1ST e (H&E) 345 alasiul s (Biopsy) Aesadl ae Lole Jguax]!

) Gt e aibias zlxiwly mosy Los 4009 X200 X100 x40 : 1S5 cilamys anyly Hguall boladll
aiuatll 485 (puces Lo gag (Tissue-level) muudl! $s1us e (Cell-level)

ealildl ageas 1-2-2

Bl plye¥1 Lea ity (id ) ol sy yguad SLl cayiiatl e aulyudl sda sleiel o)
LeS Lmssels (Saug «Aalises due p8 Az uid ﬁ‘ﬁ-"i Bue oyl 438 JS o1 ¥ ((Malignant) s ‘abjy‘j (Benign)

e
:(Malignant) duzt! fsbgiﬂ :(Benign) 3ceet! ?bgyl
Ductal Carcinoma ¢ Adenosis ¢
Lobular Carcinoma e Fibroadenoma
Mucinous Carcinoma ¢ Phyllodes Tumor
Papillary Carcinoma e Tubular Adenoma
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2081 142 222 170 903 150 121 260 113 x100
2013 135 196 163 896 140 108 264 111 x200
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(iatl] 451519 7 Sgaidl 8o laS e Aaaldl Amtlall cilaas il dlys B olal)
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:Ju Jgazll 3
InceptionV3 z3geid caiiymtll 11,35 2-3 ‘_]9,=.__&
Class Precision | Recall | F1-Score | Support
Benign 0.69 0.58 0.63 372
Malignant 0.82 0.88 0.85 815
Accuracy 0.79
Avg Macro 0.75 0.73 0.74 1187
Avg Weighted 0.78 0.79 0.78 1187
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Inceptionv3: No Preprocessing
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Metric Value
Accuracy Test | 0.7860
Loss Test 0.4514
Precision 0.8213

Recall 0.8798
F1-Score 0.8495
MCC 0.4842
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s Ll e Buges > 156 caduas 3 Uasl 7 3g0adl o) Jasli « ol ¥l 2 ga0m0 Judoxs IS (pa9
Jas oad) o csliad) suie (3e3 acay bl lda puds (Sasg Buras Lt e A 1> 98 Cayiias o3 Loy
Crsnt) B Allae oliids ol Gadat 090 Al sl e 7 3gaill slezel ) 20LYL cobiled) e gazma
Azmeadl) jailiasdl 5a5a8 ol sguall 535>

V) !l yguall Caiat e By 808 cllie InceptionV3 7 350 oof @iludl oy lsl (Aale Laga,
3 e ) Aollall b Gadas 2ueal 5 Lo cbusesedl ¥ loel] 2wl Lol il SLLS Jsa La 61531
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CLAHE
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Jouzll J o0 92 LS (Classification Report) cadiadl 11,85 alaseiwls 7 3gedl elal Lausls o
:Ju!

CLAHE 2445 alusiwly InceptionV3 g 3seid cagipmtll 1,35 .4-3 Joman

Class Precision | Recall | F1-Score | Support
Benign 0.69 0.77 0.73 372
Malignant 0.89 0.84 0.87 815
Accuracy 0.82
Avg Macro 0.79 0.81 0.80 1187
Avg Weighted 0.83 0.82 0.82 1187
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Accuracy per Epoch
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Inceptionv3: CLAHE
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Metric Value
Accuracy Test | 0.8197
Loss Test 0.4107
Precision 0.8877

Recall 0.8442
F1-Score 0.8654
MCC 0.5947
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e1581 § Dogzela (s ) pdi Las <0.5947 (s> (MCO) guile Lolisyl Jalae Aagd cily 53T gz (10
onadl ot Ladl 03195 ae Al Byl 35)lae Ladiatl)

s Ll e Buges Al 87 Caduas § Uas 7350l o0 Jasds ol ¥ ddgim0 Jules I3 (ha9
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cnbedl (s s Adlad uSs Loo Auluadl s9unll 25ylae ¢ 1531 qidly s o «Auampad]l Hguall Ciiias
Al sl ghadll § daeall 73kl 48y 50528 3

InceptionV3 z 3903 coyts 18 Azmewdd] Huall (e Normalization Stain 445 Gadas @3 2yl sda 3

e 7z 3gail ae Ly Las Aalusell (gl bl e Ameslil) oM Julasg dpmepaddl 01 I¥1 dpmmg3 e cll3g
Blyatuls 285 AST a0 meaddl pailas) 7|yl

