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Electrode defect YOLO detection algorithm based on attention
mechanism and multi-scale feature fusion
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Abstract: In order to meet the requirements of detection accuracy and real-time performance of lithium-ion battery
electrode defects, and to solve the problems of complex background noise of electrode images, small defects and low
contrast, this paper proposes a electrode defect YOLO detection algorithm based on attention mechanism and
multi-scale feature fusion. On the basis of YOLOvA4. First, we embed the SE (squeeze-and-excitation) attention module
in the feature extraction backbone network to distinguish the importance of different channels in the feature map,
strengthen the key features of the target area, and improve the detection accuracy of the network; secondly add the
pooling pyramid (ASPP) structure fused with atrous convolution to increase the network receptive field while retaining
the multi-scale feature information to the greatest extent, and improve the detection performance of the algorithm for
small targets; then design a multi-scale dense feature pyramid, on the basis of the three-scale feature map, a shallow
feature is added, and the feature is fused by dense connection, which improves the fusion ability of shallow detail
features and high-level semantic information, and enhances the extraction of small defect features; finally, the
K-means++ algorithm is used for clustering. In the prior box, the focal loss function is introduced to increase the loss
weight of small target samples, which effectively improves the convergence speed of network learning. The
experimental results show that the mAP value of the proposed algorithm is increased by 6.42 % compared with the
original YOLOv4 model, which has a greater advantage in comprehensive performance than other commonly used
algorithms, and can better meet the real-time monitoring needs of actual industrial production.

Keywords: lithium-ion battery; electrode defect detection; attention mechanism; dense feature pyramid network;
atrous convolution pooling pyramid; YOLOv4
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104x 104 N (19,26),(25,28),(22,35)

2.5 focal loss sk ef
LB B B A f)S, Fo A5 3 70 B R S 1 o

EE A, 5 B0 2R 72 b IE ke A8 B AN - . IR
YOLOv4 H- AR I/ H AR5 AL FAE 57 2K b8 K 1)
i EE, 3 BUMUINBR BRI ZRAECR 22, A SCH] A focal loss
1% B O T B SRR 72 A DRAE AR AN i K PR M
FEASE 1), 22 N0 R s

FL(p;) = —ai(1 — p;)* log(ps)- (2)
a,y=1

a0 =47 (3)
1 — «, otherwise.
p,y=1

pi = 4)
1 — p, otherwise.

o p JYREA TR ME AR o 0V 17 2 K, B s IE A
A BB D S AL /N o TG KOG A R A A )
M 038 A AR AN P 1 ¢ N RS 4 il i 1% 1
] A1 -7 3R R 0 R AR, L0 K AT AR 5 70 B AR AL
38 RHE AR 0/ HARFEA [ 40 2k ). A S
o HUE 0.25, CHU3, REAT 2P v W 45 27 2] (I SIOE /L,
ST MRS L.
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3 SEWRSHERGNT
3.1 FEEESERI%

A SO AL 5 5 WK SR AR 3000 B B R A
R BE L B N: Windows 10 #: 1E & 42, Tensorflow ¥4 %
27 S HEZE, CUDAVI1.2, Cudnnv8.1.1, OpenCV v4.5.5,
CPU Intel i5-7300HQ@2.50 GHz, 16 GB RAM, GPU
NVIDIA GeForce RTX 2080Ti.

FH T AR ST G 0 4 23 e R v, AR S v L
NER RN 416 x 416, BB I ZRE X0} G 34T 46
JCALEE. 9 4% 8 FEBEAT 100 YREAR, Fl 2R 4 AN By
B, SR S5 R RLIR T 249 JZ M 48, 1#E4T 50 1> epoch ¥ 175
45125, ¥ E batch size N 8, % 3 N le-3; FE A MR
T4, EAR T 4 1) 50 4> epoch, ¥ LY B batch
size N 4, % 2] K 1e-4. T epoch #R 5B — Ik 22 2]
R FEIWR BN 0.94,

3.2 HRASII

AL BIAE 5 B FRAE 1) 22 9 B (10U) 848
KT 0.51E R HE B brd I 1) br i, 7 208 B (AP).
S E5K FE P ME (mAP) AR D KL (fps) 1E AR ALK 1T

W a R, P IR =, 2o I 0 TG0 A REAS o5 B A R
DS B AR BB R DY A 813, 2Rom IR R TR RE A 5
BT BRI LA AP Sy P-R 1 28 5 A b il B Rl 1) THI

