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Breast cancer is the most common cancer among women. The most common screening
technology is digital mammography, which is the best method for detecting abnormalities early and
providing effective treatment. This study aims to develop a model for classifying the risk of breast
lesions based on the BI-RADS 5 Classes (BI-RADS 1, 2, 3, 4, 5) criteria using a craniocaudal view (CC)
mammogram from the VinDR-Mammo dataset. The data preprocessing involves segmenting the
largest contour, data imbalance issues, and data augmentation. Then, transfer learning techniques
from VGG16 and ResNet50 are employed to build the models. The research findings indicate that
building deep convolutional neural network models using transfer learning with pre-trained models
from ResNet50 yields better overall accuracy compared to VGG16, with accuracies of 40% and 37%,
respectively. In predicting the risk levels of breast lesions according to BI-RADS criteria from Full-Field
Mammogram CC View, both ResNet50 and VGG16 perform best in predicting BI-RADS 5 lesions, with
recalls of 65% and 59%, respectively. This suggests that BI-RADS5 lesions exhibit the most distinct
characteristics on mammogram images. Furthermore, the overall accuracy of the model in predicting
BI-RADS is lower compared to predict breast density, as important features of breast lesions in Bl-
RADS are small. Therefore, combining BI-RADS classification with region of interest (ROI)

segmentation is recommended to improve model performance.
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Undersampling Oversampling

Copies of the
minority class

. Samples of
majority class

.

Original dataset Original dataset

nisenau 3 mallanisdpnisanliannaiuaesdasa (Imbalanced Data)

UNNEILYBF. 97N 10 Techniques to Solve Imbalanced Classes in Machine Learning

(Updated 2024) In#l (Analyticsvidhya, 2024)
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ol \e =3
o o pcal
. . (-] o
convolution + max pooling vec | o t
nonlinearity o
convolution + pooling layers fully connected layers  Mx binary classification

ANUIENAL 4 NITUIUNIINNIULD Deep Convolutional neural networks

NNNEILYBE. 97N Deep Learning vs. Traditional Computer Vision gl (Walsh et al., 2019).

DOI: 10.1007/978-3-030-17795-9_10

2.4.2 wquﬁms Transfer Learning

n"3 Transfer Learning ilunszuaunislunisldasiuinlaainnisidnlung

1
=

(model) uugadeyanilellldlun1sdnluinauugadeyadu < Ineldluinangnidnliugy

a

v v 1
(pre-trained model) {uN1gIUNTZUIUNNT Transfer Learning HinazinTuinafignilndae

1y . A 1y aa @ ) ° o
ﬁﬂm@yj@lﬁﬁylﬁu ImageNet Nqimu\?quﬁiﬂﬁﬂmﬂyj@ﬂﬂmuqﬂL@ﬂﬂQ’] Imﬂﬂ’]ﬁ?u’]ﬂmmgl,mz

2
o

u/le v 4 v 1 4 G v dl
AuanNdmnbAFeuininuigaingadeyalugiu unldlusunregadayady
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=X . dld 1 o Y £ ¥ [
ndnHuluing Deep learning VIN‘LIHW@ELWQ_JLL@:ZGHUGI]’GHEW’QL‘]@Q%] LIANLLASNTNEINTNNT

o Y

o = dl v Y [ % .l v ol/ o/ '8
AaUNINNNE N1sHNHulnadudauaitaseslfnauiunateduvizeusinseiadlnv
e lilalunandlsz@ndnan iesaindasldgadayasuinlugjuazinisilszuoanai
waalunisliuadauls(weight) aaeluna ialiluwazaufuazliulgananuusiugi
o i’/ :j/ 1% . =& a dl 1

1BIN1INUNY AEUNF LT Transfer learning Agilumaiiandasamaannisiniuma Deep

. 1 = a a v o ] dl = % Y o Qi
learning 2819852 ANB0N FaenisunLedquaealuinaf HnduFeufes uaaiuanun
InaAsanuun lfidudauniisaasiumalud da1uiulumafiinunldluanuldaiine ResNet50

oy VGG16

411150 ResNet50 tulauima Convolutional Neural Network (CNN) AHANAN

50 layers @44 lAT9a519209 Residual Network (ResNet) TnafimanudAtyaginngld

kT

©

14
=

. . e . ~ | 1 a K val
"skip connection" 198 "shortcut connection” Wwadaaldnistlndulnnadeantanau
Tnaanifoymiaaaniaumn gradient laann (vanishing gradient) Atdulymnnululasedng

=2 o

\T9AN gﬂwmmﬁuimﬂﬁu%ﬁwm Microsoft Research tagniniaueaiausnluanidenasg
T 2015 &arunisuaady ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
TunNIANY289N1997uUNUTELANAIN (image classification) AMEAITNLNUENGI4 A
ety A1uiilnseaiiees ResNets0 anansnadune 4.

1. Input Layer SUNWAUNAWINAL 224x224 pixels (RGB)

2. Convolutional Layers fl‘qmm\i convolutional layers muﬁﬁmumifﬂuim LAR
Taadinnald kemnel size 1l 7x7, 3x3 wae 1x1 wiaufuns e stride Wiy 2 lutnstuiite
[AAUUIAURN feature map

3. Residual Blocks ResNet50 Hlssnaumaavans 7] residual blocks
‘ﬁﬂizﬂ@uﬁqa convolutional layers, batch normalization, activation function (TmHV;VQ1ﬂ1‘ﬁ’
ReLU), uaznnsld skip connection titaidansiafi outout 494 convolutional layers NAUNTIN
3 staelilunagnunsaiinldaniulagldiAetlyunaeenismn gradient 1daan

4. Global Average Pooling (GAP) Mﬁqmﬂ‘ﬁﬂhu residual blocks %x‘im\lmLéjQ
Tuinaazld GAP LlaaATUIATY feature map A4LUABLRENATLA95® channel L

WwiraNnT L Fully Connected Layers



14

5. Fully Connected Layers (Dense Layers) Afuaaq fully connected layers
Ansunizanunlsznaesnin tneld activation function 111U softmax d115LN17ANLIR

ANNNUNIAZ LT LABILAAZLTZNN

v

6. Output Layer Tugainsaasluinaiilu output layer Mliuadns lugluuuaes

q

ANUazlug uFLLAazsz I nNA LN T

o 4

Tuima ResNetso Hlaseafanipnntudeunardsz@nsningalunis

¥ o (-3

191169 7 MReadesiunisueaiiupenfiames iy N19auunLssinnnIn, n1smsaady

1%

mg, wazn1sAunILazann1sn1n Inadnisdn lldlunatsanuuasTlsiansdluaanng

Deep Learning

STAGE 1 STAGEZ STAGE3 \/  STAGE4
o 2
= =+ 2
= -+ - w w0 =] 5] =] e] ™ 5] o~ =
= = e & 2 ) B R n > E
IMAGE -« |5 £ £ = = = = = = = = = T
@ S—»c—3»S5 I1»E»S5 S5 Myt 3Epc e
INPUT =& "o e g SIMEIMEIRIECEE B G £
= — [y ) o
(=] L] £ s — — [5g] — — ™ — — Lo
g = 5| (8| |Z SIS ES N H E S
- ™M e é-
| |& e
= By JlL 11
T T T
X4 X6

A nisznau 5 Tp994519 ResNet50

NNEILIB. AALLa9aIN Automatic Detection of COVID-19 Disease in Chest X-Ray
Images using Deep Neural Networks Imel (Khan et al., 2020). DOI: 10.1109/R10-
HTC49770.2020.9357034

41950 VGG16 Liluluiaa Convolutional Neural Network (CNN) FAa1uan

v 1
=S

Wanun 16 layers Alnsdouninidsznaufaadu convolutional layers Lardunissandaya
. dl = v ndl 1 = o Y o
(pooling layers) i lAsaainengnaanwuvativazdsakaziudau ne VGG16 gnwmun
Tnennddaes Visual Geometry Group (VGG) Nnmnananas Oxford uazidumitsluluinah
IFsuANTa NN LUNLIZ NN AN LA ZIUATUN TN B TIUARNNIIReT lATIdFaue9
VGG16 sznausaauaiadu convolutional layers hardunissaudaya (pooling layers)

TpaIiANNANTIaMNA 16 layers Al
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1. Input Layer fUnWau1a 224x224 pixels (RGB) iludayatidiie Fusu

NIZUIUNNINIIN LA TS

. = . o o oy .
2. Convolutional Layers « convolutional layers NUNA 13 U N kernel size

1111 3x3 WAY stride 1AL 1 Taainngld activation function 114 ReLU UANNI94514

feature maps

3. Pooling Layers Afuues pooling layers (max pooling) “a9a1NU1

convolutional layers {WaAATUNALAS feature maps WALIANAYINNTAIANEUENENATY
4. Fully Connected Layers (Dense Layers) #ad4a1n pooling layers a9
284 fully connected layers T9inattdulnala1ua units 289udaziuanadizay

o Y

WWaanns overfitting wazdfuAududauaesluing

5. Output Layer Fugainsaasluinaiilu output layer Mliuadns lugluuuues

ANUazilug msLLAazUsz I nNa N b
1AEF9299 VGG16 HANNTUFaULATNANUIUNITIRIATUNN a9 nTinng

14 convolutional layers WA fully connected layers Tuanuqunnn @94n1ld VeG1e 1ilu

Tunan s @nsn1ngalun1 99 LuNUs s NATWLAZITUATBNNTNBULTUAINRILAD T

o Y

UTRAU

@

1]

< aﬂ_a 333 ﬁﬂﬁs 333333 513153; 2lg |

2 |a |8 ElE |8 Elz |z |28 Elz g |2 Bl ElE |8 e |a |8
- g |2 = (82 |z - E-NE- R 2| 2|8
LR s HH N e N e HH R = A
= \.J'(.:.: UU';j uuuqmuuuu*uuuq [ RO R
- ﬂéﬂﬁﬁmﬂefﬂfa")ﬂ”m’aﬂﬂ'q R R L L
g o | . - WM ] o [ 4 RN @

—dg - " b«;mm :mﬂﬁ :mﬁm N

M e N - = n

. S 7 Z Z

L 2 '

f '_ — ’_

nwilsznau 6 Taseade VGG16

NNNEILYE. 91N lllumination-robust face recognition based on deep convolutional neural

networks architectures tpgl (Bendijillali et al., 2020)
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2.4.3 n19U5uusAILLUANaY (Tuning) Waz Hyperparameters

