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Classic YOLO Series Target Detection Algorithms and Their Application in Breast Cancer Detection
SUN Xin, WANG Xiao-Yan, LIU Jing, HUANG He-Xuan

(College of Intelligence and Information Engineering, Shandong University of Traditional Chinese Medicine, Jinan 250355, China)
% \

Abstract: At present, breast cancer, with the highest annual incidence, has replaced lung cancer, and the target detection
technology based on deep learning can automatically detect lesions on non-invasive imaging such as mammography X-ray,
breast ultrasound, and breast magnetic resonance imaging (MRI), and it has become the preferred way for adjuvant
diagnosis of breast cancer. You only look once (YOLO) series algoﬁthms are object detection algorithms based on deep
learning, and classical YOLO algorithms have certain advantages in speed and accuracy and are widely used in computer
vision fields. The latest YOLO algorithm is the state of the art (SOTA) model in the field of computer vision, and how to
use YOLO series algorithms to improye the speed and accuracy of breast cancer detection has become one of the focus of
researchers. On this'basis, this study introduces the principle of the classical YOLO series algorithms, sorts out the
application status of the classical YOLO series algorithms in breast cancer image detection, summarizes the existing
problems, and looks forward to the further application of the YOLO series algorithms in breast cancer detection.

Key words: object detection; image processing; breast cancer; you only look once (YOLO)
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11.7 /3% ¥E 4R P9% 1148 (global burden of disease,
GBD) ¥4l FE 4t vl 19902019 4 [A], o [/ L 3L b
RIFARILER—HE FTHEAY, REFRARRES
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A REZE 5 T R RE H AR DX $REE PRS2 1Y it
FFERIHTE AN ZRIE BE ST AT R AE S, DAEXS
FUARIEAT 725 00 F 00380 I 557 500 4% 0 1) 23 2 B kAT,
145 H AR, 40 VI (Viola Jones)™®. HOG (histogram
of oriented gradients)”'%, LAF T ¥t v, FEEUFIEAE
7755 HAE A 2 2405 5 R IR, Herf e 2 0m AR,
AR, TR 2 B AR R BOR R e iV, AHAL
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73 9 B Be H RS I A — i B H ARSI S —
B B E BRAS I S50 2 S AN B, ?ﬁ*@%{b’%izflziﬂi, i)
PEATRGN, 5 WAL EL4% R-ENN, SPPNet. Fast R-CNN
Fll Faster R-CNN 48; [y Bt H bRl 503 U # il i
2, ToTRAE S8 i X 3, 5 WA EHE YOLO #%1. SSD
Al RetinaNet 2. YOLO HIEAE N E A H i Ih i —r
B H bRkl 5092, %k H AR R I & ZE OCE 2 YOLO
RYVE IR L, Hof YOLOVI-YOLOvS 5k H
AARFPEABUZE BN S B #2488 YOLO
BANEVE B A AR 2023 £ 4 H 1 HUSRA T
PEENR IR %5 T & (Wanfang). 1 T 4 S $ i
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MR 225 T 5 A 24 NEFRJZ (convolution
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Conn. layer) FI %%, st 1" R,

YOLOVI f I 38 154~ A 5 T
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245 % bR O TR AE A3 B (18 A A B8 2 1) 5 2 A FIRZHY, obj B object, R i 4 5T H A%, noobj R
x A y)s TR RLAS (58 70 00 B w AT By FIINAE noobject F/RAE AT 71 5t H AR AR H AR, o coord
T PRGN P SRR B3k FUIME JT T £ 288 LA AR f He A 2 (Onf B coordinate, T RALRR, S TR IR AN EL, B KRN R
B C) R BRE SR O L p) BEAT 7 2R ANIs 5. Horp PO A% B TN AE S B, ¢ FoR B AR B2 ).
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Conv. layer Conv. layer Conv. layers ~ Conv. layers onv. layers  ConV. layers: Conn. layer Conn. layer
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Y ]
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YOLOV1 5 RIS A3 Ab 52355 b f5 2 A 1 PR A EMG, D UL R 8%, 18 VA AS I R
PR, AERE HE R, B TR TO — /N HE, BT DA 77; B) TEBRI A W45 5] NHEHE, H-f5 Bl Faster R-CNN
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BE R EEOR: (1) BB A& ES— 2 K =R H K BB R K43 Kﬁ*%ﬁtlﬂﬂﬁ’]’éﬂ[
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1 B AR BRI SCEE, BTG (2) FTAAE & 9, /M"Jﬁﬂl’%l 2 FRT

416 \
3@ 208
104 3&3
52 B
» N 3 3¢—' 26@‘_1 13&1 ) 13y ) 13D
! 104 52 26 13 134 13
3 32 64 128 256 512 1024 1000
Conv. layer Conv. layer ~ Conv. layer  Conv. layer ~ Conv. layer Conv. layers Conv. layer

3x3%32-s-1 3x3x64-s-1  3x3x128-s-1 3x3x256-s-1 3X3X512—s—1}X 3x3x1024-s-1 }xz 1x1x1000-s-1
Maxpool layer Maxpool layer 1x1x64-s-1 ~ 1x1x128-s-1 1x1x256-s-1 1x1x512-s-1
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i, R H KA E 2 J5 ¥ iT E# (pass through) 2,
ALK S FARAE ] 5 5 7 R R KA I DG IG5 7 T Ul
HA KR HIEAR S YOLOV] AH .

