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Convolutional neural networks (CNNs) have convolution, rectification, normalization and pooling layers in their feature

extraction units. Recently, a lot of varieties of configuration of the normalization and pooling layers have been proposed and

increasing their performance. However, the best configuration is still unknown. To clarify the best configuration, we
composed various CNNs with a different feature extraction unit configuration by combing three normalization types (none
point-wise or pooled), three pooling types (L1, L2 or L), two pooling area types (within a map or across maps), and two
processing orders. We evaluated them using the MNIST handwritten digit database and found that the best is the
configuration recently proposed by us, which is an improved CNN based on human visual information processing model. It
achieved the lowest error rate on the undistorted, unprocessed MNIST dataset (0.527%).
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