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Application Progress of Deep Learning in Imaging Examination of Breast Cancer

WANG Yifan', LIU Jing*, MA Jingang', SHAO Runhua‘, CHEN Tianzhen?, LI Ming"

1. College of Intelligence and Information Engineering, Shandong University of Traditional Chinese Medicine, Jinan
250355, China

2. Shandong Inspur-UPTEC Education Ltd., Jinan 250101, China

Abstract: Breast cancer is the most common malignant tumor in women and its early detection is decisive. Breast
imaging plays an important role in early detection of breast cancer as well as monitoring and evaluation during treat-
ment, but manual detection of medical images is usually time-consuming and labor-intensive. Recently, deep learning al-
gorithms have made significant progress in early breast cancer diagnosis. By combing the relevant literature in re-
cent years, a systematic review of the application of deep learning techniques in breast cancer diagnosis with differ-
ent imaging modalities is conducted, aiming to provide a reference for in-depth research on deep learning-based
breast cancer diagnosis. Firstly, four breast cancer imaging modalities,-namely mammography, ultrasonography,
magnetic resonance imaging and positron emission tomography, are outlined and briefly compared, and the public
datasets corresponding to multiple imaging modalities are listed. Focusing on the different tasks (lesion detection,
segmentation and classification) of deep learning architectures based on the above four different imaging modalities,
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a systematic review of the algorithms is conducted, and the performance of each algorithm, improvement ideas, and
their advantages and disadvantages are compared and analyzed. Finally, the problems of the existing techniques are
analyzed and the future development direction is prospected with respect to the limitations of the current work.
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Fig.1 Overall framework of using deep learning
technology to diagnose breast cancer
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Yo%, SCHR[381HE TAE b i A T 4R 1E & 7 3, i X F FHAB T R R . BRI T LR X 4 EUR 5k
S AL A4S, SCRR[BTIRI I A R M 4%, SC B T BEE R4 PR o
Ha JET IR XL TIL S S

Table 4 Summary of algorithms based on mammography
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- R R HIA FHCOR S DL E DTS EE
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pres T AR %
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3.2 JEFIME SRR
3.2.1  FLIBRAR 5 PEl 5 o A R

et FH R P PTG 0 2L B i 728 S TS L B 12 W
RGEWMEZE L, B TAED, Yap 58 AN UEH =5
TR IE 24 2] )7 (3£ F Patch 1) LeNet ,U-Net T 727 ~J
FCN-AlexNet) 747 FL g 7= o5 22 ki, 25 R R W], T4
JE 2] Tk e AR TR Gk 7 i . fERIE i —
T T AE, Balaha 45 A\ ™M CNN #7455 33t 1% 512 (ge-
netic algorithms, GA) FH45 4, GA T332 N Wt B ¥ 45
R BB SE ML T PR %, GA
S AT LAY O ) M AT A R 48 AR, DT P Ak AR A
5] it =0

A 3 5L I3 8 75 (automated breast ultrasound , ABUS)
FER BB A 7 0 J I 1] PN AR B 22 1 LR R S TRR, A
T 4 A4 B 4 1 A LR A A o (HUEOBRE L B DA B A
(1] 7 1) 1 78 S A5 ABUS JRI5 F Firb 968 46: ) 748 5 [
XMEIF B 45 5 SR BHYE . Zhang %5 A\ ®7E YOLO 5
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ANH A T 2 , DUTIT B e A6 T 235 SR 1% AT & M
BRI %IRRT LUK ) BT S 5 0 AR RN
JIRIRE X6 300 AN T OB 6T L R AT A iR 30 A RS
FEEATRRT. T ABUSEda4E 2 = 4E K% fE it —
g, AT A B A [ 2 EE L DL
IRk o MfE RS, I, Zhou %5 A\ FH ek k)i (1) Faster
R-CNN A i JF 544 1 52 Z I U0 e, 3 e 1k — 4k
BIG 38 3 il G 2 il 45 5, 19 3 e 4y = 4k il
HE o H =S H RS DU 3G 01 B[R] A o AT R >k
) TAE AT DA P B R B = 2 25 [ R 1E . Malek-
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R IR B A AN T Hu A A ABUS U, AT LAAIG
FP AL i R (AT SR M0 A A5 B Lk T 5 A e
SR A UE P . BEAAE U AT BEYT R [ 8 g
A W7 L R B
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G E ALY R ARED  BR, RZER R T
AT P R 5 1 5 Tk (48] An e e ) e i
Ot B B DA = B AU MR BE L E 2 I AT 1 5
P G, DR oA i e 5 1] BB S BRIC B AU MR . B
i, Byra % Nt oe R W1, 7R BT KGR e 5%
B Bl o PR AL RE 7 AR S TS e o A O BT R 4%
(generative adversarial networks, GAN) i 7] F T &4
B IR, 3k 2 [ 50RT LS N 21 R s I 2R G b L

