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Abstract : At present,the defect detection of key components of electric multiple units (EMUs) has the
problems of complex model, high missed detection rate of small targets and low detection efficiency. To
solve the existing problems,a defect detection method based on improved YOLOV5 is proposed. On the
basis of using generative adversarial network (GAN) to expand the dataset,the YOLOv5m backbone ex-
traction network is changed to the MobileNetV3-large network structure,and the neck 3>} 3 convolution
layer is optimized by using depthwise separable convolution to further reduce the model complexity.
Then, the coordinate attention (CA) is introduced into the improved backbone network to capture the lo-
cation information and channel information of small targets, thereby enhancing the feature expression a-
bility of the network. The non-max suppression (NMS) algorithm is optimized by integrating the posi-
tion information of the center point of the overlapping detection box to improve the accuracy of the pre-
diction box location. The experimental results on the EMUs defect dataset show that, compared with
YOLOv5m, the improved model reduces the amount of parameters by 77 % , the amount of computation
by 80. 9% ,the detection time of a single image by 31. 7%, and the mean average precision (mAP) can
reach 0. 804. In addition, the experimental results on the NEU-DET dataset show that the improved
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model also has a strong generalization ability.
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Tab.2 Comparison of detection performance of different

models before and after data enhancement

AP
Model Data . mAP
augmentﬂtlon F G S
0.78 0.851 0.723 0.766
YOLOv5m v 0.821 0.868 0.786 0.810
YOLOVS- J 0.771 0.847 0.741 0.726

CAtiny 0.804 0.877 0.764 0.769
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(YOLOv5-MNtv3), YOLOv5-MNtv3 + CA £ Bt
(YOLOvV5-MCA) . 2k # YOLOv5-MCA fJ Neck %5
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Tab.3 Performance comparison of four network structures

Params GFL LatencymAP AP

Model /M OPs /ms oG

YOLOvSm 21.1 50.3 12.0 0.821 0.868 0.786 0.81
8.6 0.778 0.835 0.727 0.774
8.7 0.807 0.889 0.755 0.776
8.2 0.804 0.877 0.764 0.769

YOLOv5-MNtv3 5.47 10.3
YOLOv5-MCA 5.49 10.3
YOLOv5-CAtiny 4.85 9.6

H1 26 3 %1, %F YOLOvSm &1 W 4% fifi F§ Mo-
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LAk TR B VT 43 B 4 BB e b o 45 RS O 1A X
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G SR I 7N (P 3 o N o Nl 7 i g AN )

MEBF - B W 20234 3k

PR B B FRAG I & 3 Faster R-CNNL B B B 4546
M4 SSD. YOLOv3Tiny. YOLOvATiny, YOLOv5s
PEATX LS ge MR S5 R 2% 4 froR. R 4 AT,
YOLOv5-CAtiny B#: A B ALK T YOLOv5Sm,
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Fig. 8 Comparison of defect detection results:
(a) YOLOv5m algorithm;

(b) YOLOV5-CAtiny algorithm
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Tab. 4 Performance comparison of different models

Parms GFL Latency AP
Model /M OPs /ms mAP v G 5
Faster R-CNN  137.1 185.2 53.9 0.549 0.80 0.43 0.42
SSD 26,2 31.4 22.8 0.71 0.81 0.67 0.63

YOLOv5s 7.2 16.4 7.9 0.681 0.753 0.676 0.616
YOLOv5m 21.1 50.3 12.0 0.821 0.868 0.786 0.810
YOLOv3Tiny 8.9 13.2 4.5 0.575 0.638 0.468 0.619
YOLOv4Tiny 6.1 8.2 7.0 0.62 0.69 0.59 0.56
YOLOv5>-CAtiny 4.85 9.6 8.2 0.804 0.877 0.764 0.769

4.4 NEU-DET {3036
NEU-DET & Ifif it [ 595 5 J2: B g A6 I 40 3 %
FH S FEECE 4 A0 3 1800 SR IEL A5 4K 119 6 Ff sz 70
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(b) Inclusion (c) Patches

(a) Crazing

(d) Pitted surface
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Fig. 9 NEU-DET surface defect database

(e) Rolled in scale

(c) Scratches
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Tab.5 Comparison of detection performance of

different models on NEU-DET

Model Latency/ms mAP
Faster R-CNN 57.9 0. 601
SSD 14. 2 0.615
MPDD" 203.0 0.765
DDN(ResNet34) ] 50.0 0.748
YOLOv5-CAtiny 13.7 0.764
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