1 o

o P Ao ) = < o Ao &
ﬁ@ﬂ@qﬂLVI?'HINL@@@QEINL@@VIN@E (pre—tralned model) 'ﬂﬂﬁuwulﬂ'ﬂuﬂ@’]ﬁﬁy AR

kYl

n1sdsuwsslaima (Tuning) T munsiusunsagadayanisnsaanisld Tnanas

u

Fine-tune 19n@un9n’ldtuimanlannannnisindaagadayaln) v ImageNet uaziiuuss

o

I wunzaniusunsagadayanisnseanisld Inalidessuduilnluinalug
2
AINEFNs

v
o

A7 Fine-tune TuAa&1NNTN omRsdunaumali

1. TuanTuina Pre-trained Fusiulnananlunandagnlagninaagadayaln

171 VGG 16, ResNet50 annlausiivizaNuaasiuing

2. dfuusialaseafre el zaniveuvsegadeyanisnsaants Gea1aas

q
v
Y o ¥ %

dfuuidugaine (output layer) iialinssiuanuInaasaaansiasnisldluu

v
o

3. WiF (Freeze) Tuun9dq1 allan13adinntinuiinaeaduunegiuaaaluma wu

2
o

1 convolutional layers T4gnai19aNIAA Pre-trained uaza1n19nldniaizauinliuan

¥

Y Moy A = o a o Ay v \
qqﬂﬁﬂm@g@lﬁﬁyblﬂ LW@@@LQ@’]ﬂq?ﬁJﬂLL@Zﬁﬂ@Qﬂuﬂ’]?@jQJL@ﬂm@ﬂﬂ@a@miﬂqqﬂﬁﬂﬂﬂﬂﬂiﬂﬁy

u

o =8 % ¥ dl ¥ ¥ o 90J o z dl 1 %
4. nsHniuwassgadeyaniensanisld Tnadfudsainminvesdunie s

Wa% (unfreeze) it fully connected layers

5. UsuusanisdinasuaslunainanililuinadlssAnsnnainl uAadny

= v
NLTIFANNIT

6. Usnifiulsz@ninmaesiumaniniagadeyannaeuinatlssiiiulss&nsnan

uwazilfutlgesialimumanusiasnig

AatUN13 Fine-tune Tuiaadaaliaiunsnldluinaniet (pre-trained model)
T

sndfuusilimsnzaniuanuisetadeyaninsenisldldeteiliszd@nsnn Inelisasn

u

TumalusannEusuteaunsadszvdanauazninainsnisannlaann

o

UANAINNT Fine-tune TNLAAWAD @151 Convolutional Neural Network (CNN)

Model & hyperparameters uanaagnandAyiazsasianson luaned Fuumeluina iiwiu

Faa1auanaeiullauTunanazauing wiaz hyperparameters Ruasailsz@nsninaes
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=]

Tupalunisinuazniminung Aeaiunnsiaenuazilsu hyperparameters 8819 ANNZANAS

b

o o = o =

duRednAyazfiansanadesaunay tnadl hyperparameters NANATYAITNANTIUN A9

o

. [ % = U o = v o @ s 1
1. Learning Rate (@mmﬂ’mwug) ﬂm?’mqﬁ‘lﬁ‘ﬂugﬂ’]ﬂuﬁﬂfﬂmL?Qiiéﬂ’]ﬁ‘ﬂ?‘]_lﬁ’]“ﬂﬂ\‘]
WIINRABFIUTZNININITINIU U0 leaming rate inniArldatanildluinalianunsn
[% | N v a o I I o . . o 1Y
converge 16 wavnniAntdeaiinldeatanildnisinsudnas n199n fine-tuning Snazld

. PRy ' .. Lo & 1o v o o
learning rate wuﬂﬂmﬂum? pre-training LLIFIEN‘IIWE]EIWLI\?’]MLL@Z‘ll'ﬂﬂ;lif\mslﬁ

U

|
=

2. Batch Size (Yu1A1UNF)Batch size fnuuaanuaudagyanldlunisaiuan
. ! > = . a \ o @ &
gradient WAazASI N131ABN batch size Mmnnzandnsndaslinismeusaig uazanns

ldnsnennseiuminalszunanans n (GPU) wasnagmanuan

3. Number of Epochs (F1UIUTBUNITINTU)ATUIUTALNTLNTUNTE epochs
=S o 3.’/ dl o = ¥ ¥ dl ] ]
wmﬂmmmumwiuLm@%mmmﬂugmnﬁqmm@ﬂﬂmmm@m@mmmmmium@

GeufuazliuAniamiimes

4. Dropout Rate (89131013 Dropout) Dropout Wuwmailanldlunisan overfitting
Tnainsguiladu (neurons) uedauluszudneniamsy ietesiulumadusiazasianizly

fodayaRn

5. Weight Decay (ﬂﬁ“ﬁﬂ‘ﬂﬁ’;&l) Weight decay Wumatianldluniran overfitting

TPaNINNATNAY (penalty) TRANIEINIINRABTUULENNTANUIN loss function

6. Optimizer (#2150aA1) FaUfumAAadanasnuy 14 lun1sdsuAIraan1sHnas

111 Stochastic Gradient Descent (SGD), Adam, RMSprop W16

7. AuuUATUNazN1 Fine-tuninglunstl 14 pre-trained model anfufaan1uun

v '
o A

FuRAzNN Fine-tuning 319U fLILALRNIZTULNEUYTRYIaUN A

24
Taannsd5uusa hyperparameters LMaNHe1ARABIHIUNTILUIUNITNARDILAL

dszidiwiluszay - inempmumnzanngaduiu g

2.5 NM159AUSLRNENIWLRILLLUANNRY (Model Evaluation)
WAYA1NN1T Transfer Learning RINERLLN Deep Convolutional neural networks
Ndszgnaldiunisawundssinneesdeayawan n13dnlsc@nsninaediuuanaed

1
a o o

v
(model evaluation) tudunaungananylunisdsziiuarnaiuisnaasiuuanaaslunig
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o

o A o (2 dl A dl o o ) % dl o a '8
NurguzadauNanvydeya IneasasiendrAnyuazingniinnldinaninisiinszy
Usz@nsnnaasuuuanaaslunisvinunadaya Aa Confusion Matrix (WyisNTANNALAW)
azgagliiiun nsanifeafudssdnsnanveslunalaeson wiaiu 4 doundn 9

AININLsEnaL 7

True Class
Positive Negative

ANUTENAL 7 aniusANgINUas Confusion Matrix

Positive

Negative

[ %

< 1 IS A 1 1 ] = a dg’
@3LVUQ’]1H[§]’]?’W\1’Q$Nlﬂ’]‘ﬂﬂ‘]ﬂ’?ﬂ@‘ﬂ% 4 904 Tpafisnaaziaan A9l

1. True Positives (TP) fei’qmuﬁ@%mﬁimLmv‘huﬁﬂgﬂﬁmd%‘flu Positive Class
(dauiidanilus Positive) mm@:mmaﬁfﬁq

2.True Negatives (TN) fei’mqu%’mg@ﬁmmﬁmwgﬂ Fia9311i]1W Negative
Class (daufidaniu Negative) mm@jmm@ﬁfﬁq

3.False Positives (FP) A1uaudeayafiluinaviiuna@iadniily Positive Class
(muﬁﬁﬂ'%ﬂu Positive) 46ia34°) waatilis Negative Class mumﬁmmm'ﬁ@?ﬂ

4. False Negatives (FN) s 1uaudayadiluinasiiuiafindnili Negative Class
(mu‘ﬁﬁﬂ'%ﬂu Negative) usia34] waailu Positive Class mmz\jmma'ﬁ@?‘q

Ime1ann Confusion Matrix 'mmmﬁﬁuqmﬂ@m%’wﬁqéjimﬂixam%mwrﬂ'wj

= a o tj’
llmﬂﬂﬂﬁ‘qﬁlﬂzmﬂﬂ AN

1. Accuracy (AN BHNUEN1TRINITNIUNATNLARTINNA) VNIED
ANHATNNIDTDINLLIANAB lunswnagnaeslaa FauauAudeyainaaauianun G

¥
HagmIn1IAUI Al
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(TP + TN)
(TP + TN + FP + FN)

Accuracy =

. £ (=3 dl dl o =X o 1
2. Precision (AdnugnAesrestssinuiniumaaulanazinuig) nunene dndou

%

pasfayangnaesiLuuanaasinuadnu Positive wazAsailANATY auAudayan

u

LUUANa8nWndLill Positive T9NERINNIANINL A9l

TP
(TP + FP)

Precision =

9 ] A o =3 A :j/ =2
3. Recall (AndaunTuinagnisainuigdssiiumsaulaninun) vuieis
fndouresdayanuuuaiaasinuiadidy Positive kaznsaiuAINass Weuiudeyan
J o 9./?:/ dl iy d’ = o o dgj
LULAA8IRIIRAL IAavueiLY Positive TeilgaanisAnuans Aall

TP
(TP + FN)

Recall =

4. F1 Score WIWAKANIZUING Precision WAy Recall NUINIAN UL UANLAEA
aal o a a dld dd‘ [ [ % . | = o
L‘ﬂu‘)ﬁﬂ’]ﬁ"}ﬂﬂ?t@%ﬁﬂ’]WVI@Iuﬂ?mVIﬂ'J’]N@’]ﬁQ_m@\‘i Precision LLa Recall INILNYNNY
~ ! ! = . o o = o o 5
1381N971111 ANLRALILLIL harmonic 294 Precision fu Recall TNNGATNITATUITUY AN

(Precision - Recall)

F1S§ =2
core (Precision + Recall)

A ad o a a 4? [ o ¥ dld 1
n13laanasn13dnlsr@ninnauegiudnuusresunasdayanieg
Tnedaulugiaaslduanedanissaniuimaliiianinsannaseuaguuaziulssdnsnn

ANUFUNITUT U AU LA A D

2.6 9UIFENLNLI DY
a o v [ %

ANINLNIUITIUNTINABNIUNRL T LA N AN I AUAT I WIS E NN TR LN g

AVLUNNARTIAATNNINUNNINLATH Aran1sldlasadnadszaninaunuudIdnuinig

D o ¥ =

v ! 1 £
sauiamatianswstNdayan wuNnTuuny Tnennuddenineandasdlsaazbanasl
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1.UNAITNIRY Ld?ifa 4 Abnormality Detection in Mammography using Deep
Convolutional Neural Networks (Xi et al., 2018)
AR NN RN AR AU AR ULAN NN Mammogram meld
Deep Convolutional Neural Networks (CNN) (Feuamansuzdnlusimuaznisaingsiaunen
Usziny Tunispsaauuniuunsulneldrantainasdae Tae Deep Convolutional Neural
Networks (CNN) lig@1su1s0nlalasaseuun1nuiu I wnsNuuuin e faeninissnun
19491(Crop) {RNIZUFTIM Region of Interest (ROIs) WATVINNIALUNTLYY LAT Aau
e anam Mammogram mﬂﬁuﬂi:ﬂqﬂﬁﬂ% Class Activation Mapping Lﬁ'mxm@ﬂ‘ﬁm 1

