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Wood Classification Based on Recognition of Bark Texture Feature
WANG Junmin,SUN Xiaoyan
(School of Information Engineering, Pingdingshan University, Pingdingshan, Henan 467036, China)

Abstract ;: To implement wood classification based on the recognition of bark texture feature, this paper pro-

poses a hand-crafted-feature based method and a deep-learning based method, respectively. The hand-crafted-

feature based method first extracts the fine texture features and coarse color information, and then discriminates

the extracted features by nearest subspace classifier to classify the wood. The deep-learning based method uses

the pre-trained VGG-16 model, and then fine-tunes the model with the bark texture images to obt st

model. The experimental results on the New-BarkTex database demonstrate that the proposed metho e

high performance in terms of recognition accuracy, with superior performance of the deep learning ba:

ul

Key words :texture image recognition ; feature extraction; bark texture; wood classification



