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Abstract: Surface defect detection of photovoltaic panels is of paramount importance for ensuring the
power generation efficiency and operational safety of photovoltaic systems. To tackle challenges such as
the difficulty in detecting small aerial targets in infrared images captured by drones, significant interference
from outdoor thermal backgrounds, and the broad scale range of defect targets, this study introduces a
photovoltaic infrared defect detection model that integrates multi-scale features with dynamic convolution.
First, in the shallow pathway, spatial-to-depthwise convolution(SPD-Conv) is employed to substitute
traditional downsampling methods, thereby preventing the loss of fine-grained features and edge information
pertaining to small targets, including diode anomalies and hot spots. Second, a dynamic full-dimensional

convolution(CSPOmniKernel ) module is incorporated, which adaptively modulates the receptive field through
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a multi-branch mechanism, thereby enhancing low-contrast defect features while mitigating interference from

complex thermal backgrounds. Finally, an efficient multi-scale feature fusion module( MFM) is devised,

leveraging cross-level information interaction and adaptive aggregation to bolster the model’ s robustness in

perceiving targets of varying scales. On a photovoltaic infrared aerial dataset encompassing five typical

defect types, the enhanced model attains an mAP@0. 5 of 84.12% , marking a 5. 16% improvement over
the baseline RT-DETR-r18, and achieves an inference speed of 48 FPS, fulfilling the demands of industrial

real-time inspection. The results demonstrate that this approach significantly elevates the accuracy and

reliability of photovoltaic defect detection in intricate outdoor environments.

Key words: photovoltaic defect detection; aerial infrared image; RT-DETR algorithm; dynamic convolution;

small target detection
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Fig.2 MFK-DETR model architecture diagram
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Tab.2 Comparative experiment results of different models

Models mAP@0. 5/ % P/% R/ % FPS
YOLOV5s 72.45 78.12 65. 34 102
YOLOVSs 76. 88 79.45 71.20 86
YOLOv1In 75.12 81.33 68. 56 105
YOLOvI12n 80. 55 82.70 75.42 82
RT-DETR-r18 78.96 76.92 73.12 52
RT-DETR-r34 81.42 82.15 76.88 34
RT-DETR-C2{-Mamba 80. 12 83.45 74.56 40
RT-DETR-DCNV4 82.35 84.78 77.10 37
Ours 84.12 82.05 78.79 48
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Fig. 8 Comparison of test results
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Tab.3 Generalization experiment results

Models mAP@0. 5/ % P/% R/% FPS
YOLOvVS5s 65.25 72.54 63.12 97
YOLOVS8s 69. 80 73.92 66. 45 85

YOLOv1ln 71.12 75.18 68. 20 101
YOLOv12n 75.12 77.33 72.85 83
RT-DETR-r18 74.41 75.12 72.69 50
RT-DETR-r34 75.32 74.55 75.95 33
RT-DETR-C2{-Mamba 73.85 74.12 71.88 37
RT-DETR-DCNV4 76.22 76.45 74.31 32
Ours 78.08 77.42 75.48 43
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