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Defect detection method for new energy battery collector disc
based on improved YOLOVS network

Chen Yanrong Gao Ren Wu Wenhuan Tang Hai  Yuan Lei

(School of Electrical and Information Engineering, Hubei University of Automotive Technology, Shiyan 442002, China)

Abstract: In order to solve the problem of false detection and missing detection in new-energy vehicle battery collector disk due to
disarranged target defect distribution, large size span and fuzzy features, a YOLOvS method based on multi-scale deformations
convolution ( YOLOv5s-4Scale-DCN) was proposed for defect detection of vehicle battery collector disk. Firstly, for defect targets of
different scales, a new detection layer is added based on the YOLOvS model. By capturing defect features of different scales and
integrating semantic features of different depths, the detection rate of defect targets of different scales is improved. Secondly, deformable
convolution is introduced to enlarge the receptive field of the feature map, which makes the extracted feature discrimination stronger and
effectively improves the defect recognition ability of the model. Experimental results show that the proposed YOLOvS5s-4Scale-DCN
algorithm can effectively detect the defects of new-energy vehicle battery collection panel, with mAP up to 91%, 2. 5% higher than that
of the original algorithm, and the FPS reaches 113.6. There are two types of defects, severe defects and uncovered defects. The
detection and recall rate reached 100% , meeting the requirements of real-time detection of the defects of the battery collecting disk of
new energy vehicles.

Keywords : new energy vehicle battery; defect detection; YOLOvS; multi-scale fusion; deformable convolution
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AR S5, 76 BRI 2020 RUBE (4Gl
JERA AT BUSCR AR, mAP 35 F] T 91.0%, M EL
YOLOvSs-4Scale ¥ mAP 75 T 2.3%, LI 45310
B, EA A B B — R B OR T R E B Rz
B CHREEE T R MERE

A X FE YOLOvSs, YOLOvSs-4Scale F1 YOLOvSs-
4Scale-DCN 5.9 I 5 Pk fa RN ZS S an e 3 Fos .
113 3 AL T YOLOvVSs Bl 2 ROBEFRAE Al vl AR
TEGRRAE S T 5 Fhik B AR B2, A SIS T R 3

3) XF HL S E

N T A E IR PERE B AR SCHE Y B9 YOLOvSs-4Scale-
DCN 2 ¥ & ¥ 5 YOLOv5s, YOLOv5l, YOLOvSm.,
YOLOv5n, YOLOvS5x, YOLOv7, YOLOv-tiny, YOLOv7x,
Faster R-CNN'*' 1 SSD'?"' 10 Fh £ M4 vk 7E [ 4 48
TR RE LA, BT A SC B e AR R S 808 & P kT,
SEEGEE RN 4 B, 2 4 A, kS (580 mAP
IKFT 91.0%,FPS JAH] T 113. 6, #H H HA Bk 4 534
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e, ARSCHE YOLOVSs Fll YOLOvSs-4Scale-DCN 3% LUE i, 78 5 B w WL B B & I, A SCr 42 1 i
om0 R A B9 BT R, MR R T L AR & Bl YOLOvS5s-4Scale-DCN B3 L it YOLOvSs 5 41
YOLOvS5s il [#] | YOLOvSs-4Scale-DCN #ill 41, i EIFT MERE, A 8GR T ko | 584G A [R]85,

1 MHSREWIEXE

Table 1 Improved multiscale validation experiments

PR KR/ MB P15/ GFLOPs BH/ parameters FPS P R mAP@ 0. 5/%
YOLOvSs 14.5 15.8 7 029 004 126.6 87.8 85.0 88.5
YOLOv5s-4Scale 24 16.2 12 331 312 116.3 89.9 87.3 88.7