¥

NN Full Mammogram #183% Transfer Learning Imﬂ"l%’fqmﬂg@ Open Dataset CBIS-
DDSM (Curated Breast Imaging Subset of DDSM) 1n1971 Data Pre-processing Toeld
mAtiA Data augmentation AREINITUHUNNULLANTTNING 0 D9 360 aeANDIUIUL
Training Data waq11ld@a519uuuanaes Deep CNN 4 Tuiaa laun AlexNet, VGGNet,
GoogleNet Laz ResNet NaN13MAASY W91 VGGNet § Accuracy InesugIgn 92.53%
anthdld ResNet 7 Tune sneudesudariuan CAM ieflazszydnsenlsnarlusumis

Tyuaasn wlve) (Full Mammogram)

2.UNAINNINE L?;‘a\i Mammographic mass classification according to Bi-RADS
lexicon @&l Ferkous and Merouani (2017)

Aseildiauessuy computer-aided diagnosis (CADx) 110132110
ANTNWLANBGNIITEUINY BI-RADS 4 Classes (Bi-RADS?2, Bi-RADS3, Bi-RADS4 LAy
Bi-RADS5) SLummmuImmmﬁﬁﬁ@uLﬁ@(I\/Iass) angAdesyaOpen Dataset DDSM
480 mammographic masses Taerld N ROIs Lae Mass segmentation WAZHNNTUNLAUE
@mzﬁvﬂwmzﬁzﬁﬂﬁtysl,um@fviqLLuﬂmmLLmﬁmide BI-RADS 4 Classes w141 31979 201
IR AATILLLIeTRIE LA UL A nn LN T T Aewile souDeangaavgilag
fisiensdplszinnannufintndiluszsu BI-RADS 18 anniialgvinnnsadaluinasuunasny
Rnadnflusysy BI-RADS Tmeld CNN wuw Multilayer Perceptron (MLP) lataawsae

Accuracy tngisanlun199UUNIEAL BI-RADS 494M 83.85%

3.UNAINNANLTRY Classification of Mammographic Breast Microcalcifications
Using a Deep Convolutional Neural Network : A Bl- RADS- Based Approach

(Schonenberger et al., 2021)
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b4

nuAdsilAInsAnEInsa LU Auusuaan lwsussaan sy
Lmuuuﬁugmmﬁﬂw BI-RADS angadayaninuunluunanaeslsanguiaaiuay 268
AniiRuanisasaluBl-RADS 4 uaz BI-RADS 5 arnanuaudtla 94 A fin1svin Data
Pre-processing #2819 labeled ROIs a1nA1W Full Mammogram BI-RADS4 fiu 5 vl
NN ROIs 3 classes (BI-RADS 1, BI-RADS2/3, BI-RADS4/5) waztiufn ROIs uaumluad
(351 X 380 pixels) mﬂﬁuﬁ’ﬁ’] Data Augmentation ﬁfmmilﬁfaumw (shift) TULUILELLAZ
LuaRe antuaieluiaalunissruuninaniseanuunluinafall CNN 13 layers
fully connected 4 dense layers Train Model PN uA Batch size = 40 Lay Epochs = 130
Tnelusniastilpuzdiduldaiotung 3 Tueafiilassadamilausuus Train MU Dataset
3 gluun 1Aun Cohort of Bi-RADS4, Cohort of Bi-RADS5 uag Cohort of Bi-RADS4-5 W71
Accuracy 184 Deep CNN v 3 Taaa wudel 39.0 %, 80.9 % WAY 76.6 % ATNANAL
mﬂﬁuﬁﬂﬂﬂﬁ‘zqﬂmﬂ%’ﬁumw Full Mammogram 9MuWALITLIUIBININIARN (ROIS) WARE

FwnaiszAuAf NIt szAulnly BI-RADS 3 classes (BI-RADS 1, BI-RADS2/3,

BI-RADS4/5)

4. UNAIT1NARE Multi - Class classification of breast cancer abnormalities using

Deep Convolutional Neural Network (CNN) (Heenaye-Mamode Khan et al., 2021)
AT &Y N2 A N LT Wi 17 Deep Convolutional Neural Network
(CNN) lunnsanuunAnNlaUnAeeaFH1uN 4 Classes A1nAIN Mammogram bai Mass,
Calcification, Asymmetry, Carcinomas @ﬂﬂijmil’m;l]@ CBIS-DDSM (Mass, Calcification)

¥

Lay qadaya UPMC (Asymmetry, Carcinomas) v1u3qaiiidusrudsyinm
Multi-Classification 1HauALNIUNLINANA9Y0E wdaln19ldnALlA Contrast-limited
. . . . v ! dl dl [ [ 3
adaptive histogram equalization (CLAHE) luntsidudounidusaalsandranylunan
TazAAUd1IMNNZIULIZNN Multi-Class Classification IWsnzn1sugnaaniili Multi-Class
! v
Ausealspnauintdnienaavanafuiiesianduidunoruianigediauan
i v
lumaaza1ungn Classify laatngnaes asiunisldimatindanaiofdaudonfuilgs
AN NN N IHAINN0RUUNANRAUNAIARTW ANENTENI IR UN LA T NUNAY
Tdsunissudlaaialiduiiatiawnunlanau uazan Noise Tunnwls Usznaudunigin

Data augmentation by flipping, rotation, cropping XK LLf‘gfﬂﬂ&l 1 Class imbalance

v
wazaan1niimiloyun Over-fitting $9u09N3 14 Deep CNN lun1sauunmuRialnstuas
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o

daaann feature NdATYIUN1T Classify lan af19lumalngldnng Transfer learing Al

pre-trained ResNet50 U3auifeufunis4 5149 Enhanced CNN model t84 W13

pre-trained ResNet50 161 Accuracy 81.5% waz Enhanced CNN Model Accuracy 88%

5.4 % A9 1« Convolutional neural networks for breast cancer detection in
mammography: A survey (Abdelrahman et al., 2021)
ﬁ’]ﬁ‘-’fﬂ‘ﬁlﬁu Survey Paper‘ﬁlﬁlmﬁu Convolutional neural networks for breast
cancer detection in mammography l#vinnnsAnmsdeya Survey Faustl 2012-2020 azifiu
i1 lui3e9 BIRADS Classification 2¢lunga Task Density Classification G41du Task 7iAt
auladesfian menzdn Tuniseuun BI-RADS T suiludesioudeyaivainuans
dmsunnsinduluina anvadluiediiAenfunisfnnsedsaidesilidTianizianzasdn
Funzoiellifunyfdnzaz@aauinnd Usznauduiuansnizidnyun Multi-Class

Nazausnauunlaanndntloyyn binary class

2012 .
mmm Density Classification

2015 M Asymmetry Detection and Classification
mmm Calcification Detection and Classification
M Mass Detection and Classification

2016

Papers

A wdsznau 8 Mammogram papers Tasks (Abdelrahman et al., 2021)

UNIELUB. AN Convolutional neural networks for breast cancer detection in

mammography: A survey Intl (Abdelrahman et al., 2021)

6.UNAIUN An Effective Ensemble Machine Learning Approach to Classify Breast

Cancer Based on Feature Selection and Lesion Segmentation Using Preprocessed
Mammograms (Rafid et al., 2022)

SUASET YN R N e TN 1IN SR Machine Learning fanns

uenngaiuilaseaniinun 4 oy lAwn Benign Calcification, Benign Mass, Malignant
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Calcification, Malignant Mass sagiinatian1sliudgedaganinunsiuwnsy Inen1sauaadn
p o [ o v . o ' | 1%
”Lummﬁumnmmg@fafaﬂ (Artifacts Removal) NN 17LUNA3ULANYWN (Largest Contour
. A oA a o o A v = = o v
Detection) tiWaiaanianizLzindAsynidusnuavingy uwariinisdiudgeda yanan
Mammogram ANELNANA Image Enhancement Ime'ld Gamma Correction a2 contrast
limited adaptive histogram equalization (CLAHE) saaipa uidasyain lidaunaluiinesnaste
nsinduluiaa Mlidase ldldimatianisasndaganinfaanisnyunin 30 a9 uay
o v . o [ vy B = |d? o o =
nauAIUAIN (flip) tiennlidayaiarunainuatsariau e luajaug miuindulung
Taarin1sineunaznagauluima 11 wuy anduinIsnanud un luinadauiy 3 wuy
( Ensemble Model) 79luse 3 Tuima Random Forest-XGBoost ensemble model

HusgAvBn mmtendileaau o Hponnusiugnlunimagey 98.05%

g : Pre-Processed mammograms :
g“: : Y
E| :
Al :  Data Augmentation
| !
< '
| !
- Benign Benign Malignant Malignant !
. Calec Mass Cale Mass !
Total 11536 Images i Seven Geometrical :

TETETT

vertical horizontal horizontal rotate 30° rotate 30° rotate -30° rotate -30°
vertical horizontal horizontal

nwdsznau 9 Augmentation Method (Rafid et al., 2022)

NNNEILYBE. 97N An Effective Ensemble Machine Learning Approach to Classify Breast
Cancer Based on Feature Selection and Lesion Segmentation Using Preprocessed

Mammograms a8l (Rafid et al., 2022)
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7.UnA314 VinDr-Mammao: A large-scale benchmark dataset for computer-aided

diagnosis in full-field digital mammography (Nguyen et al., 2023)

v
a o A 1o

=2 ¥ | = = [ aa o
Q’]uﬁfﬂﬁluLﬂuﬂ’]?ﬂﬂE’]ﬁﬁﬂﬂH@@JL‘ﬂﬁ‘EI‘]_ILWHU“IIH’]@IVEU@’]M?UT]’]?QH@QE

