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Infrared Image Recognition of Power Equipment Using Improved YOLOv4
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Abstract In this paper, we propose an improved YOLOv4 target detection model combined with an MSRCR image
enhancement algorithm to mitigate the poor visual effect, large-scale difference, and unbalanced data category in infrared
images of power equipment. First, we constructed a target detection dataset of infrared images of power equipment and
applied the MSRCR algorithm to enhance the original infrared images and improve the low contrast and blur pixel of
infrared images in rain and fog weather. This improves the detection ability of the model to power equipment in rain and
fog weather. Second, a multi-scale convolution module was introduced in the YOLOv4 backbone network to obtain multi-
scale features of input images using convolution kernels with different sizes to enhance the initial feature representation. To
further improve the detection accuracy, the Focal loss function was used to solve the difficult problem of classification
caused by unbalanced infrared image data. The test results show that the average recognition accuracy of the proposed
method for eight power equipments is 96. 31% , and the detection speed is 71 frame/s. The experimental results verify the
effectiveness of the proposed method.

Key words target detection; image enhancement; infrared image; identification of power equipment
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Fig. 5 Infrared images of power equipment. (a) Easy to classify sample; (b) difficult to classify sample
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Table 3 Test results of the proposed method on different power

equipments
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AT AP R AR . BT TR D 0 R Disconnector 97.83
Nrp Breaker 98.23
Pprccisinn = (12) 71
N1p+ Npp Arrester 96.51
Nop Voltage transformer 94.62
R = m ’ (13) Current transformer 96. 35
1 Transformer 93.24
P,»= Jopprec;sion ( R ccan )dRrecall 5 (14) mAP /% 96. 31
#4 ARFITERPERERN L
Table 4 Performance comparison of different methods
Method Raw infrared image Image enhanced by MSRCR algorithm
mAP@0.5 /% Speed /(frame-s™") mAP@0.5/% Speed /(frame+s™")
Faster R-CNN 93.13 16 94.03 17
SSD 90.13 33 91. 37 35
YOLOv3 91.54 65 92.71 68
YOLOv4 92.73 74 93. 69 75
Proposed method 95.12 69 96. 31 71
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Table 5 Comparison of experimental accuracy under different

parameters of Focal loss

Modulation parameter mAP /%
4=0.5,7=1 92. 63
5=0.7.y=1 92. 66
£=0.9,y=1 92.82
5=0.9,y=2 94.73
5=0.9,7=3 96.31
5=0.9,y—4 95. 26
5=0.9,y=5 94. 67
5=0.7.7=3 96. 18
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Fig. 8 Infrared image recognition result of the proposed method for power equipments
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