x2 BETERERWIELE
Table 2 Fusion deformable convolution verification experiment

" K% ZHht/
RER it S M L X ABUMB P R mAP@O0.5/%
GFLOPs parameters

YOLOv5s-4Scale 24 16.2 12 331 312 89.9 87.3 88.7
YOLOv5s-4Scale-DCN_S vV 25.5 16.5 12 499 906 88.2 89.3 90. 4
YOLOv5s-4Scale-DCN_M vV 26.5 16.3 12 963 394 89.4 86.5 89.5
YOLOv5s-4Scale-DCN_L Vv 28.0 16.2 13 721 794 90.5 88.9 91.0
YOLOv5s-4Scale-DCN_X 30. 1 16.2 14 775 106 90. 1 87.2 88.7
YOLOv5s-4Scale-DCN_SL 2 vV 2 28.3 16.5 13 890 388 89.2 89.8 90. 4
YOLOv5s-4Scale-DCN_ML vV vV 28.3 16.5 13 890 388 89.2 89.8 90.0

YOLOv5s-4Scale-DCN_SML VvV 2 Vv 28.2 16.8 14 535 814 89.7 87.2 90. 7
YOLOv5s-4Scale-DCN_SMLX vV vV vV VvV 34.5 16.7 16 979 096 91.7 85.8 89.8
T Bl R ORI AL B R
& 3 YOLOv5s, YOLOV5s-4Scale #1 YOLOv5s-4Scale-DCN & 3% | 5 FhER i B8 1 45 5
Table 3 Detection results of five defects on YOLOvSs ,YOLOv5s-4Scale and YOLOvS5s-4Scale-DCN algorithms
pllE=gisgan P R mAP
Bk 5s 5s-4Scale VNG Ss 5s-4Scale ViNg'Q 5s 5s-4Scale AR
Positioning hole 97.3 97.7 97.9 100 99.8 100 98.2 99.0 98.4
Weld through 78.5 83.3 85.1  75.7 81.0 78.4  79.3 81.1 81.7
Welding offset 91.6 94.0 91.5  97.6 94.7 9.3  97.3 96.2 96.9
Tl No cover 96. 6 96. 3 97 100 100 100 99.5 9.5 99.5
Bad point 62.8 71.5 75.4  67.8 59.3 59.6  68.3 67.8 69.9
Severely bad 100 96. 4 9.2  68.8 88.9 100 88.5 88.6 99.5
all 87.8 89.9 90.5 85.0 87.3 88.9  88.5 88.7 91
TE B RO IR R
*4 LExE
Table 4 Contrast experiment
GRER i BBU/MB  1FRE/GFLOPs B R AR/ parameters FPS p R mAP@ 0. 5/%
YOLOv5s 14.5 15.8 7 029 004 126.6 87.8 85.0 88.5
YOLOv5! 89.2 108.3 46 170 604 49.5 87.3 88.0 88.4
YOLOvSm 40.7 48.3 20 895 564 76.9 88.0 84.8 89.1
YOLOv5n 3.9 4.3 1773 388 137.0 86.2 85.6 88.4
YOLOv5x 173.2 203.9 86 213 788 28 87.6 83.2 84.5
YOLOv7 75 105.2 37 228 920 47.6 88.6 82.1 86.7
YOLOv7-tiny 12.3 13.2 6 031 224 135.1 89.7 85.4 88.3
YOLOv7x 142.2 189.0 70 855 520 29.6 86.0 86.5 88.0
Faster R-CNN 108.9 — — 22.3 65.8 84.9 84.7
SSD 100. 3 — — 34.5 89.7 64. 4 72.4
AL 28.0 16.2 13 721 794 113.6 90.5 88.9 91.0

T S — N5 ISP ARG 5 AL RHAFI I T IR 58 1 7R, Faster R-CNN il SSD AR S 40 At LS,
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Fig. 9 Test result diagram
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4Scale-DCN) , 15, 76 H6 AU A4 435 A0F 42 BOGR 7 el ik 2 R
JE B 1010 R RREINZ , $2& 5 7 503k 8 K H gy
TERY24 ST R8T HOR AT AR I B, B dle TIE G671,
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B, AR AY YOLOvSs-4Scale-DCN 8278 H il )5
FE TR T A FRL Tt 45 DA 26 S 0 4 b 1 R DK A L R
YOLOvSs B4 7 2.5%, FPS ik 3 T 113.6, “F- ¥k
JERE T 2. 7% , BPREEE T 3. 9% , Womac L 2% A
BT A0 A H BRI S 2R A MR T B, o0 4l 2

TP AT 55 1 S 255K

&% 3k

[ 1] ZHANG L, LIU Y, PANG B. China’s development on
new energy vehicle battery industry; Based on market and
bibliometrics [ C]. OP Conference Series: Earth and
Environmental Science. IOP Publishing, 2020, 581(1) .
012003.

