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Wire harness terminal defect detection algorithm in complex
backgrounds based on improved ACS-YOLO

Hu Haoyu
(School of Electrical and Electronic Engineering, Hubei University of Technology, Wuhan 430068, China)

Wang Shuging Wang Xujia Xia Yangwel

Abstract: Aiming at the difficulty of occlusion and blur detection caused by complex detection scene in the process of
wire harness terminal crimping, a wire harness terminal defect detection model ACS-YOLO based on improved
YOLOv11 is proposed. The C2PSA_EFA module is designed in this model. Combining C2PSA with edge-enhanced
feature attention, sobel operator is used to extract and fuse edge information to enhance the irregular defect capture
ability of harness terminals. The attention scale sequence fusion module ASF-YOLO is introduced to improve the Neck
part, and the multi-scale feature fusion mechanism is introduced to improve the detection ability of the model to the
wire harness terminal defect features. The Slidel.oss classification loss function is introduced to adjust the loss weight
according to the difficulty of the sample, and the detection ability of the model to difficult samples is improved. The
experimental results show that the accuracy, recall rate and mAP;, of the ACS-YOLO model are increased by 6. 1%,
1.0% and 3.1% respectively compared with the original model, which can be effectively applied to the harness
terminal defect detection task.
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Fig. 9 IoU distribution on the validation set e
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Fig. 11 Architecture of the ACS-YOLO model
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Table 1 Model training parameters mAP = LEAP, (23)
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Table 2 Results of ablation experiments
¥4 ASF  C2PSA_EFA SlideLoss Params/10° FLOPs/G P/ % R/ % mAP;, /%
1 — — — 2.58 6.3 86. 1 81.7 88. 4
2 Vv — — 2.95 7.6 87. 2 82.3 89.5
3 — Vv — 2.54 6.3 88. 6 84.5 90. 6
4 — — v 2.58 6.3 86. 0 82. 1 89. 2
5 Vv v - 2.91 7.6 90. 2 82. 6 90. 8
6 N Vv Vv 2.91 7.6 92. 2 82.7 91.5
WM 2 PEERFRH 1 HRRARBHMN YOLOvVIIn  WBURELE,

PR, S8R R 2. 58 ML A& 6.3 G.mAP 4 88.4%.
52 NG A ASF-YOLO #id )5, 2887} 0. 37 M,
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FF BT BRI mAP 4RI T 1 1%, E B T AR 2 RO
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AR SRR A S R R I A R
3.4 EEFELIKIE S

SR T HE— 2 B UE AR SCHE R AY A A ARG 0 R L AR
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Table 3 Comparative experimental results of different models

(e Params/10° FLOPs/G P/ % R/% mAP;, /% FPS/Ips
RT-DETR-I 31. 99 103.5 92.9 82.5 89. 6 32.7
YOLOv5n 2. 50 7.1 88. 2 77.9 88.0 57.8
YOLOv8n 3.01 8.1 87.5 81.2 88.9 60. 1
YOLOv10n 2.26 6.5 83.2 76. 9 85. 1 54.9
YOLOvl1n 2.58 6.3 86. 1 81.7 88. 4 56. 1
YOLOv12n 2.56 6.3 84. 8 73.8 83.6 39.7
MSB-YOLO™ 2.37 7.3 86. 1 75. 0 85.5 36. 9
CGA-YOLO™ 2.55 6.3 84. 5 82.5 88. 3 51.3
ACS-YOLO 2.91 7.6 92.2 82.7 91.5 54.7

B 345 R M, ACSYOLO 76 F 4 8 fF ¥ H
mAP;, #5845 F R YOLOvIIn 27 T 3.1%, B 7E
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Fig. 12 Comparative experiments at the same training epochs
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HE 2 JEE 4 7 5 X o AR R AE B B OB AR SC ikt
T Z Rk C2PSA XS LG SE 5, 6B 1 2 0 B e 0 4%
15 R T8 VE & /17 Cefficient channel attention, ECA) | 4
JRvE & J1 AL (global attention mechanism, GAM) . A&
R S5 (coordinate attention, CA) LA Kz CBAM 4 Ff it
BIREHY, 43 iR A C2PSA th[a] — £ 8 72 M 4R b 47 B
WIXF B X g R AR 4 R .

R4 FAREBENNMEMELER

Table 4 Comparison results of different attention

mechanisms %
R P R mAP;,
C2PSA_GAM 84.7 79.0 88. 4
C2PSA_ECA 84.9 80.9 88.1
C2PSA_CBAM 84.9 81.9 89. 3
C2PSA_CA 88.1 80. 5 89. 4
C2PSA_EFA 88.6 84.5 90. 6

AL T BB T WSS O i = AL o e ak
C2PSA 3y C2PSA_EFA £ & HHLHAE mAP,, MK
e AR 1. 0% . E T C2PSA_EFA fig 41 5 Bk #2
HUBE 1 1Y A sk
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BB R R 2R HE B B LR, S g R A 13 BT
Ao B 13Ca) 2 I 5 K 4% 50T (9 A [R] A 2 A6 00 A5 SR
oL A5 BRI T YOLOvI2n BETY 38 T 48 K 1 0, Hidy
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Fig. 13 Detection performance comparison in complex scenarios
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