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singular value decomposition for fabric defect classification
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Abstract: To improve the accuracy of fabric defect image classification, a weighted linear discriminant
analysis (ILDA) algorithm based on generalized singular value decomposition was proposed for fabric defect
classification, First, the defect feature information was retained by using the weighted means to reflect the
distribution of real data. Then, the inter-class separation weight and intra-class aggregation weight were
added into the inter-class scattering matrix and the intra-class scattering matrix, respectively, which
tackled with the neglection of local geometric information occurring in other fabric defect classification
algorithms. Finally, by combining the generalized singular value decomposition method, the problem of
singular irreversibility for small samples was solved and the computational efficiency was improved. The
experimental results based on different fabric image datasets demonstrate that the proposed method can
effectively solve the lack of local geometric information features and the high-dimensionality of small
samples. At the same time, compared with other state-of-the-art LDA-based algorithms, the proposed
method has achieved better classification accuracy, and the computational time required for classification is
more competitive,
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