[ 2] JASRIE, BRISIE, BEORME, 55, — PR A ES T bR dE
AEAS ) B R 3%7 15 K, CN114473210A [P ]. 2022-
05-13.
ZHOU C Y, CHEN Y L, LU R B, et al. The utility
model relates to a collecting plate structure and welding
method of a circular lithiumion battery: Tianjin,
CN114473210A [P]. 2022-05-13.

[3] Tilpds, e, XIMg, . ek s ol a8y
BT NERBE AT N 7 (D], SHRALT RS R,
2022, 58(11) : 250-259.
YUHT, LIFL, LIU Y J, et al. Micro-defect detection



66 - O R %37 %
algorithm with improved attention mechanism in section B I E R AR, 2019, 42(23) ;. 173-178.
steel surface [ J ]. Computer Engineering and DONG ZH J. Real-time detection of power transmission
Applications, 2022, 58(11) ; 250-259. line key components based on YOLOv3 [J]. Electronic

[ 4] sk¥ER:, T, TIE. BT RE KRG B bsk Measurement Technology,2019, 42(23) . 173-178.
BT ()], ESM T AR, 2020, 39(8) . [16] ZHENG Z, ZHAO J, LI Y. Research on detecting
34-39. bearing-cover defects based on improved YOLOv3 [J].
ZHANG P P, WANG ZH, WANG F. Research on image IEEE Access, 2021, 9. 10304-10315.
target detection algorithm based on depth learning [ J]. [17] WANG K, TENG Z, ZOU T. Metal defect detection
Foreign Electronic Measurement Technology, 2020, based on YOLOvS[ C]. Journal of Physics: Conference
39(8): 34-39. Series, IOP Publishing, 2022, 2218( 1) : 012050.

[ 5] REDMON J, DIVVALA S, GIRSHICK R, et al. You [18] fh¥H, Widm, #BMR, 45, HET i YOLOv4 5k
only look once: Unified, real-time object detection[ C]. PCB SBRFG K BE ST [T]. X 2R F F H, 2021,
Proceedings of the IEEE Conference on Computer Vision 42(10) : 171-178.
and Pattern Recognition, 2016 779-788. WU J G, CHENG Y, SHAO J, et al. A defect detection

[ 6] REDMON J, FARHADI A. YOLO9000: Better, faster, method for PCB based on the improved YOLOv4 [ ]].
stronger[ C]. Proceedings of the IEEE Conference on Chinese Journal of Scientific Instrument, 2021, 42(10) .
Computer Vision and Pattern Recognition, 2017; 171-178.

7263-7271. [19] EABL, ZMTE, B, % BT HE YOLOV4 HYE

[ 7] REDMON J, FARHADI A. YOLOv3: An incremental P B B A N O vk LD ). R T R, 2022,
improvement [ J ]. arXiv  preprint arXiv; 45(15) . 144-150.

180402767, 2018. GUL'J Q, LI L SH, MAO X, et al. Lithium battery defect

[ 8] BOCHKOVSKIY A, WANG CY, LIAO HY M. YOLOv4. detection method based on improved YOLOv4 [J]. Journal
Optimal speed and accuracy of object detection[J]. arXiv of Electronic Measurement and Instrumentation, 2022,
preprint arXiv:200410934, 2020. 45(15) : 144-150.

[9] LIC, LI L, JIANG H, et al. YOLOv6; A single-stage [20] SAJID M, MEDAGEDARA N T. A new paradigm for
object detection framework for industrial applications [J]. waste classification based on YOLOv5S [ J ].
arXiv preprint arXiv;220902976, 2022. Instrumentation, 2021, 8(4) . 9-17.

