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Abstract: As an important component of the new energy vehicle battery, the quality of the collector tray is related to the performance of
the battery and has an important impact on the life safety of the vehicle occupants. In practical industrial applications, real-time
detection of battery collector tray defects with limited computational resources is a challenging task. In order to reduce the model size and
computational effort, and to reduce the application cost, this paper proposes a lightweight new energy vehicle battery collector tray defect
detection model (SGCNet). First, ShuffleNet V2 is used as the backbone feature extraction network, and group convolution and channel
shuffle techniques are adopted to reduce the computational complexity and the number of parameters while extracting effective features.
Secondly, a lightweight feature fusion network GC-FPN is designed with lightweight GhostNet and CARAFE upsampling operators to fully
retain the semantic information of the feature map while reducing parameter redundancy and ensuring detection accuracy, thus reducing
the computational cost. The experimental results show that the SGCNet model achieves 90. 6% detection accuracy, the model size is
3.2 M, the GFLOPs are only 3. 6, and the FPS reaches 178. 6. Compared with the current advanced lightweight network models, it has
higher detection accuracy and lower computational effort. Finally, the SGCNet model is deployed on the embedded platform NVIDIA
Jetson Nano for real-time detection, with a detection time of 0.07 s per image, meeting the requirements for accuracy and real-time
performance for battery collector defect detection tasks in real industry.
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FRIERR A M 45 GC_FPN, & F ShuffleNet V2 4 31 ¥
LI, R K /N AT GFLOPs 1% 21 T Monilenet V3_small
050, 15 At 4% 791 48 45 5 4 fe 45 £ T M 2% 4 ShuffleNet
V2, RH GC_FPN YE R REAE Rl G 9 45 B, 25 548 b5 34
Ak,

H AT Y SGCNet HUTERE , TPk L Fhiz i
FEAEAYAE [ B 5 1 X F AR SCH % SGCNet Xif L b 4
VAL B AR ISR, LI S B R, SLER A R R 5
PR, B 5 A1 SGCNet B mAPS50 &% 90. 6% , 15 7#1
AN 3.2 M, GFLOPs Jy 3.6, FPS Jy 178.6, 3 Jy fit &
B, FHELFB B H AR A I 7% Faster R-CNN, mAP50 /5
5.9% AKFR/IN 79. 8 M, GFLOPs {i% 190. 7, FPS )¢ 155.2;
A L BB B H ARG I 4 35 SSD, mAPS0 # 18. 2% , AR/
49.4 M,GFLOPs {if 179. 8, FPS it 35. 4 M [t Liu &P 4%
HE) LF-YOLO ,mAP50 & 1. 2% ,{&F/N 11.7 M, GFLOPs
i 12.7,FPS HR 56. 6, R LLE H, AR — 2ok {b
TR A RS A FEURT 4 B 3 18 5 T LA P 34, (R A A ) £
i A XA HARRRAE S % %) R B B Y82 125 35 B Fl SGCNet AH

Atk & R R /KO, Bt 2 3l FH M . Efficientnet V2 B SRS
SRR T T R A e Tk A Rk T 90. 2% mAPS0, {HAEMAFR GFLOPs #5 . 25 I,
*3 HEMXIE
Table 3 Ablation experiment

Jrik ShuffleNet V2 G_FPN CARAFE {RFV/MB 144 E/GFLOPs p R mAP50/% mAP50-95/%
YOLOv5Sm 42.3 47.9 87.6 85.4 87.0 64.7
YOLOvSm-A Vv 4.5 4.3 86.6 82.0 88.6 60.3
YOLOv5Sm-G_FPN Vv 26.6 33.6 90.9 83.9 88.8 59.2
YOLOv5m-CARAFE vV 42.3 48.0 86.7 86. 8 88. 1 63.2
YOLOv5m-B vV vV 2.7 3.5 87.1 85.2 88.0 57.1
YOLOvSm-A_CARAFE 2 18.3 17.6 87.9 86. 8 87.9 62.6
YOLOv5Sm-GC_FPN Vv Vv 29. 1 36.0 83.0 82.1 85.8 57.4
SGCNet vV Vv vV 3.2 3.6 88.2 89.1 90.6 64. 4
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Table 4 Comparative experiments on backbone and feature fusion networks

Backbone Neck AR/ MB 45/ GFLOPs P R mAP50/% mAP50-95/%
Ffficientnet_b0 9.3 8.7 86.6  82.6 85.7 59.7
Ffficientnet V2_s 42.2 51.4 87.5 86.0 86. 4 59.8
MobileNet V3_small_050 2.5 2.7 83.7  84.2 87.6 59.2

- GC_FPN
Xcepetion 45.3 74.4 90.5 82.5 86.2 57.7
Fasternet_t0 6.4 7.9 87.3  87.8 88.7 58.5
ShuffleNet V2 3.2 3.6 88.2  89.1 90. 6 64. 4
FPN+PAN 4.5 4.3 86.6  82.0 88.6 60. 3
BIFPN 18.4 17.8 85.4  86.3 88.7 60. 3
ShuffleNet V2

slimNeck 17.9 11.5 88. 1 85.5 88.5 59. 1
GC_FPN 3.2 3.6 88.2  89.1 90. 6 64. 4
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AR B SGCNet Z24EfE Fe Ak
% 6 H YOLOv5Sm. YOLOv5Sm-A . YOLOvSm-B
SGCNet X 5 M ERFEIETIEY 3 Tl L3S FRAG IS5 5. W

