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Corrosion Detection
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Abstract  Visual inspection based on machine learning has been widely used in industrial fields including rust detection. In view
of the existing problems of high complexity and relying on a large number of manual annotation,a new semi-supervised Extreme
Learning Machine named HyLap-S3ELM is proposed in this paper and applied to the detection of corrosion defects of shock
hammer. Model parameters have closed solutions, so they can be calculated directly and have little dependence on operation re-
sources. A hypergraph Laplacian matrix is introduced to better describe the smoothness of data,so as to improve the accuracy of
semi-supervised classification. The risk regularization term is introduced to improve the stability of semi-supervised classifier
when the assumption of data smoothness is in accurate or there is deviation of marked samples. Finally. the effectiveness and su-
periority of the proposed method are proved by a large number of experiments.
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Fig. 1 Illustration of system workflow
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Fig. 2 Partial results presentation
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