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Abstract: To address the problems of insufficient complex background samples and difficulty in device location in sub-
station equipment thermal image detection, a fusion knowledge transfer and improved YOLOV6 detection method are
proposed. The diffusion model was used to extract background knowledge from extraterritorial data for generating back-
ground images, solving the problem of insufficient complex background samples. The device samples were then mi-
grated to the background images to generate artificial images. The multi-head self-attention mechanism and explicit
visual center module were integrated into YOLOvV6 to improve its feature extraction capability, solving the issue of diffi-
culty in detecting devices. The experiment shows that the mAP and mAR of the proposed method reach 86.4% and
89.4%, indicating an improvement of 3.1% and 1.5% compared to the baseline model, respectively. This study provides
a new implementation method for thermal image detection of substation equipment.

Keywords: substation equipment; thermal infrared image; knowledge migration; sample generation; object detection;
diffusion model; data augmentation; deep learning
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Table3 Device thermal image detection accuracy after

data amplification %
Ham ?’Ifﬁ Lightning Current Voltage =
P Arrester  Transformer Transformer
A 90.2 78.2 77.8 78.1
A A 90.9 80.0 81.7 76.4
D 90.4 77.2 78.7 70.2
D 91.2 82.0 80.7 79.3

A T ARSI IR A B AT B
Y S B A VR ARG &2, nT DU X 28 4
AR K /D, (RS SO T 5, RS
HhRGE I 5 1) X BE BRI, TEA R SR AR AF T,
DNOKS B2 ARt BRI 8 0 50
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Table4 Device thermal image detection accuracy for

non-amplified data %
- B
A TLT FLT TCT TVT LBCTG
e/
A 93.8 915 920 776 70.3
A N 86.0 913 934 83.0 76.2
D 919 939 921 868 77.8
D N 89.7 939 894 845 86.6
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Fig. 9 Visualization of model heat map
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Fig. 10 Visualization of test results
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Fig. 11 Visualization of test results
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Fig. 12 Visualization of test results
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Table 5 Performance comparison of improved models
with advanced object detection models

A mAP/% AP”/% AP'/% AR /% Hlll I /(f/s)
Faster R-CNN 754 933 763 794 16.7
Cascade R-CNN 792 93.1 803 835 143
FCOS 720 934 812 76.0 325
YOLOV5 784 935 793 673 105.3
YOLOX 827 963 83.1 85.6 96.2
YOLOF 731 925 743 764 97.1
YOLOV7? 81.1 940 814 789 108.7
YOLOVS 860 97.6 847 889 112.4
KTk 864 978 872 89.4 192.7
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