794 52 LS (Report Classification) caiyatll 5,45 aluziwly InceptionV3 z3sai elol (auils @3

:JWl Jgazd! 3
Lagall w93 day InceptionV3 T390 aglyal i ya5 .6-3 _],.:_L
Class Precision | Recall | F1-Score | Support
Benign 0.70 0.72 0.71 372
Malignant 0.87 0.86 0.87 815
Accuracy 0.82

Avg Macro 0.79 0.79 0.79 1187
Avg Weighted 0.82 0.82 0.82 1187
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Inceptionv3: Stain Norm
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Metric Value
Accuracy Test | 0.8172
Loss Test 0.4090
Precision 0.8710
Recall 0.8613
F1-Score 0.8661
MCC 0.5781

il ddle>| 485 InceptionV3 7 3445 34> oMel ciess ol ol W) A gbmng sLasy] Bl deily
A Co Al el BLATS) e Buyr Byud zigeidl (bl LS Laall dumss 2045 Gudas uay 81.72%
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cres J) i Los «Belua¥l sguall ol et 2ylaa el 29 MCC = 0.5781 &agd £ 590l S LS
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s | w3l Jolasy elatl) dlec ) a1l (s (3 Cealu Normalization Stain daas o Bl masiy
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s CLAHE _aiyiai yaom sl dls gall yilsi 6-3
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Jouzd! 3 29 32 LS (Report Classification) caiiiatl 51,45 alaseiuly 7350l elol Lawkls ©
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Stain 9 CLAHE ) ‘a‘.\i’l_wl.j InceptionV3 Ti9ed arlial yy83 .8-3 _]9.=_;
Normalization

Class Precision | Recall | F1-Score | Support
Benign 0.75 0.66 0.70 372
Malignant 0.85 0.90 0.88 815
Accuracy 0.83
Avg Macro 0.80 0.78 0.79 1187
Avg Weighted 0.82 0.83 0.82 1187
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Inceptionv3: Stain Norm + CLAHE
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Normalization

Metric Value
Accuracy Test | 0.8256
Loss Test 0.4076
Precision 0.8535
Recall 0.9006
F1-Score 0.8764
MCC 0.5834
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Technique Accuracy | Precision | Recall | F1-Score | MCC
Images Original 0.7860 0.8213 0.8798 0.8495 0.4842
CLAHE 0.8197 0.8877 0.8442 0.8654 0.5947

Stain Normalization 0.8172 0.8710 0.8613 0.8661 0.5781
Stain + CLAHE 0.8256 0.8535 0.9006 0.8764 0.5834
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LY Hguall Je DenseNet-201 7 305 caslimt 1,45 .11-3 _]9.:_;

Class Precision | Recall | F1-Score | Support
Benign 0.91 0.90 0.91 372
Malignant 0.96 0.96 0.96 815
Accuracy 0.94
Avg Macro 0.93 0.93 0.93 1187
Avg Weighted 0.94 0.94 0.94 1187

L)) Hguall Cagivas § rasye 21 3i> DenseNet201 z3gas o (| cariiatll 15,85 mli add
LS Cayiiat e 85lian 3yud z3gaill (5T LS .94% s> (Accuracy) Aaladl 2301 cialy Co ¢ gl ol yudd
#lgw u> e (Benign) ool 22allg (Malignant) Al 25all 2adsye @l (3edm5 ao o (uiall
¢ Ly (Precision) 23,1 (e S 96% Jlg> cidly oudy milid) Jiadl st wall ez Ul
Amimio Byguas Akl yudl el BLAIST e Adlall z3geidl 5508 (e o Lew (F1)-Score. a9 (Recall)
e z3saidl 5508 (uSay Lo 929 90% sl (any Selwt fos Ml Buur @S Bues| L)l caas
Agdle BelaSy pnall G el

platll livia Jdos 2-8-3

Loss per Epoch

Accuracy per Epoch

—— Train Loss 0.95 1 — Train Accuracy .
0.6 | validation Loss Validation Accuracy - LSS
\ -
0.90 4 ; J\ -/——/_“‘/-
0.5 illl S /I/J :
0.85
z
g 04 a |
5
| § 0.80 /
0.3 : L
\ '?-\'\f'.\.._\ 0.75 4 |
: ~AL /
0.2 ; \f\,\ f
—— 0.70 4
= o J
0 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs

4la¥l Hguall aluzialy DenseNet-201 z 350t 3amlly cuopuddl Slimie .9-3 Lo

Gaxilly coyutdl Gl LT (Accuracy) 23,y (Loss) 8ylusdl &lls o JS selas 9-3JSAT1 s

AoYl ssuall e DenseNet201 z 350!
iyl Byl (0 S 3 Bdtusg Gamys Uslasesl gmidl ylad :(Loss per Epoch) 8)lusd| goxia
ola5 g9 LoDl LS .oyl Gl G Jo¥) cadzdl e (Validation Loss) @azll 8;lusg (Train Loss)
Ui penll e 3yl 5,85 el les sl e Jot Los « add Lagals Sl po Casimil] o it

57



e oyl il 3 3amdl 8ylus ciyatul udy (Overfitting) eladll by e dinly il dge Hoes 09 i
ohall Ades 5337 Siny Lo 529 1(0.16) s Auiine s

izl IS 3azlly coyanll 48s (3 Buyu Lelasy) goeidl (s :(Accuracy per Epoch) 2301 (g
ks LoDl LS casyotill (ym 55801 LT (3 93% 801 ciolimt o zmses JS) it el @ o 53
283 Low ccyuddl &l 394.5% Jlg> caly 3aos 485 Jumud po ezl glans S5 3ty coyudl qimio
bl L yd A Comiy Al ummenddl (ailasdl 7 erul e 730l 8,08

Densnet201: No Preprocessing

700
= 36
=i 2 Ne False Positive 600
& - 3.03%
500
o
G
= |
= - 400
~
l_
- 300
P
& 33 782
Ei= False Negative True Positive
= 2.78% 65.88% - 200
=
- 100

i
Benign Malignant
Predicted Label

4L youall e Densnet201 z3geill olal¥l 2d5a0ma . 10-3 Lo

58



Syl degaza e DenseNet-201 z 35 sl | mils . 12-3 o=y

Metric Value
Accuracy Test | 0.9419
Loss Test 0.1373
Precision 0.9560
Recall 0.9595
F1-Score 0.9577
MCC 0.8646
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clahe duas aluasiwl Desnet201 z 3goill Cayiat 54,45 13-3 Jo=y

Class Precision | Recall | F1-Score | Support
Benign 0.93 0.87 0.93 372
Malignant 0.94 0.97 0.96 815
Accuracy 0.94
Avg Macro 0.93 0.92 0.93 1187
Avg Weighted 0.94 0.94 0.94 1187
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Denenet201: CLAHE
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Metric Value
Accuracy Test | 0.9377
Loss Test 0.1839
Precision 0.9427

Recall 0.9681
F1-Score 0.9552
MCC 0.8536
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class Precision | Recall | F1-Score | Support
Benign 0.76 0.80 0.78 372
Malignant 0.91 0.89 0.90 815
Accuracy 0.86
Avg Macro 0.83 0.84 0.84 1187
Avg Weighted 0.86 0.86 0.86 1187
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Densnet201: Stain Norm
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Metric Value
Accuracy Test | 0.8593
Loss Test 0.3044
Precision 0.9070
Recall 0.8859
F1-Score 0.8963
MCC 0.6780
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daxall Precision | Recall | F1-Score | Support
Benign 0.86 0.66 0.75 372
Malignant 0.86 0.95 0.90 815
Accuracy 0.86 1187
Avg Macro 0.86 0.81 0.83 1187
Avg Weighted 0.86 0.86 0.85 1187
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Densnet201: Stain Norm + CLAHE
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ol aay DenseNet 7 3903 jlas | gl 18-3 Jg=n

sulaall [ dagall
Loss Test | 0.3171
Accuracy | 0.8602
Precision | 0.8602
Recall 0.9509
Score F1 | 0.9033
MCC 0.6641

Tz £15T CLAHE 4485 70 2y DenseNet201 z 3505 3a> « ol ¥l L5 mag Las¥ milis e 3Ly
Recally 86.02% glud Precision 4.8 2o «86.02% adlex¥! cadindll 485 cialy s las¥l Aegaze e
Les ¢66.41% 4y ) (MCC) s8le bolisyl Jalan d 23L5YL 090.33% | cilisg F1-scores <95.09% sl
Al Yl e yadl 3 Aols (598 Lardua ool 3udmd e 7 39l 8y (uSiay
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Recalle Zogd 5 Lasy) uwds Lo gy Lesedl ¥l oloes T Alle Boluws ilad 7350l o LasMig B Ll
e I3 o8 ¢ ly (> Negatives). (False Jlae¥! ¥l (a5 Juadd o auball cilagdad! Logo ol ad Lae
A3 Al ¥ L) (§ Ala i 3Ly ol

wiliill daloll ddsliall  12-3
—idiai § DenseNet201 zigai ¢lol (e daiud) dllall oluas il euds J) dwlyull sia Cdug
z 39l elal &lae s cclld Gua=ily BreakHis. wibly 3ucld e 13lexel il Ol yud Azmpudd! Hgiall