P2 E BIR ) MER M . Han 8 AN®3E T GAN #E 17 2k
3 Gk A R U 22 RO R AR A 5 TR A AR e
FE R, SR BT 22 7 Rl B, WA 57 1) 5 Al
BT B8 AR 3 0] B WRUJEL ik AR 1 U AT 8RN 3 B A
BT R 728 B A St M 22 5. o 15K
PR HT IR R 25 A7 L g 31, Li 5 NP Hy
T 25 BT B 5 RN R 2 7K F 4E (class activation map-
ping and deep level set, CAM-DLS) 5 5, 45 & CAM
14 IX 38 06 747 8 55 DLS 193 15 8L, DA T o o Ay b
3R o e B SO FIR AR A S
PG i Ry DU A3 o ik 750 25 4 R 0 L S UL PRI R
MR ) AR AR/ T o EI R R S )

Almajalid 4 N\ & BLAE L LE 1AL T, U-Net A
AR 0 380 e e DX 3, 3 A Y0 38— 2 B DX, 1) 4
o K SRR BH M DX b S g DXl R A A
3 HPR R S PR v e R Y DX S A 3D BR 2
BT MERS L FEEERE | Sannasi %5 A\ T3E T U-Net iF
17 ok, v 44 SKMAT-U-Net, ZBERIZE S T
EPEME N #% (selective kernel , SK) Fl i 25 H1 ALK A
T ] A 2 I 2% 1 RS BB A A8 e o L P e B
NS — B [ 8 5 A 5 7 A% 8 A2 IR 4 2% R S
fitlt b 48 BT DA T 40 pR R, A0 T L AR A
BB 1Y) 09 265 450 2 (B, DT 2E — 20 5 T o A
5 — T T AE H, Byra 25 A "™ di B U-Net 114 2 3 it
Y-Nets XJ 3|, 5 I R - A7 K & 20 FI M2 26 o %5 fl
FHAL & T £ T 41 800 3R 0 45 80 10 S 4 s
(radio-frequency, RF) %4l . Y-Net 22 #4 & U-Net fic
&AM 53253 3, R HIK H U-Net ol B iy
FRAE 38 3 VR A 1D 1 2D A5 FRIE I A DA T A7 20 i Ak
P RFFCHE A0 RAE B o H RRBRCE M LR U 1% T4
1 35 22 ),

Ragab % \"FF & | # & EDLCDS-BCDC (en-
semble deep-learning-enabled clinical decision support
system for breast cancer diagnosis and classification ) A9
2 G 00 A A A Y A ] B gl W 532 (chemo-
taxis krill herd algorithm, CKHA) FI Kapur i £ A 4%
4 1) CKHA-KE Fk it gy S o ) % ikl LSS &
L R 00 5 R AN Se 3 e FR AR, DASS B
T 2 Jor He 9 O B AT o SR 7 B o 4 J22 ™ e L
97.09% 1 5 1o ME Ay % 1ok T BT A A A e E Y Oy
%o EDLCDS-BCDC A 4 S 1A i 2 4n 151 5 s o
323 FLMRE NG R
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P15 EDLCDS-BCDC B I 44 i F
Fig.5 Overall process of EDLCDS-BCDC

() E R 2 g 53 2y R B8 . Han 58 AT
fifi 1 GoogLeNet 45 FX #ft 25 I 2% 3#F 17 i 83 (R 2% % 43
2, M2 2t ImageNet T Il 25 J5 dE A7 G001 , e & LA
T 0.951 AUC, Kaplan %5 A58 S 1 X 48 7 & 4%
#E4T BI-RADS 454 7r 2 o AR B AL 4 7 8 — IR
R AIE A 7% (pyramid triple deep feature generator,
PTDFG) 5 =~ & T 1T %% “¢ ] 19 #0125 M 2%
(AlexNet \VGG16 I VGG19) 45 &, H T2 MUk i
RRAIE 3 £ 1000 45 B 4t fie K Y PTDFG A= A i 4
fiE, I 4 FLAL 26 2 SVM #4750 25 0 i i )= FR 14
TETHEA B AN BN, JUH X T BI-RADS S5 4 1Y
EZ =S (N