YOLOV2 il id 2 O I Zh3 5o A [F R H
FRERFRERE, 78 VOC2007 $d 4 i3t 47 ) YOLOV1
5 YOLOv2 X s ie 2 B, 5 38 LUl & 1) mAP A
P2 1 15.1%. YOLOv2 H% B AE s e e BA R
1, X6/ B BRANGURK ] A T A, (EAER R AR SRR,
2.1.3  YOLOv1 5 YOLOv2 7 Ll se kil i) o2 Fi

YOLOV1 Fl YOLOV2 i385 ¥4 o] 328 21 S A A
SR TR, RN TR AR SR ARG e, 7 LR A
SRR SPAZEN

Al-Masni 25 AR F L R EH ¥ 25 1 5507 S
(the digital database for screening mammography,
DDSM) H & 1 v — 25T YOLOv T A 7L i X 26 &
{5 00 T LS B 2R 5, 1 ol LRI Bk 5 43 2%
H N, E%Wﬁi}@ﬂ@%tﬁ‘f&%ﬂ*ﬁ%ﬁ%, SCRT S R
() RSB REAT W0 732K, 1% 0t YOLO R4 H A AR
i SRR R BRI R, R A AN 43 288 1 A v A 2 4y
A 99.7% 1 97%, Lk G s & N 45 AH L, 12 H:
945 A R S 30 B UL L) b BB 55 AR ), A6 R 4y
FH BRI A $E . [F4E, Al-Antari 26 AU
TR 43 o 2 FL IR X 2 G R AL B &R
g5, AAESEALIHE ] YOLOV 1, 78 2 JE 8045 45 INbreast
rh S FEAAKE FE 9 99.7%, F1 7381 (F1 score) ¥ 99.24%,
TE 43 B 42 73 HF 2 BN 2% (full resolution con-
volutional network, FrCN), 7E /3 i {8 F VR B A £

WX 2%, 75 A [F) B4 45 b S AARORS B2 97%. Al-Masni. |

2 NU'ITE INbreast £ 4 (6 ] YOLOV1 533k B bR
FUBI SR A AELE, 4> BUFAERUMZ L%, ResNet-50
WX 4% F1 InceptionResNet-V88 W 31142, 2£F YOLO
ORI B 2 97.27%, F1 455 98.02%, LA AN
- YOLOv1 Bkt 1% Ge i #& =i Baccouche
2 NI YOLOV 78 413 51 FA N FLIR X 2% BIG B b
HEAT SIS, FRRIE R AR FUIR SR AS . AL
oy FUBRIP AT 7328, 3 R  5R 94% 95%-
88% 1 94%, A I H 73518 94%- 95%- 88% Fl 94%,
I K N AETK 0.62 s, 7R IE EAAT — . W&
Al L, YOLOvV1 53k %2 F T FUNRAL B AS BRI, 7599 4
SEAL AT — R, X A o 2R 22 R B A S
Bl A A

TEA % SO ECR R R AL FIHE T YOLOV2
FR) FL e PG s W B 9 25 SR, T 5L R —: (1) YOLO
F I T, YOLOV2 14 A 75 2 0 L i P %
ST A R VB T AR 750 YOLOV3 S i 4 B U
Q) TR GRS 2, W R4, HiF2 ke
S IRHE R A YOLOV2 3% 1 26 A 42 o0 25
BPRRE R AR 2, B B TS BB S, SEOETR
v ELE HR B2, I 4 L MG P S 0 25
WEFE 43 25 TR, <\

SR E, YOLO RISk i) 5, YOLOVI
¥4 # 5.~ 3K (frame per second, FPS) ik 45 Hz,
YOLOV2 [ FPS3k 67 Hz, & fI1(1% B AL B 11y FPS
o T 3 1 T 1) FPS R A 30 Ha, 7 LLZE 52
I o2 P e R B SHR FEE 0 38 B 3 2 I s
W R P AN A6 R B, % T 7L M R R
e 8 D, A3 G i AR 5 S, RV AR R
YOLOv1 Al YOLOV2 FFANAE R & At FLAR I dE A T A
2.2 ZREHK YOLO EA—YOLOV3
2.2.1 YOLOv3 ki

YOLOv3 7% H Redmon 25 NPT 2018 4E42 1,
H A RETF Darknet-19 F1 ResNet 25228 Hi 1 53 4
HRUR (AR 2 % 4 Darknet-53 fi FUS €5, 45
I 3 . R, AR N E RS BRI i 5,
YOLOV3 il T iE 4 #5 ta , RU FH 1 160 4 0
RIS, HE4T LT RBE, KRR 5k A A 45
5, 1R (R B (R VBS54 E, B TR S
SRS AL H b 10 60 3 T30, 43 5% A 0 £
KO N E AR

70 24 3oF I Bt B 263 AL B %, 90 Darknet-53
BN TR e TR 22 2, 4 M LIS A SR BN F
Wi, LB SRR A, T BB AT 5
VL, 55 HEAT Hot TR A7 205 1 T R PR s
30 %

AN, YOLOV3 S04 K Sk 0 Ak, 1 F 2 47
250721 Logistic 73 K2 AL YOLOV2 BFR%E7r K ds
Softmax, HH1 T 530 A3 E; AME T LeakyReLU
B BT W B B, 1 SRR A (AT 36 1 ;5K
HOn =, (2) FioR, R 377 2, T ) F 34 77 2 i 5
s AR A LB T4 AT 0 T L, 3R P 2 Y
R KIOR B A R4 K5 AT R T B, S ok 7
B 45 B
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3 3
j@ 3@ h08 Ou%ut 1 Out%ut 2 Outﬁut 3
416 416 208 3? 52E l '26@ \
L] L] 104 52 | 26 1 30
32 64 128 256 512 1024

Conv. layer Conv. layer Conv. layer } 2 Conv. layer Conv. layer Conv. layer
3x3x32-s-1 3x3x64-s-2  3x3x128-5-2) 7 3x3x256-s-2 }XS 3x3x512-s-2 }XS 3x3x1024-s-2 }X4

Residual layer Residual layer Residual layer

K3 YOLOvV3 fJM %5248 DarkNet-53

fclj)z + (yi —ﬁf)z]

s2 B
b
Loss Z/lcoord Z Z Iz(; ) [(xl- —
i=0 j=0
s2 B 2 2 2 2 L) 2
s 355 T T AT )

i=0 j=0

B

—ZZl"bJ [¢/10g( cf (1=¢/Yog (1- C’)]
i=0 j=0 3
noobJZ:zilnoobJ leog C] 1 C])log(l C])]
i=0 j=0
S2
- Igbj Z [f’{log(P{)nL(l—P{)log(l—P{)]
i=0 ceclasses

(2)

YOLOv3 fit kA sz L5 (1) #[F.

