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Classification and naming method for power inspection photos based on improved YOLOvV3

ZHENG Gao, ZHENG Enhui, WANG Guirong
(College of Mechanical and Electrical Engineering, China Jiliang University, Hangzhou 310018, China)

Abstract: To achieve intelligent power inspection process and solve the problem of poor quality and low classification
accuracy of inspection photos taken, a classification and naming method for inspection photos based on improved
YOLOv3 was proposed. The modules of fused channel shuffling and channel attention were used to improve the
model’s feature characterization ability. Then, the final classification and naming task was completed by combining
multiplayer perceptron neural network and post-processing module with the model. The experimental results show
that the improved YOLOv3 model has better average accuracy than the original YOLOv3 algorithm, with the mean
average precision YOLOv3 increasing from 85.62% to 94.73%. Compared to mainstream image classification
models, the improved model can better handle poorly captured inspection photos, thus improving the efficiency of
the power inspection process.
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Table 2 Modelcomparison experimental results %
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HE . N M Ap
a0 a0 2

Ji YOLOv3 87.40 83.83 85.62
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Table 3 Module ablation experimental results
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Table 4 Effect of image input size on model performance

SRR [ Pk E F
ik maw/%  FPS T HWABIRIE  mup/%  FPS o
6 I 5 18] / mes A 5[]/ ms
YOLOv3 85.62  A7.75 20.9 416X416 94.73 46.03 21.7
YOLOv3+ 4240 % 1 85.88  48.29 20. 7
512X 512 94. 82 43. 69 22.9
YOLOv3+ McarB 94. 33 45,74 21.8
YOLOv3+McarB+ /43 &M 94.73 46,03 21.7 608608 94. 87 40.25 24.8
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Table 5 Results of algorithm comparison experiment

RS F1 map/ % FPS PR B A DU R A] / ms
Faster R-CNN'J VGG 88. 68 29. 94 33.4
RetinaNet''" ResNet50 90. 92 41.83 23.9
YOLOv3+SEMH Darknet53 92. 28 44,78 22.3
MS-PAD VGG 89.27 33.23 30. 1
YOLOv4 Modified CSP 92.23 52.11 19.2
YOLOv5s CSPDarknet 91.87 107. 14 9.3
YOLOv5m CSPDarknet 93. 39 88.13 11.3
ENGRES AEEET 94. 73 46.03 21.7
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