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Abstract: Traditional Suppo! tor%achine (SVM) classification algorithms often exhibit limitations when

dealing with complex nois in classification environments. To address this issue, this paper proposes a
clustering representation- classification method. It adaptively learns a structured graph with probabilistic
neighborhood assign utilizing distance information between samples. Furthermore, constructing a new data
sample using neighborhod@ samples enhances its data representation, which helps the classifier better avoid noise
interference. Experimental results conducted on the original data and under numerous noise-induced scenarios
demonstrate that the proposed method achieves an average improvement of 4 percentage points, proving its significant
effectiveness in solving classification noise problems.
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