YOLOV3 BEAE CrAr 8 FE L 35 1) (R I, A 1 P A
ANTEER S, XN B AR AR R B A A $E S, FIE,
YOLOV3 5yEAE M N Sk, R, Fik
5 5 TR 5 ot
222 YOLOV3 7 F.J e kil o iy B2

YOLOV3 5 YOLOv4 SHikal g N FH T MR M4
VS AR o, 7 7L B k0 95 K 1 o
SN PR T OB G SO 9 s AP i —
FhILT YOLOvV3 [ FLIR I E B Sk &3%, R BAH
VE B BN B EOGR X Ik, 97 128 Ay i B A Xk, 7R 2R
A K R I N R FE S 4L, /£ DDSM FK /R 7L iR
X W (mini mammographic database, MIAS)
N TFEREE e, 2 A L T RS 2R PR A WU RS T SR e vy
T 9.62%, AT LARRARAR BH 14 2. 4657 05 5% J\”W%rﬂ"
T E4E RPN (squeeze and excitation, SE) AL
Res2Net HUfX YOLOV3 Hi% (¥ Darknet-53, #5#HH T
SKREREHL I 2 Res-DenseNet [ 4% £ 4t J5 af 155 5 () 5%
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Residual layer Residual layer

FIERTT AN, & %%%Eﬂtbﬂéﬁ YOLOV3 £i mAP
i T 4.56%, (FaPRs e i IERR AL VN PS
I B g I L 201572019 4R FIAEESZ IR X Fi
FITRT 2011 191 J5 46995 11 35 13 586 5K €114 Baccouche
2 \Pli% $ YOLOV3 2% DDSM. INbreast AL A
RN X AU B 3 A B EAT A, e AL X 26
PG AT 8 3 o AR /DN TR B s 33T I 5 B R
PR o B0 R B R 45 SR 0T i B 4 DN A 2 43 Sl
95.7%- 98.1% Fl 98%, XF 45 4k, 1) A6 I 74 B = 43 1) Ny
74.4%- 71.8% F1 73.2%, T YOLOv3 JF 4h #5784
Aly 2 NPT YOLOvI. YOLOvV2 Fl YOLOV3
V5N T INbreast £ 45 A LR X 28 w4 Il 11 43
e, R YOLOV3 kg R, Fm & IAER
H Ki’ﬂﬁ%%iiﬂl’f‘”iﬁj‘&&%%% o1 RUEH T IE
89.4%, 1E77 7l F ResNet 1 Incept1onV3 X YOLOv3
ﬁ/iﬁﬁ%ﬁﬁmoglstlc R %ﬁlﬁ I3 R UWER 2 07 Tl B
Tt79.91.0% H 951 5% 4225 ALY A K £ 7 B T 40
ﬁl’z@}ﬁ 1460 AN Zo PR 1) 4 /S FrdE AR BE I FL IR A 4
X G A5 B, s FU B HE R /S i R A
Filh Yol i2 ) @, $2 Mo ) YOLOV3 B, iR
AN UM B R _E %A, FER A =
HERE 7 A, R B AR RS AR Soft-NMS (51
AR RAEADH]) FEF 5N T DIOU, 45 KRR WHH H %
TEASE WU /I 254 e SR AR T A 308 24 e ke b 3kt B 5 45 1 B AR
2T, mAP 1% 96.1%, 8 YOLOV3 # & 1.8%.

2% I, YOLOV3 FLARI M 2 67 s AT e e fff, 38 ]
iff X 7L 0 Kk AT 20 28, FE AR R /IN B ik DL J S
okt HAA L. Bk UL, 7EXT FLBE R I YOLOV3
HyE BT YOLO R4 B GE V%, {53 5 B 20d
T SRS B hH R S A R S A, A R AT
B st.
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2.3 ZEMERENEE
2.3.1 YOLOv4 Hig:ffik

Bochkovskiy 25 AP 2020 £ H YOLOv4 532,
KM #ET Darknet-53 F1 CSPNet™ 43 () CSPDarknet-53
W25 48, FE13 E]“YOLO 2 42" Redmon [N, F %
S EE: (1) XN EE R B 28 s A s sk . 6T
PO AR AT Y53 5%, B0 7 B0 BGA 73 (cross
stage partial, CSP) HiHk, J-44 ReLU Bk s & ¥ 4 Ny
Mish B R AL (2) B 7RI G F 38 450, iE 38 m—
ERN AN A EE S22y AR PPy Gl ey s
H48 K S 57 BT f1) () I 35 R 38 i D) 445 B R 1Y) R AE 6 A7, gk
— R AL R IR I B

YOLOv4 F kit B AL BV RB AT CIOU #i 2% ik

YOLOv4 #1 YOLOvVS

B, AN T AR B8, 16 R K TR LRI IR L B

1, R b B8 RS 3 HE . L 4D, YOLOv4 FEN W
‘:%2%*é.“?ﬁ@‘yé%%i%ﬁ%,‘%Wwﬁéﬁ&%&z%% ISR
m= 3) i g

2
P (Acérz’ Beir) oy 3)
Hef, JoU4, B) ATAIMIHE 4 5E9HE B 32 LE, 1
1E LK 4, p TR I AR BR IRBE 2, 4., A1 B, "w
A B0, c ®on A 5 B /INIMESE T M 26
KB, v Ao B Sl L=l 4) F(5).
4

v - : 4)

n2(arctan Y _arctan? )
het h

Loss=1-10U(A,B) +

o, we I p® oy SRR BUSEHE 1 S5 R &, w Al b RoR
T () 58 A .
%
Y= U-IoU, B+,

YOLOV4 [ [0 4% B BT IR B8 57 %, o ) 250 0 A )
K87 FE FR T B S 45 R Mt SR 4, SO 5
FEH T, YOLOvV4 Bk AR LT YOLOV3 B,
/I B ARSI 1) S 56 45 AR AR T YOLOV3, AN [A] U
(1 H AR IR 2 A A 3D
232 YOLOvS5 HikMgik