@

|
o

Taalfranfnipasdqelun1ensaudNIN LN INAANALLULANNAS 1991 VinDr-Mammo
dl U aa o al v a o £%
TUUTATD3ANN1IMIIALNN IHUNTNARTAUBITIIILAUINNTBNNNTUILHUITALLA BN LAY
AredunelsznausyiusealsaAsaAqg TaToaiNA I NMAINUA TR ITEYA
dl a 1 v v
n1gagaanNalnwnIu Ml aNeAea1919uy Jateyatlsvnaundanisnsaa il inwngy

21191 5,000 $18N1T TIUAAZNITATIANNNNDINIATFIY 4 3HNBY (RMLO, RCC, LMLO,

LcC) Tnadngilszasrnasgndeyaipainallssiliunissasnuuazscundayanisananan

a

WU (BI-RADS) uazAautuiuaaqwnunluss AL uuAazyAng

8.unma1uU A High-Performance Deep Neural Network Model for BI-RADS
Classification of Screening Mammography (K.-J. Tsai et al., 2022)
uddatidunisdneinuuanaadnldinsednaisza nidaan (DNN)
dl tﬂl A aid a a dl A e 1 o v aa =
FaduiaTeslenldsz@ninnuaziianelalunisdqainssdinanluntsianau
N tuunsaily BI-RADS wsaans 0, 1, 2, 3, 4A, 4B, 4C Uaz 5 LUUAIABNTIUNLALS
lasunsinelulaeldalnmuuuudenuiadouangadeyausniuunsy Tnadlsc@nsnw

urRENTagLLLAaasTaggau accuracy 94.22% , sensitivity 95.31% specificity 99.15%

Y a

warunlAulA (AUC) 0.9723 et ld1diun17mIaAnNTaIN T ANUNAMTL Ml

Y] 7
|
=

= dld % 1 = v 1 1 d” a 1 o 1
wdenfiunahindnazivdhanuuiuidy aadalunatiaziinouudugigandilunagy
Tnalunnsmaaasil BI-RADS Class flutnaainisannunaladlss@nsninangniila
WAN9UNAT sensitivity WAz BI-RADS 1ud Aty Aa BI-RADS 5 Taaunstiuassanlsn

BI-RADS aanuy 0, 4A, 4B, 4C fidtlsz@nsniwsrsiuldunidunistiududisanlse

a o

panan@a nIrnanuntaalae ldeuiiazganisadtasalsansifusuns sz Bzunsn e

(%

£ v
Tunstiaedsaalsn BI-RADS nunany 2 waz 3 Aaddnilsz@nininiianunaretgendn 92%

1
<)X v ¥ 3

dl é 1 a v v v ai A a a o a d?’ =

T951N91 5 Classes Nenaiadasuianiles dasngaaatsc@nsninnisinenuiniulungi

194990215A BI-RADS U521 1 sensitivity 81.22% LAY precision 85.91% AINA1AL
1 v 1

AoELsHa Ao Nnd lilseslsaiauundnatluilszinn BI-RADS 1 deuinldganuuy

a o

dl 1 1 4‘ = v
Pllasputeitassleenn
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Actual case

0 1 2 3 aA a8
Predicted case

Nndsznau 10 Confusion Matrix (K.-J. Tsai et al., 2022)

UNEILE. A7N A High-Performance Deep Neural Network Model for BI-RADS

Classification of Screening Mammography mtl (K.-J. Tsai et al., 2022)

BI-RADS Sensitivity (%)  Specificity (%) Precision (%) F1-Score (%)

0 98.7031 99.4803 96.4197 97.5481

1 81.2218 97.2090 85.9148 83.5024

2 92.6513 98.6761 92.7975 92.7243

3 94.4772 98.8334 93.2967 93.8832

4A 98.0845 99.8084 97.6246 97.8540

4B 98.7997 99.7858 97.7077 98.2507

4C 99.1560 99.7731 08.0885 98.6194

5 99.3924 99.6176 97.6212 08.4989

Mean 95.3107 99.1480 94.9339 95.1101

Accuracy (%) 94.2171

A nusenau 11 Performance Model (K.-J. Tsai et al., 2022)

nNNEILE. AN A High-Performance Deep Neural Network Model for BI-RADS

Classification of Screening Mammography I8l (K.-J. Tsai et al., 2022)
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9.unAITN Deep Learning Based Framework for Breast Cancer Mammography
Classification Using Resnet50 (Dash et al., 2022)
AR A1 Az e sraniTiEuuLy Convolutional Neural
Network (CNN) Lﬁ'@ﬁmmﬁﬂﬂmzﬁﬁmqwmmiuﬁmﬁu LA UENANUANFINGTEII
Bnnlnfuastfnniiinaadalunnmme Mammogram uasiniailFauiaudsz@nsnan
1a9lutaalun1snwny lawn VGG-16, MobileNetV2 waz ResNet50 Taaliilsz@nsnw
Aoruusuglun naaa L dusall 97.22%, 98.61% was 100.00% 41951 VGG-16,
MobileNetV2 uaz ResNet50 ANNANAL

a o o A

dd e dve v o Xo amem o
aneuadennedesilanatanndesuivinligadadaonuanlaazAnme Gog
N1IANUUNHARTIAANAINUNNTHUN T (BI-RADS) 1Ws1231 iuAnudnAny luiFasaes
. s o o d 2 s X
NNTATIAAANTRINZLIUANUNLT R FzaTIazda e AN Tan1a TN TATIANUNZLTIFILATZ 8
QI U o v v d! v v o o Loy
FufuLazdnnnnsnEn livieanals F9818101704519 sTULAwUEn BI-RADS wuusmlusiR
v o % 1 dl ¥ K [ ¥ [~3 d?j =K a aa o
16 azvinlilszanaunguidaadnennsdnunldsniioau saudamata3sn1saansTyun

dl [ [ ar o 1 = a a
NEINUABHANNTN Mammogram @WM?UIﬁﬂﬁJMLL@%VI@@@ULL‘].IU"W'ZQ@\‘]@EI’]\‘]N‘]JTJ@VHJ‘JWW



unN 3

N1SANLUUINUIRE

v
1'% [ % o

lunsisaassil AAn e iunsAaduneusil
3.1 NTTUIUNNINNNIUTBAULLANAD
3.2 1adaya (Dataset)
3.3 ﬂﬂ?ﬁﬁiﬁ@%’@ﬁﬂ@ (Exploratory Data Analysis: EDA)
3.4 nawisandaya
3.5 NN9AFNULLANADY

3.6 NM9IALTEANTNINABILLLANAD

3.1 NFUIUNITNINULRILLLANRDY

Ma&mv?gram Image Preprocessing
iew
Segmentation of Target Classes
LU COmos Transfer Learning ) -BIRADS 1
I Split Data using Deep CNN Evaluation -BIRADS2
Data Augmentation | " & 1 -iRADS3
Imbalance Data - ResNet50 Comparison _BLRADS 4
-VGG16 -BI-RADS 5

nlsznal 12 Flow diagram of BI-RADS Classification in Mammogram using

Deep Convolutional Neural Network

NTYLAUNNTIUNITWAUILLLAI AR N AL UN T AL AN NLALN Y8990 [9ALA1 1M
dgj o v dl a o d” %

ANUNUFIUNGNNT BI-RADS si9iA1 N Mammogram B4a1uldqadazldidunan
Full Mammogram %inn1suidndasanin Mammogram miunguuinuungszaANIAeS
1a9708lsALANuN (BI-RADS) sznauldmae Target Output A8 BI-RADS 1, BI-RADS 2,
BI-RADS 3, BI-RADS 4 ua¥ BI-RADS 5 uazifunuiagilninlivindu input 2a1tuina Ag
224 x 224 pixel navaNTURIINNE1399 083 a luyNNeFe | (Exploratory Data Analysis :
EDA) w1 Afyuiannuliannaiuaesdaya (Imbalance Data) aslsudlailoymsingnn

ludunaunisipzasdaya (Image Pre-processing) #aensldinaiia Under-Sampling
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UAIAINTUNIN191aTHd ey A (Data Augmentation) wazaaaad uALduTynIwuy
. . . [ % [3 dl 1 o = [~1 :j/ %
Multi-Class Classification fiusaglsnauaannataazs1eiuivesantiniduaanuninig

' = . [% | I o a [
atinaNInNluAaazannIn Classify laatnagnaas lunisinnisiaindeya (Data
, Y y aaa . 2
Augmentation) 1 az 4 lausTNHANNE 18170 I0N17UFULAYA TN LA NI TN AN
wannuanaliiugadayanin Inain 1sailayuAMANHULAUAINUANY 111 N1FLAN
CLAHE (Contrast Limited Adaptive Histogram Equalization) iVetaeisiunuanszdaya
néAtyaeIn nliAudnau antuwlsgadayaiiu Training Data 80 % waz Testing Data
20 % (Test 10% , Validation 10%) @11 Training Data b@5191utma Deep CNN #aginns
Transfer Learning TA245191194912849 ResNet50 kaz VGG16 d1dsuldiunisAneil

ANl seiliudss@nininaeiuuaiaasanAl Accuracy, F1-Score Way Recall

3.2 ﬁﬂ“fl/ﬂga (Dataset)

VinDr-Mammo (Vietnamese dataset of digital mammography)(Nguyen et al.,
2023) Lﬂum%’@g@mmimmmmimﬁLﬂmmwi@mm@m: g miunnsitiagulsnlne 14
pannamasine lun1samannnTuLnIuAaiauLLLENdan (full-field digital mammography)
2A9UTLT1TUTNALAUINANUIY 5,000 NFERANEA AN Full-Field Mammogram a11491
20,000 NN ImﬂLLﬁimmfﬁ%ﬁﬁﬂwmmwmﬁLﬂummgmmmmmmﬂuLmﬁm 4wy
1#un A1umse Craniocaudal view #38 CC view a7491 2 WL A8 Left Craniocaudal view,
Right Craniocaudal view WATWUALEEY Mediolateral oblique view 138 MLO view 1171
2 UL A8 Left Mediolateral oblique view, Right Mediolateral oblique view ‘Emmmm’umm

A o

% del A o o dl a % 1
1aHAU AD N"J[ﬂq‘ﬂ?:ﬁ@\‘}ﬂﬂ@ﬂL‘IN‘ﬂ‘]J?5LNuﬂ’]ﬁ‘ﬁ"]EN’]uLLﬂKﬁ%‘LI‘LI“ﬂ@H@ﬂ’]?ﬂ’]ﬂﬂ’]w

o

Mammogram (BI-RADS) T4danARadriLN1ANENIEIT

3.3 n'vsd’ﬁe'amﬂ'aga (Exploratory Data Analysis : EDA)
3.3.141NN1991N1947999983a (Exploratory Data Analysis : EDA) w191

v o

AIUIUNIN Full-Field Mammogram a14uNAH BI-RADS 1-5 ?ﬁluﬂumﬁmﬂ’mwﬁ {34t
Fasnnsazdnelunisisensaiinud 123 aN1N Full-Field Mammogram wazwuleymn
Imbalanced BI-RADS Classes d9ulunjiludaa BI-RADS 1 mnﬁ'zgm Tneflus View
22901W Mammogram Hatuaulusreiunnnidn lnalsnaazidanaruaunin

