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[ Abstract] In order to improve the detection capability of plant leaves and reduce the tedious labour cost, a dataset containing 10
types of common plant leaves was constructed in this paper. A YOLOvVS5 network model based on the pytorch framework was applied
to train the leaf dataset, and the leaf test images were detected by the training model, which achieved better results in terms of
recognition speed and accuracy. The experimental results show that the average accuracy of the detection method in this paper for leaf

recognition is 93% and the recognition speed is fast, which effectively solves the problems of time-consuming classifier and low

accuracy rate in traditional plant recognition methods.
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Fig. 1 YOLOvV5s Network Structure Diagram
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Fig. 2 Partial plant leaf dataset
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Fig. 3 Mosaic data enhanced with leaf dataset
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Fig. 4 Leaf training set loss
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Fig. 5 Model Performance Evaluation Metrics
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Fig. 6 Partial recognition results of YOLOv5
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