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Abstract: Domain drifts severely affect the performance of traditional machine learning methods, and existing do-
main adaptive methods are mainly represented by adaptive adjustment cross-domain through global, class-level, or
sample-level distribution adaptation. However, too coarse global matching and class-level matching can lead to insuf-
ficient adaptation, and sample-level adaptation to noise can lead to excessive adaptation. A substructure correlation
adaptation (SCOAD) transfer learning algorithm based on K-means clustering was proposed. Firstly, multiple subdo-

mains of the source domain and the target domain were obtained by K-means clustering. Then, the matching of the
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second-order statistics of the subdomain center was sought. Finally, the target domain samples were classified by us-

ing the subdomain structure. The proposed method approach further improves the performance of knowledge transfer

between the source and target domains on top of the traditional approach. Experimental results on common transfer

learning datasets show the effectiveness of the proposed method.
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