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YOLOV5 Photovoltaic Panel Defect Detection Method Based on Feature
Recombination and Attention Mechanism
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Abstract: Aiming at the problems of low small object detection accuracy and poor generalization ability in defect detection of
photovoltaic panels, a YOLOV5 photovoltaic panel defect detection method based on feature recombination and attention mechanism
is proposed. Firstly, the convolutional attention module and compression excitation module are used separately to extract the features
of the target image in the channel and spatial dimensions, enabling the network to learn the target features more effectively; Then, the
receptive field extension module is used for feature fusion to ensure that the network can combine large receptive field features and
small features for comprehensive judgment; Finally, a feature recombination module was introduced to perform feature recombination
on feature maps of different sizes, solving the problem of missing and insensitive information for small targets in the network. The
effectiveness of this method was verified through ablation experiments and comparative experiments.
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