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Face Attribute Recognition Based on Multiple Granularity Features
HAN Fei, ZHOU Weibin, YANG Yonggang, WANG Yang

(College of Electronic Information and Automation, Tianjin University of Science & Technology,
Tianjin 300222, China)

Abstract: Face attribute recognition is usually affected by such objective factors as illumination, brightness and head pos-
ture, which reduces the accuracy of face attribute recognition. In order to improve the accuracy of face attribute recognition
in complex scenes, using convolutional neural network (CNN) technology, in this article we propose a face attribute recogni-
tion network model based on multiple granularity face attribute net (MGFA Net) . On the MTFL datasets, by extracting mul-
tiple granularity features from face images, the overall feature’s ability to express each face attribute task was increased. The
average recognition accuracy of the four types of face attributes reached 88% , which was significantly improved by 2.79%
compared with the ResNet18, and the effectiveness of the multiple granularity feature network structure was proved through
comparative experiments.

Key words: face attribute recognition; multiple granularity features; convolutional neural network
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Fig.1 Schematic diagram of face subregion division
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Fig. 4 Visualized comparison results of feature maps of small pose face images
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Fig. 5 Visualized comparison results of feature maps of large pose facial images
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