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Automatic Wood Defect Recognition Based on Fast /,-Minimization Algorithm and LBP
Algorithm

Xiong Weijun, Yang Xubing, Yun Ting, Zhu Zhengli
(College of Information Science and Technology, Nanjing Forestry University, Nanjing, 210037, China)

Abstract ; /,-minimization algorithm is one of the hot topics in the signal processing and optimization com-
munities in solving the sparsest matrix. Compared with the traditional principal component analysis using
[, norm, the [, norm only calculates the main characteristics matrix of the image, which is more robust to
noise and abnormal data. While it is used too few in wood identification. The local binary pattern (LBP)
texture analysis operator is defined as a gray-scale invariant texture measure. LBP algorithm is important
in view point of pattern classification, and can be used to extract three-layer cross-sectional features of
different wood RGB images data. And then a fast /, norm algorithm is used to implement fast and accu-
rate identification to judge whether the wood surface has defects or not, and where defects locate. Many
experiments indicte that fast [, algorithm combined with LLBP can get correction of 0. 931 for defect loca-
tion in wood surface.

Key words: /,-minimization algorithm; local binary pattern (I.LBP); identify algorithm; wood defects
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Tab.1 Effect of size of test image blocks on
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Fig. 1 Oil, knot and crack feature images
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