R 7 BPE 1% (elastography ultrasound, EUS) 1]
DL s (R I 45 e A AL 2R R (R B . S A
BA, B EAE Rt A T X R
MR . Ding 58 ATIZERLAL g | A EUS £l , OF
HET ResNet M 2% i 47 ek , 1 1] 46 BUZ F 42 Jap oF- 1
1k (global average pooling, GAP) Bt 4% #2)2 , JF
BT A WG W 4, NGE TE G 2 ROBEAS — Bk
PR H 24 2] W /0 T B AL R EUS A% 2 2 [H] 11
AN—FE . ZR A B T AU Rk 7 b v A i 1A
HEAT LAk, T 7 0 R A B 2 0 M R, O B
I RARAEIKHE o Jabeen A5 A TR FH TR B 24 ) R g (E
Tk BEFRAE A B HE S, A DarkNet-53 5 B 4 Jey oF
73t Ak )2 v 4 BORR AR, A T T80 2541 3F B (re-
formed differential evaluation, RDE) Ml 2k #F % JK Ji
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KN fe A5 B I RRAE 48 107 R TR s 1B ALY
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Table 5 Comparison of algorithms based on ultrasound images
Sk R 1155 ik Bl ke R 4R
Balaha % A\ 2022 JRAEREIN 43S CNN+GA BUSI % #i 4k ACC=0.916 2
Zhang % A\ 2021 frl A L #7+YOLO Jent s AR EBE SEN=0.88
Zhou %5 A 2021 AUl Faster R-CNN Jemt Rk AR EE B SEN=0.950 6
St YL AR PR e | f AR A I ACC=0.93
Malekmohammadi 25 A™ 2023 ikl Bi-LSTM ol R AR ST SR AUC=0.97
SRS oL '
Han %5 A7 2020 fidksyrEl GAN DU 254274 16 e Dice=0.8712
Dice=0.773
Li% A 2002 WHH 4% Deeplab3+ LA R BB Aeomt 048
Almajalid % A 2018 syl U-Net M REE R R M@ Epe Dice=0.825
Sannasi % A 2022 JRASSTE] SKMAT-U-Net — Dice=0.929
) Dice=0.64
Byra g A\ 2018 i rEl 4325 Y-Net — AUC=0.87
Ragab % A1 2022 R4y E] 43 CKHA-KE .CSO-MLP Baheya [ i ACC=0.970 9
ACC=0.792 9(/\432)
Kaplan % A1 2022 BI-RADS4}%  CNN+PTDFG.SVM Adiyaman il 855 I B ACC=0.804 2(115¢)
ACC=0.886 7( FLEME432)
Ding % A\ 2022 sy ResNet-GAP M Rl EE B ACC=0.886,AUC=0.936
Jabeen &g A\ 2022 sy DarkNet BUSI 44k ACC=0.991
Raza % A\ 2023 B 432 CNN BUSI %4 4 ACC=0.993 5
H: “—" R R TCHURE s SEN (sensitivity ) , 53 ¥,
#6  JE BN R RES
Table 6 Summary of algorithms based on ultrasound images
4 3k FEEE R SR PR
[61] B3I CNN R (4 250 G T RS T R AATE A ) 54 42 R4 7 50 UE
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WA, 22X L 1S 5 % e 3R 14 (dynamic contrast en-
hanced magnetic resonance imaging, DCE-MRI) fifi #&
F E] 79 4 B8 41 Ak MRI T 810 0 4 3 388 o 1) 1 o 4
AT AT MRI GO TR B 2 2] S T Bk v, Aoy
MR K 2 B0 % 2 > Bk R Sk 2D RME A 1Y
fiff DX — B A — b 2 3D IR %45 2D, 4
WK 3D MRI 43 B 2D Y 7 U VB8 i S5 K% B 405
(maximum intensity projection, MIP) #4 & 2D % 7r ®,
Adachi % A " i Ff] RetinaNet [% 4% > £ il DCE-MRI
H1i MIP % 2 , RetinaNet & F T Focal loss i 2k pR %K,
X ARV RIME R REAS AT 2 1 5CTE . R 4i7E DCE-
MRI 115 MIP % 722 6 0 A2 W 7 TR 00 T i PERE S
AL BT R, Ayatollahi 258 ™l 3 itk 9 3D
RetinaNet £ 51 X i P T1 AT 51 #4732 s 4 B
[ A — Ak R 5Y o ABE U ) FEE DA ASE 0 o A8 R A T )
SRl TR DR fE DA T ARG 0 ) A X6 A /0N 1) 3 A8 LA
JeFLIR P EB IR VR 25 R XE DL IX 43 1996 7% . RetinaNet 58
TUAE Ry B2 RS I 2 , T[] e i (4 P O R
i FTE 1) GPU N7 o