# 6 A1, SGCNet BIEMER ALY 3 FhPFAN 5 15 245 A [F]
FERE R A R TR 1 A Al

x5 BEURBMIILEE
Table 5 Comparative experiments on lightweight models
Ttk Backbone HB/MB  JMER/GFLOPs P R mAP50/% mAP50-95/%  FPS  mAP50 HEF
SSD VGGNet-16 52.6 183.4 89.7 64.4 72.4 42.8 143.2 13
Faster R-CNN ResNet50 83.0 194.3 65.8 84.9 84.7 53.2 23.4 12
MobileNet V3 Monbilenet V3_small_050 14.1 9.1 83.0 77.6 84.8 50.2 60. 6 11
YOLOv5n Modified CSP V5 3.9 4.2 83.2 84.2 85.3 62.8 166.7 10
Fasternet Fasternet_t0 16.2 15. 1 85.8 83.3 87.0 55.2 175. 4 9
YOLOvSm Modified CSP V5 42.3 47.9 87.6 85.4 87.0 64.7 70. 4 8
LF-YOLOXxO0. 5 —_— 4.0 4.6 76.9 86.1 87.3 59.3 135. 1 7
Efficientnet Efficientnet_b0 10.3 6.6 83.7 84.5 88. 1 57.0 97.1 6
Xcepetion Xcepetion 58.9 76.5 85.5 86.7 88.4 58.0 46. 1 5
LF-YOLO —_— 14.9 16.3 76.0 88.5 89. 4 61.4 122.0 4
YOLOv4s CSPDarknet-53-mish 18.7 20. 6 85.5 88.6 89.5 64.6 166.7 3
Efficientnet V2 Efficientnet V2_s 58.5 65.7 88.2 87.6 90.2 64. 4 77.0 2
AL ShuffleNet V2 3.2 3.6 88.2 89.1  90.6 64. 4 178.6 1
# 6 YOLOvV5m,YOLOvVSm-A,YOLOvVSs-B #1 SGCNet _E 5 FhER B AO#& M £ 2
Table 6 Detection results of five defects on YOLOv5Sm, YOLOvSm-A, YOLOvVS5s-B and SGCNet
) P R mAP50/ %
S5m 5m-A 5m-B AL 5m S5m-A 5m-B AR 5m Sm-A Sm-B AL
Positioning hole 98 97.7 97.7 98.2 99.9 99.6 98.9 99.9 98 98 98. 6 98. 6
Bad point 67.2 79.2 75.5 70. 4 63.7 46.9 61.4 65.4 65 70.9 72.6 70. 4
Welding offset 95.9 94. 8 91.7 94. 1 95.1 88.9 94.9 96. 5 96. 4 96. 1 96 97.4
No cover 92.3 78.8 90.3 97.4 100 100 100 100 99.5 99.5 99.5 99.5
Severely bad 100 98. 6 100 100 80.5 88.9 82.9 94.3 88.7 95.1 88.7 99.5
Weld through 72.5 70.6 67. 1 69. 1 73 67.6 73 78.4 74.7 71.8 72.5 78.2
all 87.9 86. 6 87.1 88.2 85.4 82 85.2 89.1 87 88.6 88 90. 6

& 7 R ZAKERIFN SGCNet By SZH A5 R XTI, H
&7 Al EW LA S 1 AT JCEE A I, YOLOv3-tiny
H1 Xception FE7ETRES ; 5 2 47 5 BEAS A H, YOLOV3-
tiny , Fasternet , YOLOv7-tiny , Monilenet V3 F1 LF-YOLO x
0. 5 FA7E R [R) R BE A R A 5 7255 3 A7 A O A 28 10 G
W BR T SGCNet, HAARE YN /N (1) A5 2 AR A7 AE I A ; 7658
4 7 45 ZE A I ) YOLOV3-ting . YOLOvSm | YOLOv7-
tiny ,Monilenet V3 Fll LF-YOLOXO0. 5 77 7E W #; 7E45 5 47
IR SRR v | b A A8 ) 7 A A [ R 1 A R A
SGCNet PRI ARSCRIAT, 25 L1 SGCNet A RUHDE T
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&) 8 A ZE A M e U I L, X il oA AR Y #f
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16, ARG IRS FE i v, R AR oHf B IS W) 4 0, 2 S MR RE A AE
W K e T AR AE RS Bl 4 R R IR 2 PR AR T 1938 47
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T UL B BRI, A SCHE i A Ui 4 NVIDIA
Jetson Nano I FZE 410 | DL SR8 o v A9 e, 42 7 45 H
PR B SR o FH AR S HH Y SGCNet A5 78 R Sl 52
B 57 AG: A5 75 | 5 4 TensorRT - 65, 5 46 B 5 £ oy
ONNX JER, JUAALEE A TensorRT HIINE S |4 | #5258 3|
A B #5 Jetson Nano W1, Ff i 2% B 61 5 NVIDIA
Jetson nano ., HL VB A1 B8 H 8212 3k, H tf, NVIDIA Jetson
Nano J&— /N 1y A ZXTHE AL, SR T 64 47 DU %
ARM Cortex-A57 CPU #1128 # NVIDIA Maxwell GPU, §
# 4GB LPDDR4 RAM #i1 16 GB eMMC f7fi#i#s ; T ket
TR LM BFEEI, R T 5V 4 A f9 DC B EAEA ;5
H 4515 3% 4 200 T4 % USB #8515k | B &1 KM b, %)
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Fig. 9 Real time detection rendering for mobile devices
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