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Automatic Construction of Feature Extraction Process Based on Combinatorial
Optimization of Image Processing Filters
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In this research, we developed a novel technique that constructs efficient
image feature extraction process by using a black-box optimization method based on combinatorial
optimization of basic image processing units such as image processing filters. Further, we extended
and applied the idea of this technique to convolutional neural networks (CNN) that show high
performance on image recognition tasks. From the numerical experiments of image recognition, we
confirmed that the proposed methods outperform the existing CNN based methods.
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