AUUNATN BI-RADS LAz VIEW Adil
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A9 1 AN Full-Field Mammogram anuunmu BI-RADS 1-5

BI-RADS CC View MLO View
BI-RADS 1 6,703 6,703
BI-RADS 2 2,339 2,337
BI-RADS 3 465 465
BI-RADS 4 381 381
BI-RADS 5 113 113

Counts of Assessment and Image View

14000
Image View
12000 - mm CC
e MLO
10000
o BODD 1
5
= BO00D -
4000 1
2000 1
0 - -
4 1 h e 3
o & g & &
%ﬁ? e‘r&? %ﬁ %‘# e‘-‘ﬁ

Assessment
ANUIENAL 13 ATUIRNN Full-Field Mammogram anuunsanu BI-RADS 1-5

3.3.2 HBIRINAUIUNN Full-Field Mammogram wiag View Haiuwauintu Tng
NN Full-Field Mammogram WWILBYY Mediolateral oblique view 138 MLO view Wuaziilu
ATNALA UL RINATNLHBNE N an (pectoralis muscle) NAaUT 19T A Lan

waznandtilantranduiduuduiluifaodasiunisaiuunuandaa BI-RADS
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=S

nlddniunisAneudideacliaenAneaianiznin Ful-Field Mammogram
AR Craniocaudal view 138 CC view

pectoralis muscle

Left CC View Left MLO View

nwdsznau 14 AatNAIN Full-Field Mammogram CC View Wag MLO View

dl o o 1 . dl v
3.3.3 tNANINITANTIAUDYANTN Full-Field Mammogram LN UA WA

IS 2

Craniocaudal view (CC View) ¥ l¥nud1# dayanw Full-Field Mammogram #lvada3a
Aetnadaiudulianindnainlan (olank image) a1uau 6 naw M liidayan 1w Full-Field
Mammogram 7t CC View d1u15uninnisdnenluafell museaazidanmnail

1000 Counts of Assessment and Image View

Image View
6000 A mm CC
5000 A
4000
3000 A
2000 A
1000
. = R~
& & § &

Count

)
Q‘o
6\9? Q}?? @9? %\?? Q}??
Assessment

nwsznau 15 A1uIUNIW Full-Field Mammogram CC View



BI-RADS 1 BI-RADS 1

A ilsznad 16 FAa19nIN Mammogram CC View BI-RADS 1

BI-RADS 2 BI-RADS 2

A sznay 17 Fatinen W Mammogram CC View BI-RADS 2

BI-RADS 3 BI-RADS 3

A wdsznay 18 Fatinen W Mammogram CC View BI-RADS 3

31
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BI-RADS 4

nwdsznau 19 FraeinanIn Mammogram CC View BI-RADS 4

BI-RADS 5 BI-RADS 5

nwisznadl 20 AaLNNIW Mammogram CC View BI-RADS 5

3.3.4 §915UN1941999 184NN Full-Filed Mammogram WanaINN13aWuNAIN
BI-RADS 1, BI-RADS 2, BI-RADS 3, BI-RADS 4 La¥ BI-RADS 5 LAY g\iWUd’]“ﬁ@ﬁ;{@ﬂf]W
Full-Filed Mammogram HanAmuaniAnilaniaudidtysaniamaaes fiAe seAumIN

UUILUULAIUN (Density Level) hagwud1 dayanin Full-Filed Mammogram d9ulugy

1
aa

\{lu BI-RADS 1 1fAnumuuuduinuuluszau Density C tnafisaaziaanaainisaniun
A1 BI-RADS 1, BI-RADS 2, BI-RADS 3, BI-RADS 4 L.a2 BI-RADS 5 bwa¥ Density Level

pan nealilil



VinDr CC View: Bi-RADS Overlap by Density Level
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5000
- - 40 ko3 956
L
[
% 4000
o
~ - ) 202 1813 320
L
[
.- 3000
E_I m
0om - 3 24 418 47
38
@ % - 2000
o
= - 3 3! 405 32
n
[
% -1000
o
- 0 55 131 5
n
[
% [ i [ i -0
o DENSITY A DENSITY B DENSITY C DENSITY D
Density Level
ANdsenau 21 AaMuaUNIW Full-Field Mammogram
RUUNAN BI-RADS 1-5 La Density Level
BI-RADS: BI-RADS 1 - Density: DENSITY C BI-RADS: BI-RADS 1 - Density: DENSITY C BI-RADS: BI-RADS 1 - Density: DENSITY C

A wdsznay 22 Mammogram CC View BI-RADS 1

Density C
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BI-RADS: BI-RADS 2 - Density: DENSITY C BI-RADS: BI-RADS 2 - Density: DENSITY C BI-RADS: BI-RADS 2 - Density: DENSITY C

nilsznay 23 Mammogram CC View BI-RADS 2 Density C

BI-RADS: BI-RADS 3 - Density: DENSITY C BI-RADS: BI-RADS 3 - Density: DENSITY C BI-RADS: BI-RADS 3 - Density: DENSITY C

nisznayu 24 Mammogram CC View BI-RADS 3 Density C

BI-RADS: BI-RADS 4 - Density: DENSITY C BI-RADS: BI-RADS 4 - Density: DENSITY C BI-RADS: BI-RADS 4 - Density: DENSITY C

nwdsznay 25 Mammogram CC View BI-RADS 4 Density C
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BI-RADS: BI-RADS 5 - Density: DENSITY C BI-RADS: BI-RADS 5 - Density: DENSITY C BI-RADS: BI-RADS 5 - Density: DENSITY C

A wusznau 26 Mammogram CC View BI-RADS 5 Density C

3.4 MSLATENTRYA

Glm?fum'aumum?ﬂm’fmﬂaﬁ gadalalddeyanin Full-Field Mammogram
910 VinDr-Mammo TmﬂﬁﬁfﬂH@ﬂWWLﬁﬁuﬂﬂﬂﬂ Kaggle : VinDr-Mammo dataset
(Ghahroudi, 2024) Lﬁmmﬂﬁm@ﬁﬁLﬁummﬂmiw@’ﬂi’mgd@mwmn .DICOM ilu .png
Ganfeauda il¥arainuazinunzandiniunisinunldlunisdnei lneld
muazidaadeyaifiaafunissauun BI-RADS lulwaTifldadn finding_annotations.csv

° Y v & o
LL@SH’]L?I']?.I@Q;IJ@JWWLLNNIQJLLﬂ?N aninalaas Processed_Images AanNLsznay 27

Data Explorer

Version 24 (18.01 GB)

| » [3) Processed_lmages |

[ breast-level_annotations.:

| { finding_annotations.csv |

{ll metadata.csv

nwisznau 27 Data Explorer Kaggle : VinDr-Mammo dataset

aninawmas Processed_Images aziilpsaainglunisdnifivdeayaninunninunss
study_id Az 4 NN MuNEde 4 YuNRsgauluntsnsaauuninuns WuAe LMLO, RMLO,

LCC, RCC aanwilsznay 28
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Processed_Images
---->study_id
________ >image_id.png (R-CC)

(
________ >image_id.png (R-MLO)
________ >image_id.png (L-CC)

(

———————— >image_id.png (R-MLO)

----- >study_id

nwdsznau 28 Processed_Images folder structure

Anduaentanizdayan WL NINwNINA1UATN (Craniocaudal view - CC)

=2 a o :,/ dgj
I lun9AnENIAeASa

3

[

Wadnddayaninuuninunsnuaziprandayaiiessiunan gidalddnm

©

aal o ¥ = = 3’/ A ¥ o A
ﬂWQﬁﬂW?ﬂﬁ‘Uﬂ%‘ﬂ"ﬂﬂH@ Tmﬂmwau@ﬂmlmumumﬂmﬂmmm ANU

3.4.1 n1sAsauAngUnIwWAURLY (Cropping the Original Image) Iagvinnis
ATALAAAANIN (Pixel) LRNIZTAINAIY LW 619 T8 Laza9nre9glninsduelin iveay

Ay oy
°I.|‘|ﬂ'LIL°]JﬁW]1§JI§]'ﬂ\‘1ﬂ’]?

3.4.2 N5 lEAINTRIANNEEFIULNAALAATUNIU (Applying Median Filter to
Remove Noise) Tun1sauqasunaueanainnmiasausn azldmansepndsagiuniiauin

& a dl | o v . a o
LARTLUA 5x5 WNLTR sﬁ\i@%‘ﬁﬁﬂluﬂ’]ﬁ‘ﬂ?Uﬂ’]WiﬂL?ﬂULL@%@‘LI"’}@?‘UWJLL (Noise) Tuanienesps

% a k4
INBIUBUBASTILATLAE ﬁﬂfl

3.4.3 N19YNNENLAIUN (Obtaining the Breast Mask) Nndnazisiuianizuiinnu

v , o = G LY Lo
WU lun W Full-Field Mammogram LAy TN LN LA LANUNAANA NN UNAY

3.4.4 n1glduNdniANTUNALAINAURT Y (Applying the Breast Mask to the
Original Image) taan1saiivnisiiazuaniiaidasiuuaanainivunad M ldnindnua
ARSNGB
3.4.5 n1sAsauAnn NauIAgUs19iluaiign (Cropping Based on Largest
o o

Contour Size) Ausudunauiazdielun1sauqaANINAUUAINIABBLLAZLTLANIZ

a ¥ = 1 =
UTLIRULATUNENENBEN LA
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@

