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Abstract

Leaf is an important organ for photosynthesis and nutrient production in plants. Accurate and
rapid acquisition of plant leaf parameters is of great significance for understanding plant growth
rules and improving yield. In this paper, graph convolution neural network (GCNN) is used as the
basic framework and the graph composition is updated in each layer of the network. In this paper,
the collected point cloud data of 864 plants are used as our data set, and the same equipment is
used to verify the proposed model on the data set. Experiments show that the method we pro-
posed has greater performance improvement than previous point cloud segmentation models.
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Figure 2. Learning process of point cloud graph feature
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Figure 3. Architecture of GCNN
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Figure 4. Process of GraphConv
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Figure 5. Part of plant point cloud data
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