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Abstract: Macular disease is one of the important causes of blindness, manual screening is prone to misdi-
agnosis, and automatic diagnosis based on deep learning helps early detection and treatment. A classifica-
tion and detection algorithm for macular lesions based on improved YOLOv5 was proposed. To solve the
problem of insufficient fusion of fine features in macular lesions images, a weighted bidirectional feature
pyramid network replaced the PANet feature fusion module of YOLOV5 neck to achieve efficient multi-
scale feature fusion to obtain better-detailed features of macular lesions. To solve the problem of poor
detection ability of small target lesions, the SK attention mechanism was introduced into the model to
enhance the capture of regional features of macular lesions by adjusting the receptive field adaptively. Com-

parative experiments show that the proposed algorithm can improve the detection accuracy of small targets
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from 91.9% to 94.2%, and the average accuracy of the whole class from 93.4% to 96.6%. Moreover,

under the same conditions, the algorithm performs better than other target detection network models.

Key words: object detection; macular degeneration of the retina; weighted bidirectional feature pyramid

network; attention mechanism
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Tab.1 Clinical manifestations of macular degeneration
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