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Abstract: Collaborative representation based classifier and its variants exhibit superior recognition performance
in the field of pattern recognition. However, their success relies greatly on the balanced distribution of classes,
and a highly imbalanced class distribution may seriously affect their effectiveness. To make up for this defect,
this paper introduces the regularization term induced by the complemented subspace into the framework of
collaborative representation model, which makes the improved regularization model more discriminative.
Furthermore, in order to improve the recognition accuracy of the minority classes on imbalanced datasets, a
class weight learning algorithm based on the nearest subspace is proposed according to the representation
ability of each class of training samples. The algorithm obtains adaptively the weight of each class and can
assign greater weights to the minority classes, so that the final classification results are more fair to the
minority classes. The proposed model has a closed-form solution, which demonstrates its computational
efficiency. Experimental results on authoritative public binary-class and multi-class imbalanced datasets show
that the proposed method outperforms significantly other mainstream imbalanced classification algorithms.
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