3.4.6 NMIATINMNRLNALNARSE (Creating a square image) IudunauUlAINIT

Q

o o

¥ dl dl ¥ ¥ o 1 = a o v 3'/ o
ZW'NJY]WZQL‘M@EIN“’\ﬁlﬁ‘ﬂiﬁﬂiﬂﬂﬁwﬁ]uﬁlﬂu@%ﬁ]ﬁ\‘lﬂ@%‘l Tnafiduaaudnaansas ANl

q

A WTUANNARIN T IMNN T dNA S I aanwULNIIN AR (256, 256)

o &

Fhatianagngaednistiuladayanin Full-Field Mammogram usfiazdunaunls

v
o

1 ¥ £ = =
NATTHITWNAY AU

orginal image median filtered image breast mask image

segmented breast image

square image

Applying the Breast Mask to the Original Image

ndsznay 29 fatnanadnireenisUiudlsadayaniw Full-Field Mammogram

ANNFUTUMNDL 3.4.1-3.4.6

4
=

3.4.7 NM15AANsANNINANARIBITAYANIW (imbalance dataset) Tuanu3del
AxNARBININIIguAIat19aA (Random Undersampling) ngudausnn ivaudiloymn
Class imbalanced "8 a1ua1wA N}l Class Bl-RADS 1, BI-RADS 2 411 n31

Class BI-RADS 3, BI-RADS 4 Az BI-RADS 5 Inaifisneaziagn atl

Selected CC view images randomly

Total CC View image

view_position C€C vi ew_po_sition CC

breast_birads Random undersampling breaSt—b1 rads

BI-RADS 1 6702 BI-RADS 1 2250

BI-RADS 2 2337 BI-RADS 2 5250

BI-RADS 3 465

BI-RADS 4 378 BI-RADS 3 450

BI-RADS 5 13 BI-RADS 4 375
BI-RADS 5 N3

nnseney 30 Aauudayafii1unI9vin Random Undersampling
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3.4.8 nMsuisgadaya lnanisuivdeyaiiugadayanisidn (train set) uazgn

v

AYANAADL (test set) Taeld train_test_split from sklearn.model_selection NuwA biLilu

Train set 80% , Test set 20 % (Test 10% , Validation 10%) azldanuaudays fadl

Counts of Assessment and Image View

. 50 Image View .
Total selected images - Train set
1500
Counts of Assessment and Image View nsa view_position €C
Image View % 20 breast_birads
00 - g BI-RADS 1 1800
0 BI-RADS2 1800
1500 w0 BI-RADS 3 360
BI-RADS 4 300
§ =0 BI-RADS5 90
S 100 0
0 Jssessment
0 Counts of Assessment and Image View
5 Y] ) » 9 Image View
S &£ L L F " =c | Testset

@ @ & & &

) . c:sesxn\enl | - ;im_tpgii ‘:,;m cc
view_position - reast_birads
breast_hirads Use train_test_splitfrom H BF-RADST 225
BI-RADS 1 2250 sklearnmodel_selection 100 BI-RADS 2 225

80% for training part BI-RADS 3 45
BI-RADS 2 2250 20% for testing part 0 BI-RADS 4 7
BI-RADS 3 450 - 10%fortesting
BI-RADS 4 375 - 10%for validation BI-RADS 5 n
0
BI-RADS 5 13 N 4 » » 5
& o o 6 o
PN A
@ ¢ @ ¢ @
Assessment

nwdsznau 31 nsutisgadeya

lnafilassafrentsdnifindeyaidu TainnaIuanie "large_set’
deaeinneldlaifnne’ " /VinDr-Mammo' Taanelulaifnnes Ylarge_set' Hlaifnnedtias
3918079 "train’, test” WA T "validation” wazusazlm3nnestesmanilsznaufay
5 1@L%ﬂ%@?‘ﬁi@ﬂﬁ@@ﬂﬂﬁﬂdﬁ/ﬂﬂﬂ’m "BI_RADS1", "BI_RADS2", "BI_RADS3", "BI_RADS4"

uaz "BI_RADS5" wansiinanavasdeyanialuwsazgadays Asnmisenay 32

-/VinDr-Mammo/large_set
|

|— train

| — BI_RADS1
| |— BI_RADS2
| |— BI_RADS3
| |— BI_RADS4
| L— BI_RADSS
|

|— test

|— BI_RADS1
|— BI_RADS2
|— BI_RADS3
|— BI_RADS4
L— BI_RADSS

L— validation
}— BI_RADS1
|— BI_RADS2
}— BI_RADS3
— BI_RaADSA
L— BI_RADSS

NNLsznau 32 Dataset folder structure
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3.4.9 N19L&3N1aua (Data Augmentation) A1NN19%1 Random Undersampling

a

1 o

U ludneduiu azdiuindeyafidnsiisuaufiuansneiuegunn adldiaiudaansi
Data Augmentation Lﬁlu fpaen19ld Alboumentations %uﬂuim.@ﬁ (library) 1915UN19
Ufuuasn i ldauinauazarnisadszananaldiia lunsimaudesya Training Set
& mfunidi Machine Learning Model Taai@aulunjazldluanis Computer Vision Waz

Deep Learning siaensfuusipnans e Annvunli albumentations as A Asil

A.RandomCrop(224, 224)
A.ShiftScaleRotate
(shift_limit=0.0625,scale_limit=0.2, rotate_limit=30, p=0.8)
A.OneOf([...], p=0.8)
A.CLAHE(clip_limit=3)
A VerticalFlip(p=0.7)
A.HorizontalFlip(p=0.7)

azldanuindays Aseazibansielly

# augmented versions
birads train peraninputimage. |Total images
35007 Bl Bl RADS1 Bi-RADS1 1800 2 3600
B Bl RADS2 | [Bi-RADS2 1800 2 3600
3000 1 B Bl RADS3 | [Bi-RADS3 360 0 3600
Il Bl RADS4 Bi-RADS4 300 12 3600
2500 N BI_RADS5 | [Bi-RADSS 90 40 3600
# augmented versions
£ 20001 test peraninputimage. |Totalimages
Z Bi-RADS1 225 2 450,
1500 - Bi-RADS2 225 2 450
Bi-RADS3 45 10 450
Bi-RADS4 37 12 444
1000 - Bi-RADS5 11 40 440
# augmented versions
300 1 validation |peran inputimage. Totalimages
Bi-RADS1 225 2 450,
04 Bi-RADS2 225 2 450,
train test validation B-RADS3 hel 10 450
sub dir Bi-RADS4 38 1 418
- Bi-RADSS 12| 38 456

nlszney 33 nsaIndesa (Data Augmentation)
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BI-RADS 1 BI-RADS 2 BI-RADS 3 BI-RADS 4 BI-RADS 5

nlszney 34 fretinedayaninainnisvin Data Augmentation

3.5 NMFASNULLAIAD
Tunnsnisafrsuuuataesgidalaldnis Transfer Learning A0 VGG16 hay
ResNet50 neild pre-trained model ilusiadnutisnnanms (classifier) Taiflunszuaunsy
° A P v = = = o A a o
i lumanmsuldnenudalulamuniiann s lamuau o) lnanisyfuustariaingu
L4 e . . Y v Iy s
yraduialiluinaganisoinauduaulndld tnaluntmaaesidulaliy
Fully Connected / Dense Layers GRISI Layer 7 Neurons 1@axsaiy Neurons nﬂﬁﬂu
Layer nauN11 Output Layer Tmeld Activation Function = SOFTMAX W& Output = 5

Juna Target Classes BI-RADS 5 Classes (

o8]

I-RADS 1, BI-RADS 2, BI-RADS 3,

o

BI-RADS 4 1az BI-RADS 5) iflunguulunengadusasnisazdnm Inainisniiue

o
N
i
U

S

Hyperparameters NANATY A

A19749 2 Hyperparameters NdnAty lun1snnsafiuuuanany

Hyperparameters Value
Learning Rate 0.0001
Batch Size 64
Number of Epochs 50
Optimizer Adam
Loss Function categorical_crossentropy

Activation Function softmax
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&Fun15 I Transfer learning Taaamnann1sininAa Deep leaming ARein131n

| I~ a v o o v o > : = |
uedanaeslnanindusaufesudoiuanunlndnssiunn i dudouniieaesluna g
g miuTumanthunldlueuideiiae ResNets0 waz VGG16 dailu 2 lunanillszdnsnn
guuazlafuniseeniuatraunsuaialunisaruunilszinnain auiunisiiendaunilenes
Tumangninliudnain ResNetso wra VGG16 unldlusuidbazdasliaunsoanoanluy
nsinTuaaluduazilumanilsz@nsnanluiaandusld nns Transfer Learning

a1n VGG16 way ResNet50 1aeld pre-trained model AlAsaadng aatl

M1974 3 1298519 VGG 16 with pre-trained Model

Layers(Type) Output Shape

input_1 (Input Layer) (None, 224, 224, 3)

VGG 16 model with pre-trained layers

Flatten Layer (None, 25088)
Fully connected Layer 1 (None, 4096)
Fully connected Layer 2 (None, 4096)
Dense Layer (None, 5)
Activation Function Softmax
Optimizers Adam

A19719 4 TAT9AF9 ResNet50 with pre-trained Model

Layers (Type) Output Shape

input_1 (Input Layer) (None, 224, 224, 3)

ResNet50 model with pre-trained layers

Dense Layer (None, 5)

Activation Function Softmax

Optimizers Adam
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AN aaesl s luinaLiesinnis Tuning Aren1sdsuussluipasaann
base_model AN TneNAaaIn1N1? Tuning anEuziAeaniuly VGG16 waz ResNet506a¢)
n1ae L‘ﬁl N GlobalAveragePooling2D layer W@ & Fully connected layers with
BatchNormalization and Dropout wazv1n1snaaedindulninalud anntulszifiu

tsr@nininaaaluma nadsaazidanlunislsunsaluma fail

# Create a new model and add the pre-trained base model
model = tf.keras.Sequential ()
model.add (base model)

# GlobalAveragePooling2D layer
model.add (tf.keras.layers.GlobalAveragePooling2D () )

# Fully connected layers with BatchNormalization and Dropout
model.add (tf.keras.layers.Dense (256, activation='relu'))
model.add (tf.keras.layers.BatchNormalization())
model.add(tf.keras.layers.Dropout (0.5))

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

model.add (tf.keras.layers.Dropout (0.5))

model.add (tf.keras.layers.Dense (64, activation='relu'))
model.add (tf.keras.layers.BatchNormalization())
model.add (tf.keras.layers.Dropout (0.5))

# Output layer for multi-class classification with softmax activation

model.add (tf.keras.layers.Dense (5, activation='softmax'))

nwilszneau 35 FAae1e Source Code 111119 Tuning Model

AN AADNESULILANA4#2ENS Transfer Learning Tagetld pre-trained model
a7n VGG16 il ufuildlunisauunsy#u BI-RADS ualldeuy Target Classes
wWanunaldiduidesaes Density m# Output = 4 11 Dense Layer g a¥isl SOLTE
Density 4 Classes (Density A, Density B, Density C Lae Density D)Ineld Small Data Set
Aa8n19 Random Undersampling @11 Dataset L@ ¥ ( Training 800 image/class ,

