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Abstract: In order to achieve intelligent classification detection of surface damage and pollution on solar panels, this paper proposes a
detection method based on an improved FasterNet model. Aiming at the variety of surface damage and pollution types and the complex
background characteristics of solar panels, a dataset is first established that includes categories such as bird droppings, dust, and electrical
burns, and image preprocessing techniques are applied to enhance data diversity. Then, an improved FasterNet classification detection model
is constructed, with SimAM parameter-free attention mechanisms added after the first and third FasterNet Blocks, and adaptive moment
estimation( Adam) is used as the model loss function, further improving the network’s classification performance and training efficiency. In
the experimental process, a comparison with the original FasterNet model is conducted. Compared to traditional solar panel detection
methods, the improved FasterNet model exhibits better intelligent performance in practical applications, improving detection accuracy
without increasing computational complexity. The research presented in this paper provides effective technical support for the realization of
intelligent solar panel inspection, with broad application prospects.
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Tab. 1 Recognition results before and after using the SimAM attention mechanism
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