Zhang % A\ ®{i Jf] Mask R-CNN {8 & # > MRI1 %%
s ARG DU S s A (R 22 B o DX A T oA 1 PE
P, R B, 1 R A I B G T BE s AR i AUAE 1R N
ResNet50 5 A (4 A, THE G PERER , T BR T 249
80% M BH P o AEGT T Fieb B g A8 18 4G T, 32455 78
A fRpiE— 2P
3.3.2  FLIEMRIE& 5 5

55 H At A3 F 18] @A, T DCE-MRI 9 FL i

Jed 43 ) DL A 45 AN S [ RS B S
RYE NS, AL, Zhang %8 NP2 H T — AN HE &
S IEFE I HELE . 4B AR 4% (fully convolutional net-
work, FCN) 155 %1 7 5 3D FL AR 8 A Sk 154~ BR 11
Rol, P4 Z: K% A DCE-MRI [E 4% (IR 98 5 . He
U AEZ BT T A G 1) FCN ASE 76 X6 20, Jig Jiek 98
17 ML 3] 40 19 43 %] . HML (mask-guided hierarchical
learning ) HE 42 G470 2 40 151 6 T 7R o

ST R B PRGOS T g R R M Lu A Y
REAPUIG PR B2 AR 1Y 52 B iz Wrid A&, 4 HI 5L 55 MR DY Fif
UG (TLINAL T2 AL H B AR e THRIVE 7
1) UL K DCE-MRI Z: 504 U-Net 8 81 3 17 91 25 5 )t
Ah AT FAR F 5 AR E R AT X
J7 A8 R T3R5 T & 1 G 53 BE R . Yue 55 NP7
U-Net # B e 5 5% 22 B8, 32 1) T — b Res-U-Net
BiAY, Res-U-Net AB 6% A 250 5 IR N 48 )2 IR 301 =
Bk Z2 FUR BE 4y S, BT T 7E K 24 10~15 s 1 B[]
NS A 343 #) . Carvalho 258 A PU 1L 4% T U-Net
SegNet % Fh 42 ¥4 7E DCE-MRI 4] F w14 i3 43 1 AiE
J1o BGEARR 2D U1l A T8 i 3G o . PR 4L
T4 1257 T 8% AR i 11X PR A5 v 1) 95 722 2 40T gt B 21
21, H SegNet ZEAg R I T AL, H il X TAH 58 U
2D YJ F AN A2 3D K A A i A | 3 23 Z W g Ul
Z ARG . 55— 3 TAE b, Bouchebbah 55 A\ *i¢
H T —Fh 3D A 37K 1% % J7 % (3D automatic levels
propagation approach,3D-ALPA) , 1] 52 ¥ & - 1 il 2
Jieg o3, B S 2D H UL /712 (2D-ALPA)

Fl6  HEMEHS SN o7 o) HEAL B AR Jhi P

Fig.6 Overall process of mask-guided hierarchical learning framework
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BAYI R 43 %1 3D MRIEUG A (4 e, #1206 U0 i 1
3 RILL R U 1) 3D KR BR o %5 L BE S A BURS I 1Y
1) {1 Sf A 3 3 i g 1) PR S TP DA B I 34 i e
5 R A 20 o S R R, DT e 1 43 A o A
PR T E]

