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Abstract

This paper proposes a sparse representation classification method based on deep learning. The
network consists of an Auto-encoder with convolution and a fully connected layer. The role of the
encoder network is to learn robust deep and abstract features of images, and the role of the de-
coder is to classify. Meanwhile, the sparse coding layer between the encoder and the decoder net-
work is used for finding the sparse representation for these features from encoders. The sparse
coding of the test set is then used for classification. In this paper, experiments on the traditional
Sparse Representation Classification Network (SRC) and the Sparse Representation Classification
Network (DSRC)combined with Deep Learning were conducted on the UMD mobile face dataset
(UMDAA-01), and the results show that the combination of deep learning and sparse representa-
tion is better than the traditional SRC method.
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Table 1. Pseudo-code for classification tasks based on sparse representation
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Figure 1. Architecture of classification network model based on deep sparse representation
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Figure 2. Model detail settings. (a) The architecture of image encoder; (b) Image decoder; (c) Sparse encoder layer
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Table 2. Pseudo-code for classification tasks based on deep sparse representation
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Figure 3. Examples for images in dataset
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Table 3. Performance of the two methods on the task of sparse representation classification
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