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Face Age Classification Method Based on Ensemble Learning of Convolutional Neural Networks

MA Wen-juan DONG Hong-bin
(College of Computer Science and Technology, Harbin Engineering University, Harbin 150001 ,China)

Abstract Face age estimation has attracted much attention due to its potential applications in the areas of human-com-
puter interaction and safety control, This paper focused on face age classification task,and proposed an age classification
algorithm based on ensemble convolutional neural network for face age classification, Firstly, two convolutional neural
networks which make face images as input are trained, and the deeply global features are extracted mainly by using con-
volutional neural network. In order to further supply the local features of face images, especially texture information, the
extracted LBP feature will be taken as input for another network. Finally, in order to combine the global features and the

local features of the face images, three networks are integrated to generate good results in the widely used age estima-

tion dataset.
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Fig. 2 Architecture of the proposed algorithm
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Fig. 3 Comparison of original image and histogram equalization
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Table 1 Age classification performance of single model/ %

EES AEM AFEO
B 1 52.3 87.6
B % 2 53.0 87.1
EES 44.1 80. 3
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Table 2 Age classification performance of ensemble learning

. R AR
s AEM AEOQ AEM AEOQ
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Table 3 Comparison of methods/ %

ik AEM AEO
AppearanceB] 38.4 71.3
Appearance+C0ntextE3] 42.9 78.1
Gabor+ Adaboost2%- 43.7 80.7
LBP+ Adaboost %] 44.9 83.0
Baosted Gabor+SVM-2] 48.4 84. 4
Boosted LBP+SVM-2] 50.3 87.1
Transfer learning+CNN[13] 56.0 92.0
3 MEHLA AL 8 CNN 54.3 88.0
LS 56. 6 88.5
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Table 4 Confusion matrix
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