PL YOLOvV4 5 R WA YOLOVS Hikth kk
T 2020 4, FEAMAL: (1) K LI 0 RBREATEL
I (2) NG — EUGR/INEEAT B 4 s, SR AT
N7 7 A TR, S m R (3) 7EM
255 ZA G AN Focus (R AE) BB, SRk BUSR AT 70 HE

)

2 R T I REAE [, 7R REAE B A0 R B /N R AT 5
BCRAE, IO 25 (/] 4 7 85 AL (spatial pyramid
pooling-fast, SPPF) #5tk, k7K YOLOv4 ] CSP 5Lk,
e o B FH I 55 0 2% SELE N I 22 AN S5 R R N o
I 2% 1) BE AR IR il 25 BE 0. L4, YOLOVS Bk
BRECE CIOU ik B = (6) Bt GIOU #i2k,
Aok IN TN A 5 3 ST AR [ 22 .

Lossgioy =1—-10U (A,B) + 6)

o, Wil 4 FiR 4 5 B 4: B3 I AE AL S AE,
C % A5 B (BUNSEIEAE, G I LRy
$514% B E S5 H €A U BYC, IR AR A1)
(non=maximum suppression, NMS) fifi 1% £ & ) 2 4 H
FRRERT, SR T 452 10U LS B B IR A 1 T
A S 5 TRUAE, {554 — 5 0t TRUAE.

IC—AUB
C

K4 FHE 5 HSCHE K52 bl

YOLOVS i it e 4, b YOLOv4 5 i1 /i,
e YOLOV3 £ b BB, LA A (] 37 53¢ S B i
9 %A THAR, ARFS teUltralytics LLC 2 R4, J4
T A
233" YOLOV4 Fil YOLOVS S 7e S % b i Fi

YOLOv4 554 G YEREIRAR, ez s R, 7R3
i JeEs PG I 45088k 7 P 5% %2 . Hamed 5 AP — A
£ YOLOV4 Fyki it AU Bl R 4%, ¥4 INbreast
Hm AL X BUE 5> H 58 BB AR 5 1 BT 5 B AR A B
2, F DA 0 RS 0 ) I A 1, SR L HE R R
98%, 7T RUEFIE N 95%, ZHIEE TR T FHH IR
X 2 UG R N T /N RS J7 e 1& B A R R 22 X 2% 134T
S iE G2 LI ) AL T AZ S NP3 AR & B N
FROE R AR, IR B A 40 & B AL YOLOv4 5
HEHEES, 5 YOLOvV4 JREIREFLR X £ K145
FNEAEEE F AT XS e, SO 5 VL mAP A
95.48%, LR EILIRT T 1.38%, 5K FMGAS IS K My
0.031 s, LI SvE4545 0.012 s. Kim 25 N\ PR g v 4y
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R EUE 5 ARNE BBV & A UL L T B0 A 26 1K 1) /8,
T o o P A 3 AT b R () B e O A AT R v AL
X YOLOv4 AT eeidt, FH DAKS I HE 75 3850 1 2L i
o, EE G I TS/ DL R B R RS 2 T 1080
gk 7L R 75 MR B R AT Sk B, FEAH R 2640 T F o
H: 554 YOLOv4. R-CNN., VGG. AlexNet fll
GoogLeNet iX 5 8 yk 47 5% Lb k56, H A ook 53k
TR R B a1, 1K 94.9%, YOLOV4 JEREIR Y, ik 89.4%,
Vi YOLOv4 LhEHAth JLA H As kil 550k 58 5& A T 7L
e G AT, YOLOVA SRR FLIR X 2k G el
B R 18 B, 7 TR B R RS R0 B e SR AR e 4
i) R R AT A B e — P IR T SRVA I RE. YOLOV4 7E 3,
U 7 A W A AR T O A R, AT E G O
DU e SE A B, A7 AE — 2 ook = ).

YOLOVS 8 87 60, 45 7L e dsr Il 1) 2™ 453k
Su % APUIET YOLOVS $LU:A1 LOGO 42Ky il 7 —
# H bR Bl 5175 YOLO-LOGO, % CBIS-DDSM Al
INBreast 204 4 H LR X 28 G317 FL AR G 000 0 43
B, ZHEIECR A YOLOVS Bk e fn 8y IR X 2k
KGR e, 5 A& 2 LOGO 4244 43 7 75 4 J5 Al =y
A E RN BUR BT R, &5 —F A HF
TE R B 4 5038, HBH MR IX 95.7%, mAP 4 65.0%.
Zhang % \PUR|H YOLOVS HVEFH R T £ b5
FLIRE 7 AR O B, WEE 20162020 K H 7 K
BRIt 741 15 4 25 AR LI 75 A 20 91 1) 2 538 sk K&,
FH 5 28 5 200 184 28 BRI A B0 3 o B R 34T S
AbER, PSR B INAUHE @l & (weighted boxes fusion,

