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Research on the detection method of molar leaf disease spot
based on the improved YOLOv7 algorithm

LI Tian, TANG Lu

(College of Computing, China West Normal University, Nanchong Sichuan 637000, China)

[ Abstract] Aiming at the problems of low missed detection rate and low detection accuracy of traditional grape leaf disease spots,
an improved model based on YOLOV7 is proposed. The algorithm redesigns the anchor box to fit the grape leaf disease spot dataset.
The global attention mechanism GAM was embedded in the neck of the YOLOv7 model to obtain richer cross—channel information
and position information. In view of the adhesion of individual disease spots, the flexible non—maximum mechanism ( Soft—NMS )
strategy was introduced to improve the regression accuracy of the detection frame. In order to verify the effect of the improved
model, three common grape leaf diseases were selected for testing and verification. It is verified that the average accuracy ( mAP) of
the improved YOLOvV7 model on this dataset reaches 87.2% , which is 3.1% higher than the YOLOvV7 model. The experimental
results show that the improved algorithm can be applied to the detection of grape leaf diseases in the natural environment, which
provides a new method for the prevention and control of grape diseases.
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