[10] WANG C Y, BOCHKOVSKIY A, LIAO H Y M. [21] EiHR, s, WEE, 45 it YOLOvSs M2 7E
YOLOV7: Trainable bag-of-freebies sets new state-of-the- BRI P g R T [T]. P& R EE R, 2022,
art for real-time object detectors [ J]. arXiv preprint 11(2); 58-65.
arXiv;220702696, 2022. WANGH R, LI T H,CAO Y J, et al. Application of

[11] EBH, HAHE, EelE, & T YOLOVS F&Efk & improved YOLOvS5s network in defect detection [ J].
T BRFERI [ 1], A6 TR, 2022, 43(9) ; 217-224. Network New Media Technology, 2022, 11(2); 58-65.
WANG SH Q, DUN W CH, HUANG J F,et al. Ceramic [22] LIUS, QI'L, QIN H, et al. Path aggregation network for
tile surface defect detection based on YOLOvVS [ J]. instance segmentation [ C ]. Proceedings of the IEEE
Packaging Engineering, 2022, 43(9) . 217-224. Conference on Computer Vision and Pattern Recognition,

[12] WANGT, SUJ, XU C, et al. An intelligent method for 2018 8759-8768.
detecting surface defects in aluminium profiles based on [23] LINT Y, DOLLAR P, GIRSHICK R, et al. Feature
the improved YOLOvS5 algorithm [ J]. Electronics, pyramid networks for object detection[ C]. Proceedings
2022, 11(15) : 2304. of the IEEE Conference on Computer Vision and Pattern

[13] LI D, YAO A, CHEN Q. Psconv; Squeezing feature pyramid Recognition, 2017, 2117-2125.
into one compact poly-scale convolutional layer [ C ]. [24] DAI J, QI H, XIONG Y, et al. Deformable
European Conference on Computer Vision. Springer, convolutional networks [ C ]. Proceedings of the IEEE
Cham, 2020. 615-632. International Conference on Computer Vision, 2017 764-

[14] WANG Q, WU B, ZHU P, et al. ECA-Net Efficient chanmel 773.
attention for deep convolutional neural networks [ C ]. [25] ZHENG Z, WANG P, LIU W, et al. Distance-IoU loss:
Proceedings of the 2020 IEEE/CVF Conference on Faster and better learning for bounding box regression[ C ].
Computer Vision and Pattern Recognition ( CVPR), Proceedings of the AAAI Conference on Artificial
2020, 2020. Intelligence, 2020, 34(7) : 12993-13000.

[15] FEAEA. HT YOLOV3 ByHL Ik Campibsemasin [1]. [26] REN S, HE K, GIRSHICK R, et al. Faster R-CNN;



55 3

et YOLOVS 475 RE VR L i A L e B S0 7 2k 67 -

Towards real-time object detection with region proposal

networks [ J ]. Advances in Neural Information

Processing Systems, 2015, 28.

[27] LIU W, ANGUELOV D, ERHAN D, et al. Ssd: Single
shot multibox detector [ C ]. FEuropean Conference on
Computer Vision, Springer, Cham, 2016. 21-37.

EEE N

BREE , BT Tl e - A
UL EEWIFE )51 A LA R A
E-mail: balala0307@ 163. com

Chen Yanrong is a M. Sc. candidate of
Hubei Institute of Automotive Technology. Her
include network

main research interests

communication and image processing.

B GESGIER ) , 2002 45T [ 1 i
R (BB DA 2 2437, 2003 4F T4 2%
AR F A TR BRAF A - “7 i, 2012 4F
TRBIEARAF I A2, B WHER 4 T
M2 B B A, F2 W 5T T 1) O AR
HE M Z5E 1
E-mail; gaoren@ huat. edu. cn

Gao Ren ( Corresponding author) received his B. Sc. degree
from China University of Geosciences ( Wuhan) in 2002, M. Sc.
degree from Technische Universiteit Delft in 2003 and Ph. D.
degree from Wuhan University in 2012. He is now the vice
president of Hubei Institute of Automotive Technology. His main
research interests include smart supply chain and network

communication.