NS A KW TP
TP

P= 1 m )
TP
~ TP+FN’ ©)
1
AP = fo P(R)dR, 7)

mAP = 3~ AP / 7. )
3.3 1FNiER

N N4 T 20 BT Attn-YOLOV4 71 4% > Bie it A B
Xof - FE B SR B ARG I ) A B M, AR SCHE R YOLOv4 i 52
T o = 1 i 52 i = 1 o G N 11 . ey
] 2% 43 NN 5 YOLOv4 71, 55 J5U By x40,
HAR SIS 25 5 A4S R w2 2 s, Forh e AR I
TUAEAE. G0 I 2 2 43 A7 T CXc i S5 0T % S ) 2 1) BT
ik, AN S8 Hh R I, A AR R AR Y R R A P B A
ANFIFE BE B4 T

%2 Attn-YOLOV4 BytEE e sois

0
A Attn-CSPnet  ASPP  FBHFESFH  K-meanst+  focal loss AP/ mAP /%
R WEE LR e
1 81.89  89.27 9114 9249  88.70
2 * 8542 92.65 9479 9397 9171
3 * 8632 90.89  93.01 9621  91.61
4 * * 84.85 9318 9506 9533  92.11
5 * * * 87.55 9395 9622 9642  93.54
6 * * * * * 89.06  94.34 9743  99.65  95.12

B 2 75k 72 W 25 5] N SE ¥ & JI L, 42 T
IR 26 ZRALE BE 7 14D [R] IR 5 HH DG BRRRALE, A 280 v FELANG 1
B RGIEE S BRI M. WX AL R AR
5 R BRI 0] R D — 0 I R AR T ) AR R
PE, 51N ZB0E B, B 4 For, 206 XS0 S 90
BTk R, B TTEk /DN, 2 KRILGINER )
ML G, BRIDAR AL T W28 Xt /N B A 1R 50 o BE, B2 7+
AT mMAP 2 91.71 %, KORHE R 1 02 FRIR RS B

7 3 % YOLOV4 () SPP 45 B 5 ¥ it ASPP, %
AN E AP RS B — E 132, mAP & & 1 2.91 %.
BT K X 25 [ B2 BT, ST T 0 RIJR BB A
be 33N = RNt R 1L B i B o N = S R |
LA B YOLOVA B3, /b REAEAS B4 2%, R B
2 M40 RE, 08 7L A B IX RN E
FREIRFE SR USUR, A 803 = T I 2% B AR .

(a) JRYOLOV4 (b) HRAJER b
JaHIYOLOV4

B4 SINFEANFIRIEHLEHEE
TR I % S 45 RN L I, AR 4 (1) R 2 R AE
&5 K-means++ X2 748 /N FLIR SRR A 42 )8
SR B FRTRE AT A SR A ) 52 e, T T S R A 1) AP 4
T T 44 75 5 BEARRT MRS FE 2 T 3.41 %. 1Bk
IS YRR Z B RE, B 5N RHIE /2 T I 485545

(c) Hiligs R
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5

xR ¥38%

B SN B H AR = GBS B SR E U
TERIRL A BE 7, BRAAS 270 A 10 470 T 5% 1 26 8 v
DG C F AR S5t P S B ATE B 38 I I 2 AE 248 DU R JEE AR
TEJZ A5 0, AT R R B TR B G 28 o LA K
Tl sl o 1140 3R 501 B 7, AR R A0/ R 8% ) D R 8 A ) R,
B F TR AH K 2748 HPRVERERE K 1 RI R B be, 7 2
FHIE G B RIGRHE 2 2 S ESHOTR, M RIRER
Fea FRIAG AR THIUAIR.

B S LERTY 4 ) BE a1 5] N\ focal loss 15 2K B £
VE R R 22, i — 3T mAPE, M 92.11 % 2T+ &
93.54 %. X T UGB I 48 KITREREA, 157 55 6K
HHh (1) 5 AR S BT LA I S PR S A (1) 453 A, T
T H AR AL U 4 BB, P 1 2 2 2 3G K T
DR 1R AR 1T, 3 45 A AT 8 B A Rl RS FE 12
Ft.

3 3o 9 i S R 6T Bl R B, N A SOk R S
(IR 6, B A ST AT 4R 16 Attn-YOLOV4 (1) 1 RE$2 T %
N2 AR SC R T AN T B (AR I BB L AR R
FOAI B3N H bR IR A 1 A ) A 1R K (9 253, 4 28
FSE I FR S E AT R (R 20 R, ~F S50 A kG B A2
TET 6.42 %, 3GAF T AR SCEF 0 B 2 T 65 B 3 i 1
HRE.

