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1. Full-Field Digital Mammography
2. Screen Film Mammography
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3. Craniocaudal
4. Mediolateral Oblique




[V] CC isas 5l 4903 S ¥ IS [V] MLO 305 5 & 305 SG ¥ S
LS olgy b&%;&uujsasmv.ﬂjugggmwuw

S g odalie 1y 3L g5 pl 5 ol Spale O guas 3

Cow 3L 090 S Lied olb i Gla o 8 led Ol 2 s o3 95 Bias faghy ol > tce]
I3 Js ldlod 5 b el b b S ol (San Sl Gl ) (B Lzpa s 8
j@.ﬁ&,\;,\“ﬁjowﬂ;“;juuéuag Ao sl sis Ol 3l b ke g,
250 peplin 5 SNl 4 4o Job @ bl 55 ool ) fash ol alo s> el s
A4S 005 5 5 BI-RAD 51 oo g1 348 o 5 5l Ml a3l 0 €0 0ol 53 3Ll
PLSb o 1l \)st-ualsétaﬁ(:\.xf

SsSpeoas Sl Fimtd DMl iy (61 p el & 5L« ,a3b L5, BIRADS 0 o
(=l
sl 05 sdalie (g ol 4;;@ (s :BI-RADS 1 o

G5 3L S ol 0l odaliee g S, el (o g slawsl :BI-RADS 2 o



Composition A’ _ . Composition B
-

Composition C

[V] oS otalin 1) oo e (sl 3L 51 p Saale G YL K2 55 101 S

&5 Ll s o 50 YU Jleesl b 6 laggs el o i 55 Yol (BI-RADS 3

.(ubui*i@}w) Lyl Q.mejféxfﬁ

Al ol el P 5l oS Slag el (SSlis eal :BI-RADS 4 o

3 Q0% 5l ) dls e (YL Jlesl &S plag )l os Yl :BLRADS 5

15 (5558 el 4 5L

ol ol Ol 0l e 4 &S _slagg el old LSl ol o :BI-RADS 6

O:.....S\:QL(..SJ'.JLS\J.}4§J3)\sdé.t>'m6l.aJﬁo\ﬁ@@l&ma}\kau\ﬁaxdualg

oS 3L 3 g2 5 (5la Bl o 1S S e )L eSSl LS s il o Ll ROWPIW |
S e [ V] @ 5 e LT s Ll

By .w&og\,ﬁsﬁ‘&f\ﬁyuﬁd\ﬁ s 285 Jaw 5 0 a5 O g ) (5148 gazen iyl 58

. Z o e - " . Z. - A .
o 503 948 50559 9 sbes 3ol s 3L Hlas 31 gHkems S (Shs conl e 25158 0955 &S S
5. Biopsie




Q.;f‘)b ‘J Je f}}ﬁ&f‘ P JQ
555 )l 3 diges S iV S a3 o QLS o s

e 5 ok 031y [asiD edé p g ol el Pl Lo sl el Lol Al @5 8518 Ly la
S | ol @slais o p b ol &8 IS 085 s 55 o0 283 45 Gl 0 e 0,85 O 9 sl
S AS o Ol Sy (B sb 4 AEK (55, p LD oS LS b pasda | odd Jone S (S5
Vo) ol 53 )05 G5 d (VL JH13/05,m) (ol atlin Hlez 51 S eS8 4 ol
P els SIS ek Olge 4 Lo Jue o SIS ol e a1y s Jls (2513875140 505 G il 50

DS ol

Or&u‘_;ﬁ.f;l:.r,.au.a Y\

Lils S8 el w w5 o s o3ls el uiile (6 2850 o)) op e Data Olea b osls tosls
Sp50 S o3> rensi pl 53 68 A 80 s el Landl Sl sla sl bs Sy 5 w58 5 s
el G938 oy

ez b g o @Bl el (glaeols S sl osls 31 23w Label /Mask b o 0 tmmz
35658 by b das o 35l pe pldl 5 £l b s L gty andad b W el (sutuanws Jals a3l 50 n
L el esly L3 5 Jde

S 2 gaan S e Je S 0T b oS ol o) 3 Training oles b 2 5l 135 gel
b S35l Sl g sline sla

SNl 5 S50 5 &5 4 Supervised Learning olea b ol & ,las S tedd oyl S3L
Al s i 55 g0l Obey o eslinal 5550 (e 0305 _olad 457 5 55 o0

Ls,:f:\g 31 & & Semi-Supervised Learning gles b el )l LSﬂth:’ foo S e L;J:f.:\f
Al o 09 S0 5w 5 s sl 03l I 5w 4S5 55 e GO

550 GBI o8Ts 33 (5,550 o a4 conl Ko Lz &8 oyl 03 (6,550 ey o (-850



RRL P

pad 4 &S ae S0 S ALY S

S S Sl 0k el L S5 5 opl e 1A= IS8
o S Sl gl il s (S5 2905 2l Y] 0 0kt ol LS 4Kk (sla 1335

[Y]M;@gmljﬁﬁmawéijw

&L LI -0 SN PR T ui)')j Jsb 3 b esls lad O 45 oS el S50 3 e
555 o S 55 (Self-Supervised / Unsupervised Learning)

) gel ol b e Szl 5l (S s Loss function b (b)/Ua) aypm sl tay s &l
g 8 A8l Jae (s b Lol e s B sl Ol SO Wil ol ol i
L (Regularization Loss) 3l als 5l L3155 o0 P ol Lo eolinal LU ks gla
L,y 5 (Consistency Loss/Regularization) (sl )@)’Lw