Lo prad) mes J] 8LSYL Normalization Stain 2uasg  CLAHE 2uésg (il jeuall plasiwly

4wl dlall olaas Calises cams DenseNet201 z3gaislal &yla0 .19-3 Josmn

Technique Accuracy | Precision | Recall | F1-Score | MCC
Images Original 0.9419 0.9560 0.9595 0.9577 0.8646
CLAHE 0.9377 0.9427 0.9681 0.9552 0.8536

Stain Normalization 0.8593 0.9070 0.8859 0.8963 0.6780
Stain + CLAHE 0.8602 0.8602 0.9509 0.9033 0.6641
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459 Lo guall o copal @1 Al Ayl w5l e llasML sla 3axy .z 3gaill Jae 2Ty bl
gyl 485 3 by s ) Logs @©f CLAHE ao dzas ol Lasall dumg3 0 0 (§ 61T Juadl Lo s CLAHE

Vision Transformer y s=gai pilii  13-3

ssadl Caduas 3 45151 LiaBliag (VIT) Transformer Vision 7 5.0 gl (o)t @il s (afasd
cualie Alys IS (o Byl S o Cilizen 3z 39l e loT &5ylan (e Juleal) 38509 .t Gl yud Az
4 ud) Azdlall by oo dislatul (gue st ldg bW S l8gd mag  3aetlly coyudl iliming « @uua |

gl Baga (u=ig

dde W oliledl ale =M1 g ¥l dls gl t"L'" 1-13-3
(Baseline)

Gedas 093 BreaKHis bl 3ucld (o Adia¥l jouall alusiuly VIT z3ges cuyls @3 cdy=tll oda
(Self- i1l sLas¥! clilly 2301 eyl Bty 5oliS o J] Solaill s Cdty A Axllan liids
SIS AL Ly laag ca el yguall (pe 8 ydilie dmis ollg Al Ll Ammuadll kg L8N L,,4»)4'%7_/.«4\@Attention)
“latex : JLJ& Report) (Classification cariuadll 1,45 alaseiwls VIT 7 3943 elal aysls @ adazll 48lazIN)

VT z 353 cigivad 40,87 .20-3 Jomon

azall Precision | Recall | F1-Score | Support
Benign 0.92 0.93 0.92 372
Malignant 0.97 0.96 0.96 815
Avg Macro 0.94 0.95 0.94 1187
Avg Weighted 0.95 0.95 0.95 1187
Accuracy 0.95
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VIT: No Preprocessing
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WLl sl de VT z3gai slasl mls . 21-3 Jomy

Metric | Value
Loss Test | 0,1187
Accuracy | 0,9520
Precision | 0,9679

Recall 0,9620
F1-Score | 0,9649

MCC 0,8889

alastl wie Tos Lt as 215TVIT 2 3903 32 oMl Bmangll Lalal¥l A giinag sLas¥l ails e 2Ly

Azl BB il s e Adlas Slaas 6 Badas 90 BreakHis il sucld (o 4ladl jgiall
Al e 5Lyl bl e s UKy paeaddl e 7350101 8,08 1Sy Lea (95.20% (Jls> (Accuracy)
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2 adSU e Aleyadl L) sie Julas 2ead Tlas adall cligdatll § G Zones (29 <96.20% Jls>
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onizall o el 3z 390ill 898 e J Les <0.8889 cualy dadtye daid (MCC) Sule Lolisyl Jalae oo IS
AR { I VESIS % PO

Sl Ol pd Azl sguall Capivad e Bz B8 cllie VIT z3gad oof mlidl lad cale JSay
JUs) e il AL8 Las mludl oF ¥) (Bsisay yiiue slal ao cdadd Lol Hounll alusiwl U> § s>
Ayl (e 25 UL (8 Aa | ddlall claas

