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Abstract

Aiming at the problems of low detection accuracy and high false positive rate caused by low con-
trast between breast mass and gland, a breast mass detection method based on improved YOLOv4
is proposed. Firstly, Pyramid Convolution is introduced to extract the input features through con-
volution kernels of different sizes and depths; Secondly, the ordinary convolution in the original
feature extraction network is replaced by Depthwise Separable Convolution to reduce the net-
work training parameters and improve the network training speed. The experimental results
show that the sensitivity of the improved YOLOv4 algorithm on the test set is 81.49%, which is
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2.81% higher than that of the original network, and the AP value is 86.85%, which is 4.27% higher
than that of the original network; The average number of false positives per image is 0.418, which
is 0.028 lower than the original network. The detection performance of the algorithm is signifi-
cantly improved compared with YOLOv4.
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1. 51§

T, FLIE CA A R LR WRAE, B I ot 5 S A e 1 1Y) 30% [1].
FUIME R R I, FHAVRTT RIR R T FUIE I B0EE . R, R L 07 2 FUIRE VA B 42
FHiv o . FLIR x 2k UGS FLIR 50 2 B i DL e QA il 77 3% o AH R T FLBR I 5 AU IR AT LU R IR,
FUIRM A, B EAHTAEZEEE D LI E, Sl Biliet. SRS,

bR R, THENUE B2 Wi H AR (Computer Aided Diagnosis, CAD) )72 b F7E = 24 RUE ) b
b, BT ERAM TR, JF B RRED T ERAR KSR F AR FIMER 2], T FLER I S
WL, AR R )T ZR R LSRN, XA, BES#IETE, EAR x -G B
BN R XI5 o6 FLEAT R 22 it e BEAE IR B 22 ST, S AN 2 7 ik ke, BT IR
SR FE G RI T F RS, B AT 00 U R I S R EE RS, RN
W Bk 5%, 207 e AE MR B AR R E R IRHE, SR 561X S ME BEAT 23 2 I [0l U H An iz e HE
8, HAAE0E BARRRTIIAE LA R BAS B . R EEAERA R-CNN [3]. Fast-RCNN [4].
Faster-RCNN [5]45, ZBEER MR EHRIFED, EHENELEE, S SRENHRX D%, BA
SF[6)HEH T —FhEET Faster RCNN (1 7L M At oA Sy, USRI IS T HUF a5, R SRk A BH 1k
NI K o Z8 RN BUR IR L, 12K A v R Ak g [ U i) R, — ol 381 i %) H A A 0 4
i WREEAREST SSD [7]. YOLOVI [8]. YOLOV2 [9]. YOLOV3 [10]%%, iZHEVER MR, HH
X/ B AR AN BBUR . B SE11TE T— PR T YOLOV3 FRUIL S B R 1 L e I e il v
A L P R XA DN A A e ) 25R

YOLOVA4 [12]AHX T Z BT B R FIM 2okt , HAh-E 1 2 A B TR, A Aar A FE ARSI B A e
T ER I AR T FUR P P EAGOR UL, I B e iR ), 5 B0k RS PR AR R B 12 2 = () I R, YOLOv4
A5 75 B — 25 (1) SSOFE AT 2 FLBR B B A . A SCX YOLOv4 SRR HEAT B0, SI NG F I E13]
(Pyramid Convolution, PyConv), & FFESEHCAE 7T A58 F IR BE T 23 B A A7 AN B LG I 288 R U AGS 32 P T 42
T, KUEEEFRCNES IS E. SLIRas RR Y], Sk fE 1) YOLOv4 M2 Rl Ag FE 32 7, ~F 254 A
(EUER Ry

2. YOLOv4 Mg L&

YOLO ZFMEEANE T HFBL 2%, BRI [BIA K70 AR HEEAT A I AN 2028, 2 — o £
(IR PR 2 o 12 28 81 X288 K N (0 BB 20 U Bt T A%, RS RS S ST I AR IR R A% KAk, 354
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D E AR TEAE B WA, T % At B0 SR I H bR, IR iR IR AR T T AR IGEE . YOLOv %
GoogLeNet &1t £ T M4, FEKEFE NN, BEEERHEN BBox WA EAZKAIEATHIH, BHAR
YOLOv1 Aid e, (HILX/N H RIS A LF . YOLOV2 51 N T anchor HL#, 5|\ 7T Darknet-19 1
NEFML4 . YOLOV3 5| N T Darknet-53 1E R EF M4, FHIINT FPN #H7Z RPEF, SHAFRE
POREAE EIEAT A T, 32 7 /N H AR R RS 2
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Figure 1. YOLOv4 network structure
B 1. YOLOv4 M4&LEHE

HEF AL, YOLOv4 [T M2 EE MR ZERHEZ ML, XK ZEIRAE YOLOv3 H Darknet53 ()%
il EHEAT T80, 454 T CSPNet [14)45 K41 AR, CSPNet 525 JF R IR Z Bk T 177y, 3404k
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SPP S5 et £ M 4 i Ja — MNMFIE R G I = AL 34T e oKtk o Ak A DOl oAS )RR (1)
WAL Z, WAbZERANDHIN1x1, 5x5, 9x9, 13 x 13, SPP Z5 Al DL 2 b i gz BF, 7 B %
(R SCRRAE, I HAHAS I E J Lm0, PANet 25 AR, LoRFE, FEERE, N REERIERN
R4 T EE ), BT FPN 450y, #EULIERE B XX T — MR ES & ZEE, RS R EER L
fEidh, PEEIREEEMRIHZE. ik PANet £54, AFEZZRMRHEE R G, PR e
1IAE 1. YOLOv4 Head £5445 YOLOV3 (R EEAHIA], X% H AORRAESEAT 3 x 3 F0 1 x 1 (HRGRL, XH
AMRFIEJZ ) AN e300 AT 0], FRRIWT R 55 F B br M.
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Figure 2. CSPDarknet53 structure
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Figure 3. Standard convolution structure
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Figure 4. Pyramidal convolution structure
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Figure 5. Improved Resblock structure
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Figure 6. Traditional convolution structure
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Figure 7. Depthwise separable convolution

7. RET 3 BERLGH

.