WBF)P BT BT il 4, 338 0078 16 S 4 A0 SRR, I L |

3D ResNet Wil . B63F AL &% A 4038 EHG B, 1% 58
V2 0F P s A S B A v PR AU e, G AN D
U8 IE 2 ) BE A HER 0 SN 78.1% A1 71.2%, HAS
R [ % FL IR AR IS AUAUE R 48 (BI-RADS, breast
imaging reporting and data system) %5 &% (142 & 1M $& 5.
2 AE APV T YOLOVS 542 ) YOLOV5-EA
SR, NN BE AR R AL, SINAER ARG AR, I
f§iH One Cycle % > Z 1 8 5 0% iU CBIS-DDSM
HE 7R X BB BARFEA D . MRS 2 R A B
B FUARIE TS 5 AR AL 20 L FE AR S5 A AR S B
ST 0 7 e ARG P ) A, AT LR X R R R i B
S R HERA 25 IR B T 93.0%, 88.4% Fil 88.1%,
HH e 51 5 Faster-RCNN. SSD. YOLOv3.
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YOLOV3-Tiny. YOLOv4 Fl YOLOvS #EAT 5%} b S,
' YOLOVS-EA fJ mAP 75, 15 89.8%. Meng %5 A
B ot L 3 A 39 i B L 4R AR Xt L e R AT R
K, WEE T 2017-2020 47 (8] 310 151 £ 35 1 LR G IL 4R
K%, 7% YOLOvSs, YOLOv5m, YOLOv5] Ail
YOLOVSx iX 4 > YOLOVS T 5y 47 % Lh 5246, &
I YOLOVSs ] mAP f1&, ik 89.4%, H Il # iy, i
91.65%, 6033 FE fpe b, Ak 1.1 ms, HA 5 s A IR R
JS; AR A \

% I, YOLOvS S FFUIE X2k FLIE 5 s
% MRI X 3 o iSRRG RO 0 e, 338 P38 ROURS v 3£ 48
4R, S AR & S R LR RZ A . YOLOVS
(14 4 F 5 3%H YOLOvSs % Bt tE, H YOLOVS &
G ARLR TR AR SR MGk 7 TR, ok eSO i 8 e 7 O
DA B N ARV B R A, 3 SR P A A 2 st ARV R AT
RlEr, VAR 5] AT, DA YL R EE 2 R
Jip A UL B A 25 ) 3. 5 YOLOv4 A EL, YOLOVS i
R, SO AR, TS A 2 P A IR I 2 Rl AL R
BEFER.
24 YOLO RINHMEEZRNA

TP YOLO R AIHE K R, YOLOX!M!,
YOLORM | PP-YOLO %% *1 YOLOv6!*®,
YOLOv7""fI YOLOVS #4454 . YOLOX 55
o O SR A Sk k) oA 02K 0 52 P
BB S ATIB S, — R LRI T B AR
114 45 YOLORSIVEHIEE T — A 24T W%, M
N [ FE 0T PR, TPV s R 2 T, 7 S
FE - H AT B AT PP-YOLOV1 &95:M1 PP-YOLOV2
HPSELE YOLOV3 (Rl FARAR S, WIfEi 5 ES
B SR LA AR 15 Dl s K3 THRS E ; PP-YOLOE
BRI ) R R o O e A LR R i, ml kD
Tolk A= 73K, YOLOV6 SN T RepVGG 4 #14,
FAE A STOU B 2k sk ), 72 MR B 4 1 R P KL 4T
YOLOv7 Hi%EAE YOLOVS By f)EAl A T E-ELEN
gEO RS HE Nt E, R TR
5 RS, YOLOvVS Bk 2 5# YOLO &%, & H Al
1) SOTA Bk, KM &1 F- M 2E T YOLOVS
OHTRAS R CBS ik (SRR C3 #isk, tHERZ. BN
2 e O B B4 ) 1 ELEN R 5 3 f C2F Hi sk
(M~ CBS #3t. Split )2 PL & Bottleneck #3242
), il 5 fr.
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i H AR SN A

CBS || split
| module || layer

Bottleneck | CBS
L modules 'T | module

K5 CoF iR

5 o CBS fE IR N 3x3 BK A 1, Split
JZ 1 Transformer®™ ME 243, — 4 Bottleneck fH
BRI N 1x1, 5K 1. YOLOVS HiLHTHE A
AR R 3 5 5 AN RO

Bl YOLOVS UG ) HA 5092 41 He i (a) 02, i
ME/>, BAEAN S REDRN ., T A S
W MU HREN . NG SRR S5 s A
6, AFTE FL I G I H (%) B2 1 A T e

3 RgERYE

B 26 0t YOLO S0 6, 3 25 S ft
EASITHRTE. 2200 Y OLOZR BB HHE 32 Sk i 1
FLARFF KT I YOLOVI 55 YOLOV2 Bt A
e, W A 1 IR 68/ LR K 931 I A

2, TR FL R G AT ARG D B 2 YR s /N B A,
il 5. YOLOV3 AERZREETE, WA Rl B ARk
RZIX — [ AT AR B, AE 45 AR T AN s, H A5
ALk YOLOv4 5 YOLOvS BN, BNMEA A RA
R JETTIA). YOLOVA 5 YOLOVS SFAe I v iy 2 o,
bR, BN T 2 R ARLK /N B ARSI ) 5, A
AR AL R, sk 1 FRt

PASCHR [331LA 2 3CHik [54]H YOLOV3. YOLOv4.
) YOLOVA Il YOLOVS [t SRS A6 7 AL 5 it
KT LU TE R YOLO 2 SUEHE S35 0t 7L
A 23 25 o, B T P IE 75 e 4 8 47 S v
IS5, BTG B BT . Al . PO AE. ]
B O RS R A 6 7 T B
AT ot 1 sk DA 38030 4 ) LR A AR o L
P ey B AT R AN o A W 45 R n P 61 B
7, YOLOV3 #l YOLOv4 JR UG5y 06t /N B i b f 5
I LA 995 AR ) 2 R 22 . YOLOvS AT 1 /s 24 L i
P, S0 i UL F b B A i 1R 51

#£1 B YOLO BykirtEnt b &

ZEAERT mAP (DDSM

ik ZEZ g R SR Py ) FPS
. R, HAEH N 2 )R, S/

YOLOv1 24Z M RBETR, S5 R bR 2651 b 2% — 45

YOLOvV2  Darknet-19  JHJER, &5 TE AR, X/ B A 141 B AR 8O = 49\ — 40

YOLOvV3  Darknet-53 REETR, Bk, MR & Xof /I E AR SR 5 2 3% 0.875 35

YOLOv4 CSPDarknet-53 #EEPR, HERZ 5, REER, SHER SEHBONTUAR, REEN - 0.897 38

YOLOv5 CSPDarknet-53 J#FER, HERGZR &, BRI, B MERE L %YOL0v4ﬂ¢bzﬁ %ﬁﬁﬂl' 2 0.884 85

(a) TV BRITbRiE
i s .