ViT § smgai —alc CLAHE i sube aalill ale gall yili 4-13-3
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CLAHE Geddas day VT z 3900 Cagund oya5 .22-3 Jomav

azall Precision | Recall | F1-Score | Support
Benign 0.95 0.91 0.93 372
Malignant 0.96 0.98 0.97 815
Avg Macro 0.95 0.94 0.95 1187
Avg Weighted 0.95 0.95 0.95 1187
Accuracy 0.95
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VIT: CLAHE
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Metric Value
Test Accuracy | 0.9545
Test Loss 0.1164
Precision 0.9579
Recall 0.9767
F1-Score 0.9672
MCC 0.8935
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Metric Value
Accuracy Test | 0.9217
Loss Test 0.1974
Precision 0.9287

Recall 0.9595
F1-Score 0.9439
MCC 0.8155
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aial( Precision [ Recall | F1-Score | pc.<l(
Benign 0.87 0.81 0.84 372
Malignant 0.92 0.94 0.93 815
Accuracy 0.90
Avg Macro 0.89 0.88 0.89 1187
Avg Weighted 0.90 0.90 0.90 1187
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Z3seidl elaly @lastl Zulae (e Ll (uSail Lo gunll o s Ul 4t

:(Loss per Epoch) &,lusll axie

(Validation Loss) 3a=l 8;lusg (Train Loss) il 8ylus cpa S 3 yatusg geays oolassl Lasl
e J s cbogmle uelis 5929 090 il (s sty olas yday LS auyadll sl slasel e
oludl lia (uSazg (Overfitting) wlazll Ls,d 5,allsy 055 aucs dum S mueat)] e 735011 5yu
iyl pasbazl) B3s> sy padl sLagall Julas § 2arall dellall claad Gle¥l 33
ssadl o

:(Accuracy per Epoch) 3]l a=ie

Bazilly coyzll (e S 385 cadtyl s cnyatdl oo Jo¥1 o M5 Lo yse Dismes 28001 (gmie ylad
o Bl qimie (S (38195 3929 it LS Aeuaill caxdl § 90% wiglei s o lgie JShn
Bl duzmiad)) Gaslasl @lad § g 39eidl 7 s J) sdo Loa eyl oo ALl U LA 95131zl
Lilns AST bl 955 8 ol (bl Cumiy Lhall dum 55 (Guids g Ol coplanl 1da uS5a9 . ygual)
el Alae 5l yataly Cadiatll 285 s e (uSail gl Y

ogall Bag> (nues § CLAHE Normalization Stain Guids e Allad miludl sda )’jﬁ cdale oyny
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VIT: Stain Norm + CLAHE
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73 day Vit z3gaill olal¥l ddgaime . 24-3 Lo

bl Craummin Bpall du 55 (Guids es oy VT z 3903 Hlas @il .26-3 Jomn

Metric Value
Accuracy Test | 0.9031
Loss Test 0.2453
Precision 0.9177

Recall 0.9436
F1-Score 0.9304
MCC 0.7718

90.31% il Adlex| 485 33> ViT z 39l Ol Jledel ey gl oLl ¥ 2844 mag HLas¥| Blu ds
Sl o el e Buus 8y 7 390! b1 LS Normalization. Staing CLAHE GuidS ed pludeiwl e
v @ o dlsdl e 94.36% 9 91.77% (Recall) ¢ L ¥ (Precision) 8.0 Lieyd el dos Aiiselly Sues]l

& s 2801 o T B3lg5 uSa Lew <93.04% Jlg> F1-Score dayd il
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e (381570929 J| 44T 2ay8 (£9.0.7718 Jlg> (MCO) 5i5le Lolsyl Jolas dayd cals (5551 4 (109
Aaasl sladpedly dadgill Slaimill o

—isiias 3 VT z 3501 Tgs 151 Normalization Stain s CLAHE (gid5 ges il coplsl cale agmng
Sl ydge calize § Ulgie @l Gedomiy catial) G e (e B 808 an (gl Ol pud A H9unll
2|

Vision Transformer y i=gai $iliil dalc dislia 14-3

Aalzsel) 2l Adlall Slds olusrwl VIT zisai elal a5lae .27-3 Jomn

Technique Accuracy | Precision | Recall | F1-Score | MCC
Images Original 0.9520 0.9679 0.9620 0.9649 0.8889
CLAHE 0.9545 0.9579 0.9767 0.9672 0.8935

