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Beyond size: how the appearance of the receptive field can affect the
performance of a convolutional neural network

GE Yifan', WU Jianxin!

1. National Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210023

Abstract:

works, we not only analyze the size of a receptive field but also its appearance. We give a formal definition of the

This paper is on the receptive field of a convolutional neural network. Unlike the vast majority of

receptive field and develop a method to analyze the appearance of a receptive field with the help of visualization.
Based on our analysis, we find that some of the widely-used convolutional neural networks have issues of
midpoint shift and “gridding”. We propose a simple cure for these issues and observe that they disappear in the

visualization. We validate the effectiveness of the proposed method with experiments on computer vision tasks,

including classification, object detection and instance segmentation.

Key words: Convolutional Neural Network; Receptive Field; Visualization; Computer Vision
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