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Face Attributes Recognition by Multi-level Sub-network and Ranked Dropout Mechanism

Gao Shulei, Zhou Mian, Xue Yanbing, Xu Guangping, Gao Zan, Zhang Hua

(Key Laboratory of Computer Vision and System, Ministry of Education, Tianjin Key Laboratory of Intelligence Computing and

Novel Software Technology, Tianjin University of Technology, Tianjin, 300384, China)

Abstract;: How to improve the accuracy of face attributes recognition in natural environment or unrestrict-
ed environment is an important question in applying face attributes. In daily life, the uncontrollable fac-
tors, such as face postures and light, have a great influence on the recognition of human face attributes.
How to improve the accuracy under the influence of the above factors is a key problem in the study of face
attribute recognition. Given the success of convolutional neural network (CNN) in image classification, a
new network structure is built by using multi-level sub-network and ranked Dropout mechanism algo-
rithm. The structure has strong robustness to deal with face changes, thus achieving better results in the
CelebA dataset and LFWA dataset, and reducing the network size significantly as well.

Key words: convolution neural network; face attributes prediction; deep learning; multi-level sub-net-

work; ranked dropout mechanism
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networks and two full connected layers
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Fig. 3 Feature map comparison
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Tab.1 The size of model and dataset accuracy comparison
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Tab.2 Comparison experiment results of the sub-model

i A Convl Conv2 Conv3 Conv4 Convb mAP
ZFNet 96 256 384 384 256 0. 82
HighZF-Sub 48 128 192 192 128 0.78
LowZF-Sub 48 128 192 192 128 0. 54
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Comparative prediction accuracy on CelebA (left) and LFWA datasets (right) on each attribute
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Tab.3 Overall comparisons of LNet+ ANet, current state-of-the-art best representa-

tion) and the proposed method
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Tab.4 Our attribute recognition accuracy on the CelebA and LFWA %

NI & Pk CelebA LFWA NI LR CelebA LFWA
50’ ClockShadow 0.889 6 0.778 8 Male 0.979 5 0.979 5
Arched eyebrow 0.832 8 0.827 0 Mouth S. open 0.934 3 0.840 4
Attractive 0.817 7 0.817 3 Mustache 0.966 8 0.940 0
Bags under eyes 0.849 1 0.854 2 Narrow eyes 0.872 5 0.811 4
Bald 0.988 8 0.915 6 No Beard 0.956 9 0.8159
Bangs 0.959 5 0.902 5 Oval face 0.749 4 0.799 9
Big lips 0.708 0 0.7857 Pale skin 0.971 0 0.931 2
Big nose 0.832 1 0.832 1 Pointy nose 0.773 8 0.866 1
Black hair 0.897 1 0.917 0 Receding hairline 0.936 9 0.869 8
Blond hair 0.960 3 0.984 7 Rosy cheeks 0.949 9 0.913 5
Blurry 0.956 9 0.865 7 Sideburns 0.974 7 0.820 9
Brown hair 0.886 7 0. 866 1 Smiling 0.927 5 0.911 7
Bushy eyebrows 0.926 2 0. 860 9 Straight hair 0.827 0 0.804 1
Chubby 0.953 4 0.775 3 Wavy hair 0.836 3 0.841 9
Double chin 0.964 0 0.830 0 Wearing earrings 0.891 0 0.958 0
Eyeglasses 0.996 1 0.911 8 Wearing hat 0.989 8 0.907 0
Goatee 0.995 1 0.832 9 Wearing lipstick 0.936 5 0.930 3
Gray hair 0.981 3 0.915 3 Wearing necklace 0.864 4 0.893 0
Heavy makeup 0.908 7 0.979 0 Wearing necktie 0.968 1 0.805 3
High cheekbones 0.875 1 0.872 0 Young 0.880 3 0.879 8
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