Stain Normalization 0.9217 0.9287 0.9595 0.9439 0.8155
Stain + CLAHE 0.9031 0.9177 0.9436 0.9304 0.7718

ol Jorall s imgai iliil dalall adsliall  15-3

Azmadd) guall Cagivas e ddle )08 cllie (VIT) Transformer Vision z 3 ol 4] 7l oy la]
e o lo¥l ol dge Calizeg 4801 (e Aratie Sbgiues 3a> Co> BreakHis wbily suseld o gaddl ol yud
Julets meud I (Self-Attention) il id! sLs¥! ol L z3gedl slexel J) ll3 Gty Aalizll Cyledll Joye
cariios pld Lol dlaze Lo cdunds cudgll 8 Allally Zuloell (oilasd! 7 |psetuly Bygaall clil o Ml
Badall dgdall Heall

96.49% s Ly F1-Score Zayd 50 95.20% Jlg> il 485 7 g0l 3> (Ala¥ jginll alusiul dic
Ansdly Bugesd| ¥l o el e B 8508 e b Lew <0.8889 5,08 (MCC) s8le Ll Jalaag
ANy Al Jguio 0395 Budmig

J) A8 conasy) o conlmil) paz o slol hadl 7 3gedl Jomae wad (CLAHE 34045 Bakas day Lol
of d) @l sda pdds .0.8935 (I MCC 4ayd 53015 a0 97.67% J| (Recall) g L 5| Juns (yeueiy 95.45%
Tes 8T pailias zlhsial oo VT 23505 080 Lee «aBull fzmpud) Juolatll 3150 3 eala caliad) s
Al Slaglatl) 35S Apaal 93 yol g9 Al alg¥l BLAIS| e 45)08 (i

29 :92.17% cialy 485 a3 J| (Normalization Stain) Lacall s ¢35 4085 o ldseiw] &l e Jslall 3
LMY Jlas 3 Layes oy cAiall au g3 dulae o J) U3 pdy 89 CLAHE. 459 4iadl souall elol oo J3T
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Baclgll z 3Leidl (e way Transformer Vision 7 391 ol dasludl ol yud) o 4 aLl S5 (ale daiang

Mole oy Beabill Aapull Azdlall 25 5lasl o e LS ¢ gt ol Bzl jguall Caiias Jlms §

cdgianll 3el5S a8y 1 859l 350 ¥ Hguall 8352 Cannes O J bl e iy o la¥) Cpuaces 8 Liaolaed
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Transformer Vision g InceptionV3. (DenseNet207 . &g, A 7 laadl o151 4iylae ) &l Ll oda b
émj\ﬂ,u} BreakHis. bl ueld (o ot Gl yus guo anivas 38618 ASY 7 35l iyuims ST (40 VIT)
Wé.g;;bié@wmcikmwgilﬂp@ﬂ\

Z 39 UK aas Juadl plaseialy zaladl elo¥ apldl asylall L 28-3 Jomn

s =gaill dgai Jeal Accuracy | Precision | Recall | F1-Score | MCC
InceptionV3 | Stain Normalization + CLAHE 82.56% 85.35% 90.06% 87.64% 5834.0
DenseNet201 CLAHE 93.77% 94.27% 96.81% 95.52% 8536.0
ViT CLAHE 95.45% 95.79% 97.67% 96.72% 8935.0

(InceptionV3X DenseNet201X VisionD dug,all LM 7 3l oy &5lall 25l ) mslad) das
23503 JSI dle Jguamdl @3 slue| Ladl slusiwly Transformer)

95.45% 28l dayd el o Copo cJalit o151 Juadl 32> Transformer Vision z g ) lasdle (,Sa
SNt 7 |zl (e 20l 45508 uSiay Las ¢(MCC g F1-Score Ul 3 Loy punatll ol pdigo puan G il sl
(Self-Attention). il sL¥! &1 hady Ampwdll Houall Jls 2llall

S CLAHE. 2d5 ol usiul die Lols dus (658 <1l DenseNet201 z3ss ¢l> (Aultll 25,0 3
spsall a 2adull Skl zhatal 3 2aaSH A8Laayl oIS Al Llled 1S5y Les Aijlpies Andiye il i
bl

(Recall). duluwmel! (s @y ¢ 00539 cnar390idly &ijlie 15T J8T Joxaw 13 InceptionV3 7 3gas Lo
aS55 Aale Aasasg usd| z 3l d5ylae 4508 Loguzme ) ada MCC ey dalall 23001 (olazil o ¥
SISl a)lae gl cadiadl alie @ 8eaS AST el Transformer e soazall z3kd! o Bl sda
el sguall Jte Sias duls oil5 Slile 4895 die Lals (il 8Ly
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LS .BreakHis obily susld (e slene¥ly cUdg cAinsd) alyo¥ly Surastl alg¥l Loa cniussy onsd ) gl
CLAHE (3445 ashas I 0y oz 3laidl s o0l e guall Aa ) dllall cliias il Juloes ) dlydl s
o) zmpuddl (ailasd! 5alo Hesall Baga rumd B Lo ool ) 48LSYL Stain Normalization g
Adlad SST8)ygumy Apet!l ladl 7 iy @laall e 7 3Ll aelud (&I

