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Convolutional neural network’ s image moment regularizing strategy

YIN Rui'?, SU Songzhi'*, LI Shaozi'*

(1. School of Information Science and Technology, Xiamen University, Xiamen 361005, China; 2. Fujian Key Laboratory of the Brain-
Like Intelligent System, Xiamen University, Xiamen 361005, China)

Abstract ;: There are two kinds of pooling strategies for convolutional neural network (CNN) as follows: max pooling
and average pooling. Max pooling simply chooses the maximum element, which makes this strategy extremely prone
to overfitting. Average pooling endows all elements with the same weight, which lowers the weight of the high-fre-
quency components. In this study, we propose moment pooling as a regularization strategy for CNN. First, we intro-
duce the geometric moment to CNN pooling and calculate the central moment of the pooling region. Then, we ran-
domly select the response values based on the probability-like interpolation method from the four neighbors of the
moment as per their probability. Experiments on the MNIST, CIFAR10, and CIFAR100 datasets show that moment
pooling obtains the fewest training and test errors with training iteration increments. This strategy’ s robustness and
strong discrimination capability yield better generalization results than those from the max and average pooling meth-
ods.
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