3.3.3 FMBMRIEG 2

IR R R P R ZLIE MRIEHER, Liu 88 Y
P T — Bl 2L T ResNet-101 2244 1) 55 Wi 24 > 7
2, SR MRIER 3T EATIEAR 1A &AL
AUV A A, B 2L i g B8R 1 R MG 78 Y Rol, axX
TR AL T S A O I R S B, S T R A Y
rEMERE . Jing 48 NP H 3D U-Net A= il 7L b7 X 35,
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ol FH B — B 1 o XU AR 5l B, X5 T
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R T SBR AR BI-RADS 4514325, Verburg %5 A
AT T SR B BCE LA MIP R 55 TAE
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19T e AErERE . MR STE N 7Rk H B 2 E B
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W L9 95 B HE AT 0 Y 43 2 0T LUTE S T
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5 0 o | 2 DA (T N = S 7 N
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A 5¢ v, Zhang S5 Nl ] A R B 00 12 I 4%
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DIER PR DCE R B F 5 m Mk, 545
CNNAH LY, 1% 7 U T 3 S RS
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ment, BPE) J& 45 #f Ik 1 i 3 5% 77 5 1E 3 2L IR 4 2L
A SR 00N R T 2 M A R I A A 1 SR
SEPE BPE H 8l43 26, Borkowski 55 AP ZE T TR
JE 25 B A 22 W) 2% (deep convolutional neural nétwork,
DCNN) , {fi 1] VGG16 M 2% 1 A il 73 1E A FL IR MRI
(YRR 45 R AR AR D 4328 (AR L 2 B L b i i ]
WOES hRM R4, 7E LA L, Eskreis-Winkler
A N H K - means S8 XT FL 5 #4741, £ B
O R Bimg) 58G9 = A MIPCar B A E

L R AR B = Al R MIP) IR R i A I A
T 25 B T B — b v il ) 987 MIP I 25 A A
AU BCUE R T 5 207 32 104 I R AH 56 5080 4 A A7
TFE MM,
3.3.4 AL MRI PG LI 5 b L4

AH EE T HoAth 1% X, TR 2% ) 255 MR
FHE B ZFEPE, 0 SCHk[95,99] 45 /198 T BPE P14 . ¢
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(5 1k T PERE Y Lo 26 7 /s o A X U-Net B R
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78, i 18F-g8U 1 U407 45 4 (18F-FDG) i {44
A LIRSty R A s RO o R, TR B 2 ) R SR
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HIRLG AN T F FL IR 9, PET/CT AEZUIR I b i fff
FHE HRAE R AL AR AR (Ui X Zedise 7S |
MR [ 78 , DA 4L BT A g 1) AL

18F-FDG-PET/CT Bl T~ 2 Flt 3 1k b 983 #1444 A
A3 WRIIG T Sehl B AR SR, AR 2075 BiF 5% 4
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i) PET MIP E{%, — A U 0° 1) MIP #4711 25,



EF—A %: BEXIELRBEBREGE PR N AR 313
H7 I T MRIEAS 310 b4
Table 7 Comparison of algorithms based on MRI images
SCHk G0 1145 ik B A SEIRPEAY
Adachi % A" 2020 HEAEKG I RetinaNet AR BRI R R A B B AUC=0.925
Ayatollahi 45 A 2021 JRASK 3D RetinaNet Eﬁ%wgwwéﬁ%%%mbmsm¢w4
Zhang %5 A 2023 P A3 xxiiNN TN R R 2% 55— B ) 12 o SEN=0.92
Zhang % ™ 2018 iR 4] FCN VA CTES Dice=0.72
PEp s S
LudE A 2019 EE&M&%L CNN . U-Net RFETT PO 7 B e B R ACC=0.942, Dice=0.865
Yue %5 N 2022 JigRa oy Res-U-Net rP LR TR AR — B ) I e Dice=0.89
Carvalho %5 \® 2021 JiEE G SegNet,U-Net DCE-MRI Dice=0.976,10U=0.953
Bouchebbah % A ™ 2021 JEg oI 3D-ALPA RIDER %4542 AUC=0.87
et , S (o A A N o (3 S TN & S _ _
Liu &g A®Y 2022 filhbesr ResNet-101 1SPY TRIAL MRIchitdle AUC=0.92,ACC=0.942
Jing % 2022 RS EI PR U-NET .ResNet-34 4% % T MR 22 BE 2 Pl AUC=0.81
Verburg % A\ 2022 BI-RADS43k CNN — AUC=0.83
o - - ACC=0.79(CNN)
Zhang % A1 2021 S FEAL CNN.CLSTM ACC=0.91(CLSTM)
Borkowski %5 A 2020 BPEiTff CNN — ACC=0.75
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