Testing 200 image/class ) laaiiTaazi@annaninsellil
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200 4 birads
EEE DENSITY A
F00 1 w DENSITY B
BN DEMNSITY C
600 - BN DENSITY D
500 -
E
2 400
300 A
200
100 -
D .
train test
sub_dir

nwsenau 36 Small Data Set for Classify Density

3.6 N199ALszANENINARILLLANADY
o ¥ -dl v :j/ =l % o
Unfayaganadas (Test Data) NlFandunaunisiasandayauinagaauiy
WLLIRNa89AaNNT Transfer Learning a1n VGG16 waz ResNet50 Taeld pre-trained model
o o 1 1 . o . . -dl = a
lusdnulesuuaany (classifier) WALNAABNINNT Fine-tuning tNaFaunaulsz iy
sz@nsninaesuvuuananalneld Classification report , Confusion Matrix iN@ANUI LA

Accuracy, Recall ilag F1-Score



uni 4

NANITALEUINUIRE

|

=S

lun193de e AN N4 5194 ULE1809N19914UNUAN L TZIAN (Multi-Class
Classification) ﬁmmia@i’ﬁLLuﬂ@zﬁummL?ﬁlmmmmﬂimmu‘ﬁuﬂmuﬁﬂmi BI-RADS
poaninuNNlnunsy Taaldinafiam Deep Convolutional Neural Networks (CNN)
2D OTH UL EUNI97 19T BIULLANABINIFATUUNUAUTLLNN (Multi-Class
Classification) uazilsyiiulsc@nsninasuuuaiaasusazain lnsldiayadayanin
wuuINNgN (Mammogram) ann Open Dataset VinDr-Mammo (Vietnamese dataset of
digital mammography)) ffliunm Full-Field Mammogram CC View gaaalamniiiunisias
Tnan1sAnEImINNIzUIUNITLATTURBUNNTATE AN 1 AABAAUNITIALTEANTAIN

v
a o

d‘ v o [ dl v o Y oA
waldussgingiseasraainisidanlaniuualy Al
4.1 NAAWSTRNNIFANUUNTZAL BI-RADS annn Full-Field Mammogram

A2 NAANEUDINITANUUNTZAL BI-RADS a1nn1W Full-Field Mammogram

dld o 1 o .
NRN17USLLALLLAa8Y (Tuning)
4.3 NAANSTRINTFANLUNTZAL Density AN Full-Field Mammogram

4.4 138U EUNIININIVLAILLLINADIN1TANLUNNANET2LAN (Multi-Class

Classification) wWazlssllULsANBNTNUDILULANADILFAZTLA

4.1 HARANEARINITINUUNSLAU BI-RADS A1nNN Full-Field Mammogram
TUN1TNABBIAFIILLUANA DY Deep Convolutional Neural Networks (CNN)
Aaan g Transfer Learning Taald pre-trained model tilugaan wianuaAny (Classifier)
@zﬁummL'ﬁﬂﬂ@ﬁﬂﬂiiﬂmuﬁugmm&“ﬂmaf BI-RADS a1nA"W Full-Field Mammogram
CC View Tieunszuauniatlfulyedaganin Image Preprocessing Fen¥anuda (e ls
NININAADI LT Deep Convolutional Neural Networks (CNN) ﬁ“ﬁ‘vmm 2 Models Aa VGG16
uaz ResNet50 duifluluing CNN ﬁﬁﬂﬁ?x’ﬁw‘%mwzgqLmz%ﬁ”ﬁ*ummﬁﬂﬂmqm? Computer
Vision 1nldnaanslunisineadeil lnaduadnsiildainnimaans fA1914 5 LAz

nilsznauin 24
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BIRADS Precision Recall F1-Score Support
1 0.34 0.34 0.34 450
2 0.36 0.26 0.30 450
3 0.31 0.37 0.34 450
4 0.31 0.31 0.31 444
9] 0.55 0.59 0.57 440
Accuracy 0.37 2234
Weighted Avg 0.37 0.37 0.37 2234

True labels

Confusion Matrix

— 250
u

% 68 42

I

(wa]

o 200
% 60 as

I

[wa]

m 150
% ] 110 55

_

[wa]

= - 100
% 1 40 33

|

[wa

0 -50
% 4 51 12

i

(wa]

i i i i
Bl_RADS1 Bl RADS2 Bl_RADS3 Bl_RADS4 Bl_RADS5
Predicted labels

Andsenau 37 Confusion Matrix Aaein1g Transfer Learning A1n VGG16

lun199uunszAL BI-RADS
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Training and Validation Loss Training and Validation Accuracy

Loss

nnsenau 38 N9 MERIINIIEEUSIRINTS Transfer Learning 1N VGG16

lun1s9uwnszmA BI-RADS

AINATTNIN 5 NAANENITAF1NULUA1a89 Deep Convolutional Neural Networks
(CNN) #a8in1g Transfer Learning A1n VGG16 el pre-trained model ANLUNTZALAINN
La;m“ﬂﬂ\‘lﬁ‘ﬂﬂiﬁ‘ﬂmwﬁuﬂﬂuuﬁﬂm? BI-RADS a1nN1N Full-Field Mammogram CC View
WU LS a0ailtlsrAnBninuazAuLaug lun e Taafien Accuracy = 0.37
Laziilafansnin A1 Recall TuuAAL BI-RADS Classes W97 WLILISAABIEINATONUNE
BI-RADS 5 1#R1lscAnEnmATian se9asu1Aa BI-RADS 3, BI-RADS 1, BI-RADS 4 WAt
BI-RADS 2 Anugnsi annnntsyned 24 azidivlddn winsassdinanuaaianaeulunig

¥iNune BI-RADS 4 Raiil BI-RADS 3 1n7ign 9994911 A BI-RADS 2 Jauili BI-RADS 1

AT 6 HAANET brannITnaaealdnng Transfer Learning a1n ResNet50

BIRADS Precision Recall F1-Score Support
1 0.37 0.37 0.37 450
2 0.42 0.30 0.35 450
3 0.35 0.46 0.40 450
4 0.29 0.21 0.24 444
5 0.54 0.65 0.59 440
Accuracy 0.40 2234

Weighted Avg 0.39 0.40 0.39 2234




Loss

1.75

1.50

1.25

1.00

0.50 4

0.00
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Confusion Matrix

H
u
% 44 36
2, 250
[wa]
™
8
g 2 a4 200
E|
w
o 0
m 2 _ 89 61 150
-
@
2 EI
=
-
u
% 1 57 26 94 101 - 100
E|
0
= 6 15 = 57 0
2-
|
[wa]

| 1 | |
Bl_RADS1 BI_RADS2 Bl_RADS3 Bl_RADS4 Bl_RADS5
Predicted labels

ndsznau 39 Confusion Matrix #28n19 Transfer Learning Aa1N ResNet50

l1n19310uNIZAL BI-RADS

Training and Validation Loss Training and Validation Accuracy
2.00
—— Training Loss —— Training Accuracy
—— Vvalidation Loss —— Vvalidation Accuracy

1754

1.50

Accuracy
=
[=]
o

T T T T T T U 0.00 T T T T T u T
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

nwtlsznay 40 N WERINNIEEUIIEIN"T Transfer Learning @1n ResNet50

lun199uunszAL BI-RADS
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AINAITIE 6 NAANEN1TATINULLAN AR Deep Convolutional Neural Networks
(CNN) 281119 Transfer Learning a1nResNet50 1agld pre-trained model L uFA2A MWL
NNy (Classifier) i:ﬁumml,?ﬁlmmm@@ﬂimmuﬁuﬂmmﬁ“ﬂm@ BI-RADS annnw Full-
Field Mammogram CC View ¥ WUdn wusnaesilssAnsnmuazauiugnlunis
vune Taedien Accuracy = 0.40 Laziilafansnin A1 Recall luusas BI-RADS Classes
WU WLLAABENNTIYNwNg BI-RADS 5 14TiszAvBnmaTign 09asunia BI-RADS 3

, BI-RADS 1, BI-RADS 2 1iay BI-RADS 4 A1uaiaLl

anAnlsznay 26 aztiulaan wuuataasiANAatAtAaaulunI1INnuel

BI-RADS 4 finiilu BI-RADS 3 81n¥14m 9898311 Aa BI-RADS 2 Hniilu BI-RADS 1

4.2 HAANEURINITINLUNTEAL BI-RADS AnnN Full-Field Mammogram #finng
1SunAILLUaNaas (Tuning)

ANNANAARI UL 4.1 191 wangliiuITnLuA1aeatallss@Ansn1nidAanu

P ' o VY va o v o ] . ~ o
panatAfauat N1 lididalinaaesdiuuselning (Tuning) ivaLiun1swmun
U32ANTAINLBIULLANARIAILNITNITLAN GlobalAveragePooling2D layer |
G4 Fully connected layers , BatchNormalization ka2 Dropout lnaiinaansynlaannnng
NAaaY VGG16 Tuning AIMA1919 7 Waznwisznau 28 ResNet50 Tuning ANA97Y 8 WAL

Awilsznau 30

A9 7 NAANSN braInniIneaasldnig Transfer Learning a7 VGG16 Tuning

BIRADS Precision Recall F1-Score Support
1 0.30 0.60 0.40 450
2 0.30 0.06 0.10 450
3 0.30 0.11 0.16 450
4 0.30 0.50 0.38 444
3 0.58 0.45 0.51 440
Accuracy 0.34 2234