(b) YOLOV3
a0 e B

() YOLOv4
G 0 e B

(d) YOLOv4
Bresiac AR Salll]i e

(e) YOLOV5 (f) YOLOVS
TS fh s A i e

K6 YOLO HiEtalss R

DA H W R 258 BB B YOLOvI 5 YOLOv2
CUANIE & AL BB A YOLOv4 il YOLOVS 5
YOLOv3 #H bt B 3 & FL M B A, b, YOLOvS
TN 25 R B 4 AE R YOLO B3k A6 W i 75 3647 1 )
PR AR S0EE 4 R EAS B e Ay U AR

YOLO S 75 FL e PGk I v 3= 2 3% T4 B

CW RGBT FURE AL DL Rl & HAl AT FL
JiREE AR AR AL 7 SRIX 3 AN 5 T (AR LB SR AT,
A2 FL e UGS I N2 o H AT SRAFAE LUR 3 A [l

%, YOLO RHNHIE LR N7 5L F AR L T4
Xk U Mo PGS T e T, W THEAT B PR Gt H AT
TR FEN G0 B YOLO Sk EAT 4 5e 0t L sk e,
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DA s LI G (1 e £ YOLO JEAth BiE A A,

5, Hun 5w A TR AL e B SR A
DDSM F INbreast, — 3% 34 [E 4 7L IR X 26 G 2
££. DDSM BE4EA 2620 M EH AHE 2R AR 10480
IKEME, i N R, B, IEW 33, REKET
IR LI X B 4, M A B it S HAE B, A
R i 2 HAS B AR bR i AN ERG . H T ROAR CBIS-
DDSM #4455 1644 A~ 582 X ALHE i A4 4k — Fh
AL 2015 5K EUR, #r AR BME. IR 3 2K,
2 X DDSM 40 £ A i 48 A B R A i, (A8 Rl 2R
4. INbreast 24 HEN 115 L BEH AR, 51k, 45
TR AL IR 410 5K B Fr, 9o A8 PR 5T 4, ARG T,
TRHHE 5 /b FRIE 3 T8 A I K 2 3L e A Ko
Ha0 R Lo 5 RS A5 R OA R At LR R BIR L
FATEZ2 S, LIRS X B A7 7 28 53, 2 PR IO 7L e
BIG B L sk =, ﬁ;—*éwia%{%%ﬁﬁ!uﬁﬂﬁ%%u i
SXof v ] e ) L s A P 7 35 o R S

5=, YOLOV6 A 1 5vk AR M RE AL 5, (H 6T
TR R Jok vy, P38 1 2% TG VR R IS AT R, BRI
PR BRI PR A

[A b, AR AT YOLO 24 5348 5L e 18
BRI () BRI FL, MR AELAR 3 AN T4k 455 7).

5, Gk YOLO JEB AT 78, A kS BF
YOLO SVETEAN A B 37 3¢ v (0 B FH 5 3K, 18 B e i R
(10 L i RGO I R th B2, AT A 5ot P et A R
 YOLO fi7A= 51k,

T, EOR I B E R A B T ER T, WRIT I B S5 AR

REALRAETE 22 2T o B Lok 7L B B SRSkt

7 RS, LR I L L e P (5 50 L
P MGES sl g ¥

5=, SREAE YOLO ik s AL R R 7 1), 3¢
BB 2 B BT % YOLO F 40k U3 FLAR
SR R S T S, A AR LM A R T

SE Rk
1 Cao W, Chen HD, Yu YW, et al. Changing profiles of cancer
burden worldwide and in China: A secondary analysis of the
global cancer statistics 2020. Chinese Medical Journal, 2021,
134(7): 783-791. [doi: 10.1097/CM9.0000000000001474]
2 XSERE, ZEVTE, SKFH, 5. 2020 A BREAE S8 H R .

60 L itZ5ik Special Issue

oo

10

13

14

15

R 25 AR YT LT A E, 2021, 7(2): 1-13.

Yin M, Wang F, Zhang YQ, ef al. Analysis on incidence and
mortality trends and age-period-cohort of breast cancer in
Chinese women from 1990 to 2019. International Journal of
Environmental Research and Public Health, 2023, 20(1):
826. [doi: 10.3390/ijerph20010826]

Rakoczy M, McGaughey D, Korenberg MJ, et al. Feature
selection in computer-aided breast cancer diagnosis via
dynamic contrast-enhanced magnetic resonance images.
Journal of Digital Imaging, 2013, 26'5(2)::“ 198-208. [doi: 10.
1007/s10278-012-9506-2] ‘

HEE, Wi T 7, 4860, S P E eV I i & 5 B2 Fa
fRR (2021, JE50). "PIEIR, 2021, 30(3): 161-191.

Sriram KV, Havaldar RH. Analytical review and study on
objéect detection techniques in the image. International
Journal of Modeling, Simulation, and Scientific Computing,
2021, 12(5): 2150031. [doi: 10.1142/S1793962321500318]
JUNNNE, XA, B T2, 4. 3 TR B AR 4 Y 2% 1) H
PRI T LRIR. 62 K% TRE, 2020, 28(5): 1152-1164.
Viola P, Jones M. Robust real-time object detection.
International Journal of Computer Vision, 2001, 4(34-47): 4.
Dalal N, Triggs B. Histograms of oriented gradients for
human detection. Proceedings of the 2005 IEEE Computer
Society Conference on Computer Vision and Pattern
Recognition (CVPR'05). San Diego: IEEE, 2005. 886—893.
BB, R, RIS, A5 BRI SE o) B H AR IR T
REF 53k, LT 5588, 2022, 22(1): 010307,

AR S, WG, BRI TR 5 51 1 B bR 0
Lib. T EHTRE, 2022, 48(7): 1-12.

