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Design of Convolutional Network Based on Slice

ZHOU Yue,ZENG Shang-you, YANG Yuan-fei, FENG Yan-yan,PAN Bing

(College of Electronic Engineering, Guangxi Normal University, Guilin 541004, China)

Abstract: This paper proposes a grouping method of convolution structure for feature extraction of images. The
model increases the depth of network, and the network parameters changes smaller. Compared with the traditional
CNN, the network using the module of this paper increases the recognition rate from 50. 1% to 52. 2% on the data
set Caltech256. On the data set 101_food, the recognition accuracy increased from 66. 3% to 68. 9%. Experimental

results show that the network structure in the paper improves the network performance.
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