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Research on Image Classification based on HE-Net Convolutional Neural Networks

WANG Qing, LI Xiao-jie, CHEN Jun
(College of Computer Sciences, Chengdu University of Information Technology , Chengdu 610225, China)

Abstract ; Based on the Caffe deep learning framework and the first convolution layer inversion operation, this paper pro-
poses a He-Net network model to achieve image classification problem. The model consists of three convolution layers
and the max-pooling layer, and three fully connection layers. The first convolution layer adopts the inversion operation to
add the transmission of the effective feature information and uses a smaller convolution kernel to extract more texture fea-
tures. Finally, the softmax classifier is employed to identify image classifications. In order to make training faster, we
use a more efficient GPU to achieve convolution operations. For the same data set, compared with the classic network
model CaffeNet, AlexNet experiment, He-Net network model has a higher classification accuracy.

Keywords : artificial intelligent; deep learning; Caffe frame; convolution neural network ; image classification ; activation

function