LT S5 b b (o5l Sioled SG @ cdle (65830 4 53 (6800 Jas 1 S5L ke
Jobo G Labal 5,8 e 5l 0 & Laosls 1 ctle (5,830 (slaamy K1 oS 3,15 o5Lsh ey b o3l
ool 511 a0y ) S0 6 S o it o ol (5 b b ol S 5,550
.xswu;w\dxfﬁmgﬁuzﬁé\ﬁ el 5l S s w5 &S s

1y T 5,255 2 580166 55 BT ol 0 e (5La5 5 il (5,550 53 ke (5la033
diws (g3de olie o3y ol 23lew (35 el (slresls w |y Jibs b &S V'*‘L's Siosel kol b Jb s
ol b e s e 55 (alpd b omae saad )3 i) s o Bl opls KLl &
A3l A ) S 53 S e iy |y o i i s 5 80008 B S5 o 2L dl)
S el |y o 035 o yon 4 s3bs e 51 505

K& gl Aol JB lacas sai lns o (Feature) S copile (6,0 o ses 5 :;5:’3
L oode s & Ysoms b Shis opl 2558 g0 o3l Lol 2l b Cio 55 (5 457 ol Laosls |
S ol line |l b pad SO il e A ) K 3 gl o e (Gl

Jde u.i)').ﬂ Lol 3 55 4S sl (515l Ll (gla 031 Lsxfsl.j !y Optimizer L 3l 4ng Hle aug
oS b oS sl ol bnjlading ol G LS a1y e la 2l b ey js s Bo gy 0 58 @
il S Sl g a0 1y ke 258 18 O il Jie o8 s b b die B 0 S



lrosls pLes b ke 0T 53 &8 3505 o5L31 Jube 35 5ol il 3 51 (glal> 10 4 Epoch olea L o) 55 20,9
.JJJL;A o3ls uﬁ)ﬁT}L&.j > 9> L;I:);AT
2ol 13 3505 Olejor oy gao 4 45 5,05 0Ll Laesls 31 (glas gomes 4 Batch Oloa b dns tosls gla dos

N G . . T . s ae T
:ﬁ@ww)bﬁﬂ@g\m JJ)ML;“ JJJU»))A\

Gokoank YY)

g el S 5o 4 S 55k 4 i ol pslad g ankd il ol o3 il 1 (SO
s bl o 5025 S 53 Sy s lme (ghganad )5 Y (63550 (Su andad 57 las (G anlad
DS ke IS OIS 58 e gvar b 55 ST

u\.’jﬁl&wjfj)m)) Qﬁ)ﬁf&@\ﬁd;%b&)&&@‘ (aLQS M:Jad&MLSMA&B °
Sz 2 533 55 Ol g 0 533 55 Sl JuSg don )3 55 (ki b god S 3 (e 61
kﬁ&ug_al»w” &Lﬁj)bfméjm&g\d‘gk.bﬂ&

S5 O 4 48 s & by o oz S e 9 Sy 8 1 Sy s (IS 0
LS o 3l syls

‘5‘9“:’@ oalu! W\V.@,cﬁ)ﬁ.aﬂ L;\pw)'\ul{&);&@,u>jﬂ§)afﬁjw Zo:‘.&&w‘:ﬂy )
olalid) (S 63 0 ead 5 (Ol QQLA..»Tco:Lq-L5|ﬁ))t§>j>'-jJ;J|)‘wr@_é.x&l.a

O 4L (S o (kuandad | Mﬁl.@,’iqu;)\f@;\)é o8 (65550 (hvankss ¢ Jolie s

Sz 55355 A Gln 53530 lold s 5b 4 500 S5 55355 A Jbe sl
D g o3l Golans slaola>
L;:L»L..Js c.l;gda VA‘Je b f'l:mjl\ JSL;.:EJ &:\QA_’S 9 gﬁ.’L""u Q&\ ujﬁ) u::\ Ze@‘ é:..;: @L\»u L]

--’}“?W“\"‘}“gﬁo\j;“‘\:’ﬂ;:ﬁ

6. Semantic Segmentation
7. Instance Segmentation
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Abstract

Deep neural networks have made significant advancements in various fields, espe-
cially in medicine. Due to their high speed, error resistance, and ability to operate
continuously without fatigue, these networks have become valuable tools for assisting
physicians. One of the most challenging tasks in medical sciences is the interpretation

of mammography images.

The 2D nature of the images, the high diversity of breast tissue, the similarity of
lesion tissue to some normal breast tissues, and the difficulty of distinguishing lesion
tissue from surrounding tissues are major challenges. Training Al models for this task
requires abundant and diverse data with detailed annotations, which is costly and
time-consuming. Numerous specialists are needed to interpret mammography images

for model training, making it nearly impossible due to the data volume.

In this project, we explore whether integrating information from large unlabeled
datasets with small labeled datasets can improve model performance. We introduce
a pipeline for automatically interpreting unlabeled data and using these data with
semi-supervised learning methods to detect lesion areas in mammography images. We
show that combining pipeline interpretations with a novel pixel-wise approach results
in an approximately 4% improvement over the baseline. This project also reviews the

adaptation of prominent models from previous studies to our novel method.

Keywords: Semi-Supervised Learning, Image Processing, Mammography Image Pro-

cessing, Image Segmentation, Medical Image Processing
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