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Feature transfer algorithm based on an auto-encoder
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Abstract: The stacked auto-encoder (SAE) has recently shown outstanding image classification performance in large-
scale datasets. Relative to the low-level features of artificial design in other image classification methods, the success of
SAE is its deep network that can learn rich mid-level image features. However, estimating millions of parameters re-
quires a very large number of annotated image samples, and this prevents many SAE applications to small-scale training
data. In this paper, the proposed algorithm shows how to efficiently transfer image representation learned by SAE on a
large-scale dataset to other visual recognition tasks with limited training data. In the experimental section, a method is
designed to reuse the hidden layers trained on MNIST datasets to compute the mid-level image representation of
MNIST-variation datasets. Experimental results show that, despite differences in image datasets, the transferred image

features can significantly improve the classification performance of the model.
Keywords: auto-encoder; feature transfer; deep network; deep learning; image classification; mid-level image represent-

ation; visual recognition; large-scale datasets
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Fig.1 Auto-encoder diagram
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Fig.2 Stacked auto-encoder diagram
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Fig. 3 Feature transfer model diagram
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Table 1 Classification error rate %
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MNIST-rot 2.17 204 205 1.82 1.26
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MNIST-back-rand 197 183 1.79 1.76 1.68
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