Weighted Avg 0.36 0.34 0.31 2234




Loss

3.0

2.5

2.0

15 4

1.0

0.54

0.0

True labels

Confusion Matrix

r
8

26 26
gI
o
™~
2

27 25
£
[ia]
"M
8

25 50
e,
[va]
<
a

7 55
2
m
[Ty
8

5 8
él
m

i ]
BI_RADS1 BI_RADS2 BI_RADS3

Predicted labels

107

BI_RADS4

BI_RADS5
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250

200

150

- 100

nansznau 41 Confusion Matrix A28n13 Transfer Learning

21N VGG 16 Tuning hN19a1Lunszad BI-RADS

Training and Validation Loss

Training and Validation Accuracy

—— Training Loss
—— Validation Loss

Accuracy

3.0

2.5

2.0 1

1.0 4

0.5 4

—— Training Accuracy
—— Validation Accuracy

Epoch

0.0

20

Epoch

nilsznen 42 nandnsnsEuiEeINIg Transfer Learning

A1N VGG 16 Tuning lun1saniungeal BI-RADS



AN919 8 NARNET Ira1nNN1INAaealdinis Transfer Learning a1n ResNet50 Tuning

50

BIRADS Precision Recall F1-Score Support
1 0.41 0.33 0.36 450
2 0.43 0.26 0.32 450
3 0.32 0.43 0.37 450
4 0.29 0.34 0.32 444
5 0.50 0.54 0.52 440
Accuracy 0.38 2234
Weighted Avg 0.39 0.38 0.38 2234
Confusion Matrix
H
a
él 36
@ 200
2
él 46
@ 150
g %
E @
- 100
&
o
- 27 21
L
o
- 50
8
g 17 9
&
o

| |
Bl RADS1 Bl RADS2

1
Bl RADS3

Predicted labels

nwisznau 43 Confusion Matrix #28n19 Transfer Learning

1
Bl RADS4

Bl_RADSS5

a1N ResNet50 Tuning Tun13anuunszal BI-RADS
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Training and Validation Loss Training and Validation Accuracy
30 30
—— Training Loss —— Training Accuracy

Validation Loss Validation Accuracy

2.5 2519

2.0 2.04

s
-
w
Accuracy
=
wn

1.0 104

0.5 0.5+

0.0+ T T u T T 0.0

Epoch Epoch

nilsznau 44 nandnsNsEaUSTaINNg Transfer Learning

q1n ResNet50 Tuning Tun13anuunszal BI-RADS

AMNNTUFULASLLLAYA8Y VGG16 Tuning AYANTN 7 LazN WL senal 28 uas
ResNet50 Tuning AIR134 8 waznIwlsznay 30 wudn 919 2 uuuaiaasi ki lun1smaaesil
eI UuusuLLAaeuAIUe ST AUANNIALIT 09788 TIARNAUT IUUAN NS BI-

RADS laH1lse@anininuazannuusue i lumnay tune n1awmun e aludnisa

4.3 Fguiaun15yN AL LLAIRRIN1FAI L UNUANgUsLLAN (Multi-Class
Classification) wazlsetlUUsEANENNARILLUINADILARETUR
AMNUANITNARBIATIILLLANA8Y Deep Convolutional Neural Networks (CNN)
v 1
AeIN1g Transfer Learning ¥4 2 Models AR VGG16 LAz ResNets0 AuunIzALAfNLAE
v 1
m@ﬁ@ﬂimmmﬁugmuﬁmw BI-RADS a1nn1N Full-Field Mammogram CC View el
o 1% . = 1% Y 9a o v o
nszuauN19LsuLgsdaganin Image Preprocessing Beusasuan gadtlaunnan1amaaes
1 o = a a a o .
wiazhuuataasutlTeuingudss@nsnannisanuuniangdssinn (Multi-Class
Classification) 189WUUA1889 1A NI NLLLAN A0 AN L ANNAZH AU FADEDA LAY

Ufuilgetlse@ansnnsiall TnadissaziBanfinie 9
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A1T4 9 NARWENITLLTH LA UNITNINIULBILLLA1ABINITINUUNTZAL BI-RADS

WAL N UL ANTNINUBILL LA A

Model Accuracy Recall F1-Score
VGG16 pre-trained 37% 37% 37%
ResNet50 pre-trained 40% 40% 39%
VGG16 tuned 34% 34% 31%
ResNet50 tuned 38% 38% 38%

AINATTIN 9 WLIT N19AFINULLA1a89 Deep Convolutional Neural Networks
(CNN) Aq&inng Transfer Learning @1N ResNet50 Toer e pre-trained model @1N1FNAN
'j‘tﬁllﬂ')ﬁllLgﬂdﬁlﬂﬁi'ﬂﬂiiﬂmqmﬁuﬂﬁuﬁﬁﬂﬂ’]i BI-RADS a1nAW Full-Field Mammogram
CC View @fiLlsz@nBnnuazanausiusnangalunimaaesi Inaidn Accuracy 40%,

Recall 40% Laz F1-Score 39%

4.4 NAAWEURINITINUUNTEAL Density A1nAN Full-Field Mammogram
Tun1snaanelaaadraiuuatans Deep Convolutional Neural Networks (CNN)
fqen19 Transfer Learning Toeld pre-trained model WumAaam LL‘LN‘MN'mm:lJ' (Classifier)
u@ﬂmnmﬁmmm:ﬁummL?lemmi@ﬂimmuﬁugmuﬁﬂmi BI-RADS ua §ade iy
NNINARBIALUNTZALANNAUIWUUTBIAWN (Density) Taald Small Dataset A&vianns
Random Undersampling 81317090 Dataset 714 1un19mAa8 98 uNNIZHL BI-RADS
Tuda 4.1 P lFusmsnanafieasuiuildlunn e uunszdu BI-RADS Taafiuadnsdldann

NNINARDN AIANTIN 10 Wazn WL sznay 32

1519 10 NAANENLARINNNTNAABIRTLUNTIEALUAITNUUILULLAIUN (Density)

Anein1g Transfer Learning @101 VGG16

Density Precision Recall F1-Score Support

A 0.62 0.42 0.50 200

B 0.46 0.68 0.55 200
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True Label

DENSITY_C

DEMNSITY_B

DEMSITY_D

I I
DENSITY_A DENSITY B

I
DENSITY_C

Predicted Label

DENSITY_D

Density Precision Recall F1-Score Support
C 0.63 0.38 0.48 200
D 0.63 0.80 0.70 200
Accuracy 0.57 800
Confusion Matrix
;I
A 1 10 140
pd
L
]
120

100

80

- 60

-20

A nUsenau 45 Confusion Matrix A28N1g Transfer Learning 27N VGG16

Tun19alungzAL Density
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Training and Validation Loss Training and Validation Accuracy
2,00 200
—— Training Loss —— Training Accuracy
Validation Loss Validation Accuracy
175 175
150 1.50 4
125 1254
=
v
& 100 S 100
3= g
e

075

0.50 0.50 4 /J

025 0.25 4

[=1
-
n

0.00 +— T T T T T 0.00 — T T T T T
0 20 40 60 80 100 0 20 40 60 80 100

Epach Epoch

nisenay 46 naWdRsINIIEIUGEEINS Transfer Learning AN VGG16
Tun13aungzaAu Density

AINAT14 10 HANITNAARINITAFIILULANAD Deep Convolutional Neural
Networks (CNN) aaenng Transfer Learning a1n VGG16 Taeld pre-trained model
AUUNILALANUNUILULAAILATUN (Density) A1NAW Full-Field Mammogram CC View
¥ WU wiUsaesiilerAvannuazanuusugn luntsinung Taafien Accuracy = 0.57
waziiiafiansnin A1 Recall luusaz Density Classes WL91 WULA1884410190N 111 e
Density D 1ﬁﬁﬂi:§w'ﬁmwﬁﬁm 78984N1A8 Density B, Density A L@ ¥ Density C
AINANAL

ilagann (IREWIUIIHANNINAADIAUUN TEALAITNUUILULLBUAUN (Density)
AaeNg Transfer Learning a1n VGG16 v TltlseAnBnmuazauusingnlunsinuned
ihaulalunisaesimuisa Avldiinimaneafinlunisdszyndldinaiia CLAHE
(Contrast Limited Adaptive Histogram Equalization) Lﬁ@ﬂé‘“uﬂg‘qmmﬂwﬁmmemmfﬁm
gaannlagianluituiiniaoududusaiustrann Inadnadniildainnimanes

AIFAI9IN 11 azNINLsznay 34
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1519 11 HAGNENLARINNITNAABIATLUNTLALAITNUUIBUULFIUN (Density)

AaeiN1g Transfer Learning @10 VGG16 with CLAHE

Density Precision Recall F1-Score Support
A 0.80 0.28 0.42 200
B 0.46 0.84 0.59 200
C 0.66 0.62 0.64 200
D 0.83 0.73 0.78 200
Accuracy 0.62 800

True Label

DENSITY_C

DENSITY_A

DENSITY_B

DENSITY_D

Confusion Matrix

160
57
140
120
13
100
- 80
0
- 60
- 40
1 -20
I | i -0
DEMSITY_A DENSITY_B DENSITY_C DENSITY_D

Predicted Label

A wdsznau 47 Confusion Matrix Aaaing Transfer Learning

21N VGG 16 with CLAHE lunn9a1ulingeau Density
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Training and Validation Loss Training and Validation Accuracy
2.00 2.00
—— Training Loss —— Training Accuracy
Validation Loss Validation Accuracy
1751 1754
1.50 A 150 4
1.25 1.25 A
>
v
% 100 £ 100
§1007 |\ gL
<
0.75 0.75 /_/JJ/M’N—/_—'
0.50 A 0.50 4 ,
0.25 A 0.25 4
0.00 T T T T T T 0.00 T T T T T T
0 20 40 60 80 100 0 20 40 60 80 100

Epoch Epoch

nnilszneu 48 naWdnsINI9EEWSUaIN"g Transfer Learning

1N VGG 16 with CLAHE Tun13anuungzay Density

AINATTIE 11 HANITNAARIANNNITATIULLANA D Deep Convolutional Neural
Networks (CNN) #28n19 Transfer Learning Aa1n VGG16 with CLAHE Tmerld pre-trained
model AUNTLALAIMNUULUUTBIFETUN (Density) aINAIN Full-Field Mammogram CC
View 11 %191 wuuAnaesfilst@niainuazaanuutugnlunisiauig laaiidn
Accuracy = 0.62 Laziilafiansaun A1 Recall Tuusiay Density Classes W91 WULANAAY

-

A10190¥NUe Density B LAN1sc@nBn1waNgn sa989u1Aa Density D, Density C

uaz Density A ANNATAL

A1T19 12 HAANEN1TIUTe LN 8 UNI9N19 1 UIBIULLRA1ABINITITUUNTEAL Density

WaZUT L HUL L AN BN INUBILLLANA D

Model Accuracy Recall F1-Score

VGG16 57% 57% 56%

VGG16 with CLAHE 62% 62% 61%
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o o 14

AINANTI9 12 WU97 §15UN19NAaaIaiIalLLa1aad Deep CNN #9813
Transfer Learning @a1n VGG16 Lﬁl@“’i”muﬂ?zﬁu ATTNUUTLULTBILA U ( Density)
ludeyagaieniufuildsuwunszsu BI-RADS s uULABY VGG16 with CLAHE #ifinns
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