3.4 MEgEXTEE

Rt PR AR ST Attn-YOLOV4 IR ERE,
Wz BE S H ATk FEA I T8 LI TURh 2 U
HBEAT EL %, 035 two-stage A6 Wl 28 AP EF X N B bR A

N8 SRATE R PR T S AR AR R A 0 ] 5 R A 4 7 3
] faster R-CNNP71, DL & one-stage £ il % H 27 A 14 B
4F ) YOLOV4. YOLOvA4-tiny. %t b 5256 3% B mAP
5 tps VE N & FAE VP 485, A R i E
) (RO 2 B A TR R R 1 255 DA, Al & SR ==
3FA, 5 T 4 AN R SRR IR e TR R

3 TERBEERENMEEEXTEL

model backbone mAP/ %  fps
Uk ) fast R-CNN Resnet50 86.70  10.13
YOLOv4 CSPDarknet53 88.70  27.53

YOLOV4-tiny
Attn-YOLOv4

CSPDarknets3-tiny ~ 77.83  40.26
Attn-CSPDarknetS3  95.12 2491
56323 5B 5 0t el A, Sl Y faster R-CNN
VN8 4 3 0 R B BOARSE WU 2%, JHERT 4l /) FL K S e
HA— R R 71, B8 7 Sl IR B 1R A 5 R A Dl
ZEAN, B ISR B TIINAE (1) 58 Ar 5 RN A IE R HL2R
) BT I 5%, L SR 7 3 A A B S R AR 7 R SR B
B B B3 YOLOv4 AH Eb e idt (1) faster R-CNN iR ) 1
T2 — S IR i, 25 28 0t S6fe o P ol 0 [ B0 3 3
SEAH, T2 22 A8 1 Kl TR SR B 1) 8 A7 K B AH A 45, [
G 00 3 5 O S BT T 2.5 4% DA b, SRR A R
BFKIEAL. YOLOVA-tiny 7E YOLOV4 5092 ) JL il
A R 4% 2 g, AR OK R v R B R T B fps
3% BT B4 1) faster R-CNN [ 4%, (H £ 7E mAP = &
B AR 1y e R W %% P S e B 2% 92 ) I ke o B AR
IR AR 22, U 4 i R P A A R A R B At A7

(d) Attn-YOLOv4
E5 AREEMNEERNLER
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TE B R B TR AR 5 7 A6 22 I R, V2535 f2 FEA A=
72 B X0 dfe o o U 4 i 6 T SR AR SCHE H ) Aten-
YOLOVA 1 FiR 4 Fh 8% R mAP R I &N F5, A7 L
Mk ) faster R-CNN. YOLOvV4. YOLOvA4-tiny 73 51l &
TFT 8.42 % 6.42 %- 17.29 %. 1 5] WA SCEIE
T 5 F22 30 S s R (10 7 8 R0 K /N o A, LS S
I e, AT At R LSRRI R BA A (0 R JR e th 3R
I H A 0 R B IR S ROR; Attn-YOLOV4 1 fps 5
JiE YOLOV4 AH Lt B A FRAR, 15475328 768 5 gk 1) faster R-
CNN, BE 8 3 J& £ F I F B A 7= o G e T2 1)
oK. g R gee 25 R, A SCHE Y Attn-YOLOv4
SRR — P e LA IUDAGS P AR S i ) L Pl i PR R
THT SR B A I 7%, 27 A PR BB 20 I Bk, LA 48 v 1) N
HAME.

4 & ®
BF XY OLOVA B892 5% R A 3 THT dof o A i HS 300 1)

/N H BRI DR A 0] R, AR SCER Y — A T E R

B 22 ROBERFIE R 1Y F AR R B Y OLO Al 432,

SR F AR 5 A PR R 4 S A R . AR R A

W 28 HhOIn NV T IR, S T N 2 (R SR AERE D 45 A

2R 2 AR S T A 4 B, G O X 48 S 52 BT 1)

[ B A7 20O B AR PR 200 745 AR AL W T A 5 AR A1 <

PEHELR Y™ FR AR AIE S R 1) [ BF 402 v TR 2= AR U 1) i

EREJ1, N E ML G5 B 91\ K-means++

SRS IR HE, N F focal loss 108 2% BR 0T B0 2R

72, FRAR E BURE AR AN 35 17 FI X 520 K A A RS 2 1) 52

M.

SR 55 AR, AT R AR B S
mAP {15 5] 95.12 %, H. fps fREF7E 24.91, BE W5 K H T
TRCHAS I LA TR 278 L G RST
70 PR LR 4 T R B A AT A L PR Y, A
SCYOLO BVEAE LR G ERe A B BRI, il 2
SR AR 77 H R AN S TR N ) T RORG BBE R oK. S 4k
JRELE DR AIE BV KE FEE 1 [R] IR 36 AT X 4% B 2 Ak I 92 T B
Rz ARE S, A FLReS |z B T & SR R L
FEL AW AR 875 4D SE B A I
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