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Cross-Age Face Recognition Algorithm Based
on HOG-CSLBP and Deep Learning

HU Yu-ping

Big Data Institute ., Chongqing Water Resources and Electric Engineering College , Chongqing 402160, China

Abstract: Aiming at the problem of low recognition accuracy in face recognition, a cross-age face recogni-
tion algorithm based on deep learning has been proposed. In this method innovatively, the combination of
Histogram of Oriented Gradient (HOG) and Center Symmetric Local Binary Pattern (CSLBPS) has been
conducted for face image feature extraction and the image fusion features been obtained including the struc-
ture and intensity information, and then the binary tree been used to feature the features. The dimension-
ality reduction feature has been used as the visual layer input of the deep belief network, which makes up
for the defect that the depth of the new belief network cannot meet the local features of the image. The
test samples have been learned through the trained deep network model, and the features been classified
and identified at the top level of the deep belief network. The experimental results show that the proposed
method can realize face recognition with high precision, and compared with other methods, the perform-
ance of this method is better than other methods, which shows the feasibility and effectiveness of the pro-
posed method.

Key words: Histogram of Oriented Gradient; Central Symmetric Local Binary Pattern; Binary Tree; Deep

Belief Network; Cross-Age Face Recognition
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