(el lailly A ganloedl 8,01 Jlma (3 Ahu> 7 3Led A e Aoyl s (yo o) il aae
200 @ Laylaslg 7 3leadl sda (s 03 w89 Vision Transformer (ViT)g DenseNet-201 g InceptionV3 29
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z3ladl sda alud o (Sasg gutll ol yud Lmpudll sosall Cayiias 485 s § ViT ziges Aolsg
AuBgigag 485 AST Apmsedd ol sl e mdelung oL ees 3 Midiua

ddaiuall 3laY(

s § Aaalad) Lol o 31 Al BLEYI (o A gazma 71081 Sy cLple meill ilaadl ¢ 50 3
el el e Buazall gutd) ol yud Azl gl Cadias dalasl ¢ 1]
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Lalyll s i of Lol (z3keadl elal e 2lo) A Anllae wlaas wil dwlys (Sey Lol
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55L5 e Lo il delgd e as of 6y Aumpnd il telgd Jo il Lol yld) pusegs (5 (LS
(Data Augmentation) &Ll 85L5 cilias (e 8alazud Sy LS eueatll e 7 3Laadl 3508 (ueis bl g5
Gilss ade il Sty cayuill Bedee cnumd § e Buelibagol Slive adsad GANSs Jie Gudsall z3Ladl
bl
Semi-Supervised) 4oLl i elarll Jio Louas AST s bzl sl 2ualys (,Soy ctll3 ) 28Ls)
Logugll e Sbledl (o 8alaxudl Cdu: ((Self-Supervised Learning) 8|, &3 i1l elazll ol (Learning
(bl Jlell (§ 28l g9l puogll lidas ] da Ll Jlasy
(Clinical Decision Support Systems) gkl 51,4l ees Aalas okt gz sg el dimgi (S L};s-b
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bolos Alatll Lme ASLA a5y < L tensorflow 4o plasiuly 448 agds Ylia (o yad 3=l lda
.uggaanygbglGbﬁﬁuYHA;MAﬂSicbghﬁdlgg}z@3l$¢ﬂsxyaﬂiigaLﬁaqdbmaﬁgszﬁggg&ad}béq

PURTEEN | [ PO U VR S IPREY |
LaSey Ay Aaall Gl Sldee il tensorflow 4aSh slpiwly pgds Bolasdl sia (3
Bldly seuall (o2l Matplotlib

import tensorflow as tf
import matplotlib.pyplot as plt

i Lgistlang djgemll Luavs :2 dobecll

S5 (200 x 200) ) Laskasi auaig (Grayscale) 63y o Sygue I Lligaes @3 B yguall Loz oy
Aztlael) oLl Il fasss 0983 MU @48 (Normalize) edais @3

InputImagePath = "../ImputImage"

Img = tf.io.read_file(InputImagePath)

Img = tf.io.decode_png(image, channels=1)
Img = tf.image.resize(image, [200, 200])
Img = tf.image.convert_image_dtype (image, tf.float32)

print ("Shape 0f Original Image:", Img.shape)

plt.figure(figsize=(6,6))
plt.imshow (tf.squeeze (Img))
plt.title("Original Image")
plt.axis('off"')

plt.show ()
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2o Aslall cay ALY Bygunll ()

Bl | 35S0 Ao Al lalll iay gty Ao Az el yguadl (o dylae . 2D-3 L

(Convolution Kernel) —slail¥( Siifga —ayyai :3 dg=xll

Sl z sl g (Laplacian Kernel) calgoedl ALATSY (WY mdipe caoyad i Sglasell oda 3

SJW‘GAM‘
Laplaciankernel = tf.constant ([
[_1, —1, _1] 5
[_1’ 8: _1] s
[-15 _1, _1]
1, dtype=tf.float32)
Laplaciankernel = tf.reshape(Laplaciankernel, [3, 3, 1, 1])

