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Infrared hot spot detection in photovoltaic modules
based on improved Faster R-CNN
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Abstract : Photovoltaic fault detection is of great significance to the intelligent operation and maintenance of photovol-
taic power plants. To address the problem of small targets and difficult detection of hot spots in infrared images of pho-
tovoltaic modules, an ran infrared hot spot fault detection model for PV modules based on improved Faster R-CNN is
studied. Swin Transformer is employed as the feature extraction module in the Faster R-CNN model to capture the
global information from the images and establish dependencies between the features, thereby enhancing the modeling
capability of the model. Furthermore ,the BiFPN is utilized for feature fusion,improving the issue of thermal spot faults
that are easily ignored by the model due to the small target and inconspicuous features. Additionally, to suppress inter-
ference from background and noise in photovoltaic infrared images,a lightweight attention module called CBAM is in-
corporated to enable the model to focus more on important channels and key regions, so as to improve the accuracy of
thermal spot fault detection. Experimental evaluations are conducted on a self-built dataset of photovoltaic component
images , resulting in an impressive detection accuracy of 91.5 % , which validates the effectiveness of the proposed
model for detecting thermal spot faults in photovoltaic components.
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Tab. 2 Comparison of different model experiments

P Spot/% | Normal/% | mAP/% | izZBf[6]/s
Faster R-CNN 69. 4 91.8 80.6 0. 155
SSD 74.3 92.5 83.4 0. 094
YOLOv4 83.8 96.3 90. 1 0. 068
Ours 91.5 97.2 94.4 0.182

%3 RASERGT

Tab. 3 Recognition result statistics

A TP FP FN TN
Faster R-CNN 35 6 8 4248
SSD 37 4 6 4250
YOLOv4 40 3 3 4251
Ours 42 0 1 4254
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Tab. 4 Comparison of hot spot detection results

with different models

i) Ki® | BEFE | Fl-score Tk %
Faster R-CNN 0. 854 0.814 0. 834 0. 186
Sspl! 0.902 0. 860 0. 880 0. 140
YOLOv4 20! 0. 930 0.930 0.930 0.070
Ours 1.0 0.977 0.988 0.023
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Fig.5 Results of ablation experiment

Swin-B BiFPN CBAM P/% R/% AP /% AP/ %
X X X 85.4 81.4 69. 4 91.8
vV x X 91.1 87.5 77.8 93.6
x Vv x 93.7 89.2 81.3 94.2
x x Vv 88.3 84.7 72.6 92.5
VvV Vv X 95.4 92.7 89.6 9. 1
% x Vv 90.5 86.3 78.4 94.3
x Vv 2 9.5 91.4 87.9 95.4
vV VvV Vv 100 97.7 91.5 97.2

BI1S  SfRALFTANEI G K25
Fig. 15 Results of photovoltaic module infrared image detection
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