Maps*M

Maps*M  Filters*N

F
@

P

(b) & AEFEAE

HI, IREET 2 B S LGS B L TSR n 3(8):

Dy XDy xM XD xDp, +M xNxDpxD.

Dy xDy xM x Nx Dy x Dy

4. SEWS 5

11
_+_
N D;

Maps*N

®)

A SEIGAE Windows10 FI3AEE R 5, tHEMLNAEN 16G, CPU M Inter Core i7 9700 3.0GHz, GPU
N GTX2080, ZA7 N 8GB, fliHIFF AHESEA Pytorch, 4iFEii 5 N Python. [} %35 T CUDA10.2 #%

cudnn7.6 LA HF GPU i H .
4.1. FiEE

ARSI ) KR 5K FH Y] CBIS-DDSM [ 16| 7L IR EE &2 , 124000 B 0 v 0k 2 FLIA R 2 B 1) A T LR 3
$&4E DDSM [17] (Digital Database for Screening Mammography) 5 51 FIbREAL RS,  SL360 08 B R 45
1412 5KEA I BURSEATACBE, i S, DR Ry RddE s, mAS IS A M RIS 5648
ik, o 4760 FRAEAZREE, 888 TkAEAMIREE . ASCEUE U@ labelimg A #EATIRE, £idh

B B B ] 8 Fra e

¥ labelimg F:/data/mass-all/00009rm_rsize416x416.png

File Edit View Help

Figure 8. An example of one labeled image

B 8. HiEiREE A

Box Labels
[AEdit Label
O difficult

L —

mass

ass-test\00328rc.png
est\00332rc.png

est\00342rm.png

5t\00347Im.png

est\00354Im.png

est\00363lc.png

st\00370rc.png

st\00385rc.png

e51\00389Im.png

est\00518lc.png

est\00533lc.png

est\00629rc.png

est\00636rm.png
F\data\mass-all\mass-test\00644Im.png

Fi\data\mass- ass-test\00726rc.png

< >
X:327; Y:-53

DOI: 10.12677/jisp.2021.104021

198

KB 51E 5 A2


https://doi.org/10.12677/jisp.2021.104021

PE, BIE

FUIRAHSE B R S RS R Z A& T/ B bR, MR R) YOLOv4 Bk SR AR (1) B HE K /) i i
COCO HHERIATRN, MeLUEFHASCHEAEE, FIh TR 2B /A A ST H bR GIHE, 7EI1%%
Z WA K-means X HAREHERATRE . SHOAXE T, FRBIMK AT, MAEGR
WHE 416 x 416; LU — RN ER BIRFEAL, & RRNERBIZRNERE, #ES] GPU KN
17, HLRBEN 8: Epoch X UIZRAERI A B AT — e B M ZR, WRIBEIREREARE, ®EN
1500 %) B2 5 H IR 22 IR AR FR A 25 24, FSRILEREAR I, A B2 — MR 2, #
a5 I R E N 0.001.

4.2. FHAIEIR

ASCHTR PR fabr 4 : K52 (Precision), U (Sensitivity), “FIIREHHIZ(AP). LK P55
i B F 4B FH 74 4™ % (False Positive Marks Per Image, FPI). #BUSMEH RN IRIZ R, FPI RonbHiE BG4
I EANE, A P-R (precision recall) M &k PP KIZR G PERE . THEINEIERFR, H, TP RRH
Jr e BRI I B, FP R Sl B AR, FN R R Pl k. tesh, A
K Times Z Ao B 5k B i 75 A B 1]
TP

recision = 9

P TP +FP ©)
TP

sensitivity = 10

Y TP+ FN (10)
recision
AP = Zp— (11)
n
FPI = FP . (12)
Total number of image

Times = Total time (13)

Total number of image

43. SEWERS S

ASCAEANRN ) TR E AT SRR XT b, A BRI R W 1. IR 1 v RLE K, YOLOV3 “F
PR PATE 0.629 /N, BURYE 77.31%. YOLOvV4 BIEERIKAER PV 0.446 4>, BURNER 78.68%. AL
BRI R BAYE N 0.418 A, MHECT JE YOLOv4A M8 I8 /0 0.028 41>, HBUBE N 81.49%, AR T R
#8415 2.81%. YOLOV3 H1 YOLOv4 5k EHG Al it (8] 43501l 9 0.014 F10.026 A< STt 53 B sioAs Il it
[F]4 0.038,  FRARCSE S v P B R ) B R IR T S 9 %, {ELJZ: FPT DA S RBURR PR AR T T IR 24 2 Wl 2 4
Fto PRUMA SO S AR AT A /D R B B) PR BT T, AL 1k R A S A PRI R TR

Table 1. Comparison of evaluation indexes of different models

1. FRIEEEITNIEFRITEL

A R BH /AN UM% Times/s
Faster RCNN 0.881 80.76 /
YOLOV3 0.629 77.31 0.014
YOLOv4 0.446 78.68 0.026
A 0.418 81.49 0.038
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