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Cross-domain face transfer learning based on sparse subspace clustering

ZHU Junyong ', LU Feng’
(1. School of Data and Computer Science, Sun Yat-sen University, Guangzhou 510006, China;
2. Insititute of Criminal Science and Technology, Guangzhou 510050, China)

Abstract: The quality of a face recognition system heavily depends on the amount of labeled training da-
ta. Bias would probably exist in both in-class and between-class scatter when there is few labeled data.
Considering the cost of manual labeling is too high, an alternative choice is to make use of existing data
which is related to the objective problem. In this way, it is able to alleviate the dependence of manual la-
beling via exploring numerous related data, offering a feasible solution to the case of lacking sufficient la-
beled training samples. To this end, a face transfer learning approach based on the sparse subspace clus-
tering and robust principal component analysis is proposed, which allows employing unlabeled source data
under the multi subspace assumption and mining useful information for the objective problem.
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nalysis; cross-domain face transfer learning
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Fig. 1 An example of sparse subspace clustering
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Fig. 2 An example of robust principal component analysis
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Fig. 3 Results of all algorithms on three data settings
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