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Research and Realization of Wood SpeciesRecognition

Based on Convolutional Neural Network
BIAN Yuan, KONG Xiaoying, ZHANG Li, BIAN Shizheng, LI Ruigai

(College ofInformation and Computer Engineering, Northeast Forestry University, Harbin 150040, China)

[ Abstract] As the field of artificial intelligence develop rapidly, the performance of deep learning algorithm is constantly

improved, the application of deep learning in various fields is promoted greatly. In this paper, convolution neural network algorithm

is used to establish tree species identification model, and leaves are used as model input data. The model established in this paper

Flavia The recognition accuracy of data set is 90% Above, the application requirements are met. The design of this model has certain

practical application value to forestry.
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Fig. 1 Structure diagram of convolutional neural network
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Fig. 2 Schematic diagram of 2x2 maximum pooling principle
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Fig. 3 Flavia leaf data set
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Fig. 4 RGB leaf image conversion grayscale legend
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Fig. 5 The network model designed in this paper
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Fig. 6 Model training with the lowest accuracy
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Fig. 7 Model training with the highest accuracy
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