Re\dmon I, Divvala SK, Girshick RB, et al. You only look
once: Unified, real-time object detection. Proceedings of the
2016 IEEE Conference on Computer Vision and Pattern
Recognition. Las Vegas: IEEE, 2016. 779-788.

Redmon J, Farhadi A. YOLO9000: Better, faster, stronger.
Proceedings of the 2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). Honolulu: IEEE,
2017. 6517-6525.

Ioffe S, Szegedy C. Batch normalization: Accelerating deep
network training by reducing internal covariate shift.
Proceedings of the 32nd International Conference on
Machine Learning. Lille: ACM, 2015. 448-456.

Ren SQ, He KM, Girshick R, et al. Faster R-CNN: Towards
real-time object detection with region proposal networks.
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2017, 39(6): 1137-1149. [doi: 10.1109/TPAMI.
2016.2577031]

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://doi.org/10.1097/CM9.0000000000001474
https://doi.org/10.3390/ijerph20010826
https://doi.org/10.1007/s10278-012-9506-2
https://doi.org/10.1007/s10278-012-9506-2
https://doi.org/10.1007/s10278-012-9506-2
https://doi.org/10.1007/s10278-012-9506-2
https://doi.org/10.1007/s10278-012-9506-2
https://doi.org/10.1007/s10278-012-9506-2
https://doi.org/10.1007/s10278-012-9506-2
https://doi.org/10.1007/s10278-012-9506-2
https://doi.org/10.1142/S1793962321500318
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/TPAMI.2016.2577031
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20234F 55323 121

http://www.c-s-a.org.cn

i H AR SN A

16

17

18

19

20

21

22

23

24

25

26

27

Al-Masni MA, Al-Antari MA, Park JM, et al. Simultaneous
detection and classification of breast masses in digital
mammograms via a deep learning YOLO-based CAD
system. Computer Methods and Programs in Biomedicine,
2018, 157: 85-94. [doi: 10.1016/j.cmpb.2018.01.017]
Al-Antari MA, Al-Masni MA, Choi MT, et al. A fully
integrated computer-aided diagnosis system for digital X-ray
mammograms via deep learning detection, segmentation, and
classification. International Journal of Medical Informatics,
2018, 117: 44-54. [doi: 10.1016/j.ijmedinf.2018.06.003]
Al-Antari MA, Al-Masni MA, Kim TS. Deep learning
computer-aided diagnosis for breast lesion in digital
mammogram. Deep Learning in Medical Image Analysis:
Challenges and Applications. Cham: Springer, 2020. 59-72.
Baccouche A, Garcia-Zapirain B, Zheng YF, et al. Early
detection and classification of abnormality in prior

mammograms using image-to-image tran\slation and YOLO

techniques.  Computer “Methods “and Programs in
Biomedicine, 2022, 22: 106884 [doi: 10.1016/j.cmpb.2022.
106884]

AL, T, ARG, 55 VR BE S SITE H An Rl it it 5t
2RIk, RPEEHAR S TRE, 2021, 21(30): 12787-12795.
Redmon J, Farhadi A. YOLOvV3: An incremental improve-
ment. arXiv:1804.02767, 2018.

Veit A, Wilber M, Belongie S. Residual networks behave
like ensembles of relatively shallow networks. Proceedings
of the 30th International Conference on Neural Information
Processing Systems. Barcelona: ACM, 2016. 550-558.

Lin TY, Dollar P, Girshick R, et al. Feature pyramid
networks for object detection. Proceedings of the 2017 IEEE
Conference on Computer Vision and Pattern Recognition.
Honolulu: IEEE, 2017. 936-944.

WRE, EAR, S, & —Fh OO S B RSt AL R b
P [ B A B N Ok R (B 22 R, 2020, 52(4):
28-36. i "

W, WA, SR AR, 5T B YOLOVS B3k 7L
Jigtie 7 R R BT AR ARG, 2021, 16(1): 21-29.
Baccouche A, Garcia-Zapirain B, Olea CC, et al. Breast
lesions detection and classification via YOLO-based fusion
models. Computers, Materials & Continua, 2021, 69(1):
1407-1425.

Aly GH, Marey M, El-Sayed SA, et al. YOLO based breast
masses detection and classification in full-field digital
mammograms. Methods
Biomedicine, 2021, 200: 105823. [doi: 10.1016/j.cmpb.2020.
105823]

Computer and Programs in

28

29

30

31

32

33

34

35

36

37

38

39

FA, HEE, F58, &I T BB AR R IE T A 1 o Y
YOLOV3 FLJR B 5. ot 506 i 722 i, 2022,
59(4): 0410003.

Bochkovskiy A, Wang CY, Liao HYM. YOLOv4: Optimal
speed and accuracy of object detection. arXiv:2004.10934,
2020.

Wang CY, Liao HYM, Wu YH, et al. CSPNet: A new
backbone that can enhance learning capability of CNN.
Proceedings of the 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition WO{kShOpS. Seattle: IEEE,
2020. 1571-1580. '

Liu S, Qi L, Qin HF, et al. Path aggregation network for
instance segmentation” Proceedings of the 2018 IEEE/CVF
Conferenée on Computer Vision and Pattern Recognition.
Salt Lake City: IEEE, 2018. 8759-8768.

Hamed G, Marey M, Amin SE, et al. Automated breast
cancer detection and classification in full field digital
mammograms using two full and cropped detection paths
approach. IEEE Access, 2021, 9: 116898-116913. [doi: 10.
1109/ACCESS.2021.3105924]

T, I EH, B, 5. BT Xk YOLOv4 ()30 B ik bk
Rl &l B 34k, 2023, 45(2): 6-11, 21.