# Add batch dimension
Img = tf.expand_dims(Img, axis=0)

Salail¥ dad— sud—i :4 gk

Al @lally Blamtl 2 srud gl e mi) Ll sadazy (Convolution Layer) olad ¥l 4L o445

conv_Img = tf.nn.conv2d(
input=Img,
filters=Laplaciankernel,
strides=[1, 1, 1, 1],
padding="'SAME"')
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print ("After Convolution Shape:", conv_Img.shape)

plt.
.imshow (tf.squeeze (conv_output))

plt

plt.
plt.
plt.

figure(figsize=(5,5))

title("After Convolution")
axis('off")
show ()

After Convolution

LY Alee day Lzmewdll Bygunll K . 26-3 L

Il il = sud—i 5 dgb=xl

(Non-linearity) adas 4ols iy las « pasally Lladuls 2dlad) @ all &L (ReLU) 4is pods

1auaad ST blal @lad e laue Luag aSad! )

relu_Img = tf.nn.relu(conv_Img)

print ("Shape After RelLU:", relu_Img.shape)

plt.
plt.
plt.
plt.
plt.

figure(figsize=(6,6))

imshow (tf.squeeze (relu_output))
title("After ReLU Activation")
axis('off"')

show ()
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After RelLU

ReLU Wls Gedas aay Lumpad)l yguall S .27-3 L

ke Y pranll dade b 16 gkl

FESES I NI P‘“L Ll an 8ygall 4K sla¥l a5 e (Max Pooling) 4ads (Jaad
pool_Img = tf.nn.max_pool2d(

#input=relu_Img,
input=tf.squeeze(relu_Img, axis=1),
ksize=[1, 2, 2, 1],

strides=[1, 2, 2, 11,
padding="'SAME')

print ("Shape After Pooling:", pool_Img.shape)

plt.figure(figsize=(5,5))
plt.imshow (tf.squeeze (pool_Img))
plt.title("After Max Pooling")
plt.axis('off"')

plt.show ()
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After Max Pooling

- pemil) Bules way Azl Byg0all US4 . 28-3 Lo

sl dade sub 7 dpbacll

Sladall § delasiul ead aadl égbi glas al¥l 4l oIl Laslys (Flatten Layer) 4ads Jgoes
Jhat¥l aklE

flatten_layer = tf.keras.layers.Flatten()
flatten_Img = flatten_layer (pool_Img)

print ("Shape After Flatten:", flatten_Img.shape)

print ("First 30 Flattened Values:")
print (flatten_Img.numpy () [0][:30])

(Fully Connected Layer) —slail¥( it o —agyai :8 dgl=xll

b e @wldl Sl dze (0 Goradl Adle LL¥l (Dense Layer) JLas¥l 4klS 2adall qlazs
AL @5l mais o4 Flatten.

dense_layer = tf.keras.layers.Dense(
units=64,
activation='relu')

dense_Img = dense_layer(flatten_Img)

print ("Shape After Fully Connected Layer:", dense_Img.shape)
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ABSTRACT

This study aimed to evaluate the effectiveness of deep learning techniques in the early detection of breast
cancer through the classification of histopathological images into benign and malignantstunaors using the
BreakHis dataset. To achieve this objective, three advanced deep learning models were employed: Incep-
tionV 3, DenseNet-201, and Vision Transformer (ViT). In addition, the impact of several image prepro-
cessing techniques was investigated, namely CLAHE and Stain Normalization, as well as their combination,
in order to enhance image quality and improve the classification performance of the models.

The results showed that preprocessing-techniques had a positive impact on model performance, where the accu-
racy of the InceptionV3 model increased from (60%.78) when using raw images to (56%.82) after applying
the combined preprocessing approach (CLAHE"+ Stain Normalization), confirming the effectiveness of these
techniques in improving image quality and highlighting important histological features for classification.

The DenseNet-201 model also achieved good performance, reaching an accuracy of approximately (86%),
along with high values of Precision, Recall, and F1-Score. This reflects its ability to extract fine-grained
histological features and effectively distinguish between benign and malignant tumors.

The Vision Transformer (ViT) model achieved the best results among all tested models, with a classification
accuracy of (20%.95). The values of Precision, Recall, and F1-Score were (79%.96), (20%.96), and
(49%.96), respectively. In addition, the MCC value reached (89%.88), indicating high performance and

strong reliability in classifying breast histopathological images.

These findings highlight the importance of applying image preprocessing techniques to improve the quality of
medical images and enhance the performance of deep learning models. They also emphasize the promising
potential of the Vision Transformer (ViT) as the most effective model among those studied. Consequently,
it can be considered a promising approach for developing intelligent systems to suppert early breast cancer
diagnosis and clinicalidecision-making.
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