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Abstract: To address the problem of low accuracy and slow recognition speed of infrared (IR) image target
recognition of substation equipment in complex backgrounds, this study proposes an IR image recognition
algorithm for substation equipment based on the improved YOLOV7-Tiny. First, the lightweight bottleneck
structure GhostNetV2 bottleneck is introduced to replace a part of the CBS module and build a lightweight
and efficient aggregation network known as a lightweight-efficient layer aggregation network. Simultaneously,
a coordinate attention mechanism is embedded in the feature extraction stage to reduce the number of network
parameters while strengthening the network's extraction of key features of the target and improving detection
accuracy. The network coordinate loss function is replaced by SloU_Loss to improve the anchor frame
positioning accuracy and network convergence speed. The results show that the accuracy of the improved
network is 96.28%, the detection rate is 26.42 frames/s, and the model size is reduced to 7.82 M. Compared
with the original YOLOV7-Tiny algorithm, the detection rate is increased by 21.69%, the identification
accuracy is improved, and the model size is reduced by 36.89%. These results meet the requirements of
accurate real-time identification of substation equipment and lay a foundation for subsequent substation
equipment fault diagnosis.
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Table 2 Composition of the dataset

Target device Quantity Proportion/%
Potential transformer 146 14.6
High pressure bushing 437 43.7
Suspension insulator 291 29.1
Lightning protector 126 12.6
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Table 3 Network parameter settings

Parameters Value
Epoch 300
Size of batch 16
Learning rate  1x10°
Weight decay ~ 5x10*
Image size 640x640
Momentum 0.9
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Table 4 Recognition results of various targets

Equipment type

Precision/% Recall/% mAPO0.5/%

Potential transformer 955 90.7 94.2
High pressure bushing 96.9 87.2 96.0
Suspension insulator 94.1 95.6 88.1
Lightning protector 98.3 80.8 88.9
10
0.8
(<5
=
S 06
S
S 04 —— mAPO.5
S —— precision
£ — recall
0.2
0.0
50 100 150 200 250 300
Epochs
K8 #IRbrRfuiEs
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Table 5 Ablation experiments with different improvement strategies

Optimization strategy Evaluation
GhostNetV2 .
CA SloU Loss P R mAP  Model size/M
Ghost module DFC

YOLOV7-Tiny 90.2 904 889 12.39
% 876 928 858 7.63
Y Y 90.8 915 89.2 7.69
Y Y Y 935 922 901 7.75
Y Y Y 93.7 914 908 7.72
v v v v
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Fig.10 Recognition results of each algorithm
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Table 6 Comparative experiments on different networks

Methods P/% mAP0.5/% FPS  Model size/M
SSD 91.78 91.31 14.27 92.17
Faster R-CNN  93.54 91.58 9.46 119.59
YOLOv7 94.46 91.43 18.49 24.25
YOLOv7-Tiny 91.72 89.75 21.71 12.39
Ours 96.28 91.84 26.42 7.82

Note: The optimal data is displayed in bold.
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