Kim CM, Hong EJ, Chung K, et al. Health risk detection and
classification model using multi-model-based image channel
expansion and visual pattern standardization. Applied
Sciences, 2021, 11(18): 8621. [doi: 1033\90/21pp11188621]
Su YY, Liu Q, Xie WT, et al. YOLOZLO'GO: A transformer-
based YOLO segmentation model for breast mass detection
and segmen,tatf()n medigital mammograms. Computer
Methods and Programs in Biomedicine, 2022, 221: 106903.
[doi: 10.1016/j.cmpb.2022.106903]

Zhang JX, Tao X, Jiang YH, et al. Application of
convolution neural network algorithm based on multicenter
ABUS images in breast lesion detection. Frontiers in
Oncology,2022,12:938413. [doi: 10.3389/fonc.2022.938413]
Solovyev R, Wang WM, Gabruseva T. Weighted boxes
fusion: Ensembling boxes from different object detection
models. Image and Vision Computing, 2021, 107: 104117.
[doi: 10.1016/j.imavis.2021.104117]

Hara K, Kataoka H, Satoh Y. Can spatiotemporal 3D CNNs
retrace the history of 2D CNNs and ImageNet. Proceedings
of the 2018 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Salt Lake City: IEEE, 2018. 6546—6555.
NI, sk, 0L, &5 — R LR X LR HAE SR
Bk AN BEAL R S 1-8. http://kns.cnki.net/kems/
detail/21.1106.TP.20221018.1339.036.html. (2023-04-22).

Special Issue & i%5ik 61

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://doi.org/10.1016/j.cmpb.2018.01.017
https://doi.org/10.1016/j.ijmedinf.2018.06.003
https://doi.org/10.1016/j.cmpb.2022.106884
https://doi.org/10.1016/j.cmpb.2022.106884
https://doi.org/10.1016/j.cmpb.2020.105823
https://doi.org/10.1016/j.cmpb.2020.105823
https://doi.org/10.1109/ACCESS.2021.3105924
https://doi.org/10.1109/ACCESS.2021.3105924
https://doi.org/10.3390/app11188621
https://doi.org/10.1016/j.cmpb.2022.106903
https://doi.org/10.3389/fonc.2022.938413
https://doi.org/10.1016/j.imavis.2021.104117
http://kns.cnki.net/kcms/detail/21.1106.TP.20221018.1339.036.html
http://kns.cnki.net/kcms/detail/21.1106.TP.20221018.1339.036.html
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

20234F 55323 121

40

41

42

43

44

45

46

47

Meng MZ, Zhang M, Shen D, et al. Detection and
classification of breast lesions with You Only Look Once
version 5. Future Oncology, 2022, 18(39): 4361-4370.

Ge Z, Liu ST, Wang F, et al. YOLOX: Exceeding YOLO
series in 2021. arXiv:2107.08430, 2021.

Wang CY, Yeh IH, Liao HYM. You only learn one
representation: Unified network for multiple tasks. Journal of
Information Science and Engineering, 2023, 39(2): 691-709.

Long X, Deng KP, Wang GZ, et al. PP-YOLO: An effective
and efficient implementation of object detector. arXiv:
2007.12099, 2020.

Huang X, Wang XX, Lv WY, et al. PP-YOLOV2: A practical
object detector. arXiv:2104.10419, 2021.

Xu SL, Wang X, Lv WY, et al. PP-YOLOE: An evolved
version of YOLO. arXiv:2203.16250, 2022.

Li CY, Li LL, Jiang HL, et al. YOLOv6: A single-stage
object detection framework for “industrial applications.
arXiv:2209.02976, 2022. ’ '

Wang CY, Bochkoyskiy A, iiao HYM. YOLOvV7: Trainable
bag-of-freebies sets new state-of-the-art for real-time object
detectors. Proceedings of the 2023 IEEE/CVF Conference on
and Pattern Recognition (CVPR).

Computer Vision

62 HifZ5ik Special Issue

48

49

50

51

52

53

54

Vancouver: IEEE, 2023. 7464-7475.

Ding XH, Zhang XY, Ma NN, et al. RepVGG: Making
VGG-style convnets great again. Proceedings of the 2021
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Nashville: IEEE, 2021. 13728-13737.
Gevorgyan Z. SloU loss: More powerful learning for
bounding box regression. arXiv:2205.12740, 2022.

Wang CY, Liao HYM, Yeh IH. Designing network design
strategies through gradient path analysis.
Information Science and Engineering, 2023, 39(3): 975-995.

|
Vaswani A, Shazeer N, Parmar N, et'al. Attention is all you

Journal of

need. Proceedings of the 31st Imternational Conference on
Neural Informatvion Processing Systems. Long Beach: ACM,
2017. 6000-6010.

WAL, (1, 2 3CH, . YOLO R4 H A U k0 72
HEE. W ENL TS M, 2023, 59(14): 15-29.

R, i, o DUAT, 55, FLAR X LR SN BY S
BREEAR. TN LR 5 R, 2022, 58(4): 1-21.

TR R, W TR L T RN B2 W RGBT AT [
718 3. B T )7 K &, 2022, [doi: 10.27034/d.cnki.
2gxiu.2022.001094]

(GRo e T HE DI

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://doi.org/10.27034/d.cnki.ggxiu.2022.001094
https://doi.org/10.27034/d.cnki.ggxiu.2022.001094
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

	1 引　言
	2 YOLO系列算法及其在乳腺癌图像检测的应用
	2.1 快速的目标检测算法——YOLOv1与YOLOv2
	2.1.1 YOLOv1算法概述
	2.1.2 YOLOv2算法概述
	2.1.3 YOLOv1与YOLOv2在乳腺癌检测的应用

	2.2 多尺度的YOLO算法——YOLOv3
	2.2.1 YOLOv3算法概述
	2.2.2 YOLOv3在乳腺癌检测中的应用

	2.3 综合性目标检测算法——YOLOv4和YOLOv5
	2.3.1 YOLOv4算法概述
	2.3.2 YOLOv5算法概述
	2.3.3 YOLOv4和YOLOv5算法在乳腺癌图像上的应用

	2.4 YOLO系列其他算法及应用

	3 总结与展望
	参考文献

