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Multi-species apple leaf disease detection with improved YOLOVS algorithm
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Abstract: Aiming at the problems of large difference in accuracy and low detection accuracy of various types of apple
leaf diseases, an improved YOLOv5 detection algorithm for accurate identification of apple leaf diseases (YOLOV5 —
CSEP) was proposed. Firstly, C3Ghost module was introduced to replace the C3 module of YOLOv5 backbone network
to reduce the number of parameters and calculation amount of the model. Secondly, the hybrid attention module C—SAM
was added to the backbone network to improve the feature extraction capability of the backbone network, and the
CA attention module was added to the neck network to suppress the interference of complex background information.
Finally, an enhanced path aggregation network (E — PANet) was introduced to fully integrate multi-scale features
and improve the accuracy and robustness of the network to detect various types of apple leaf diseases. Experiments showed
that all performance indexes of the improved algorithm were improved, the accuracy rate reached 93.2%, and the
average accuracy (mAP @ 0.5) reached 87.9%. Compared with the original YOLOv5 algorithm, it was improved by
3.4% and 1. 7% respectively, and the calculation amount was reduced by 11%.
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Tab. 2 Ablation experiment of YOLOv5—CSEP model
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Tab. 3 Experimental results are compared with the mainstream algorithms
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