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Sun Wenbin', Wang Rong™”, Sun Lianzhu', Lin Yuansong'
'School of Information Engineering, Guangdong University of Technology,
Guangzhou, Guangdong 510006, China;
*College of Information Engineering, Northwest A&F University, Xianyang, Shaanxi 712100, China;
‘National Engineering Research Center for Information Technology in Agriculture, Beijing 100097, China;

‘School of Traffic and Transportation, Beijing Jiaotong University, Beijing 100044, China

Abstract Age change is one of the main reasons that affect the performance of face recognition. In order to solve the
problem of low face recognition rate caused by the change of age, a cross-age face recognition model (CA-CNN) based
on deep learning is proposed for cross-age face recognition. First, the overall face features are extracted from the face
image by the convolutional neural network; then, an efficient convolutional attention module is proposed to obtain age
features from overall face features, and combined with multi-layer perceptrons and multi-task supervised learning, the
overall face features are non-linearly decomposed into age features and identity features; finally, for better distinguish
between identity features and age features, an approved batch kernel canonical correlation analysis module is put
forward to analyze the correlation between the decomposed identity features and age features. After the training of
adversarial learning, the correlation is minimized and cross-age face recognition is realized. The proposed model
achieves the recognition accuracy up to 99. 03% of rank-1 on the MORPH Album 2 dataset, and the face verification of
equal error rate of 9. 8% on the CALFM dataset, which indicates the effectiveness of the proposed model.
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Table 2 Rank-1 results of different algorithms on Morph
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Algorithm Accuracy of Rank-1 /%
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Baseline 95.67
Baseline+ Age 97.73
Proposed algorithm 99.03
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Fig. 7 Some examples of failed retrievals
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Table 3 Evaluation results of different algorithms on CALFW dataset

Algorithm Training image size /Million EER /% FNMR@FMR(0.1) /%
VGG-Face(2015)" 2.6 13.5 17.6
Nosiy softmax(2017)"" 0.5 17.5 29.2
AFJT-CNN(2018)"" 0.7 14.8 21.8
FSDS-CNN(2020)"" 0.5 10.1 10.2
Proposed algorithm 0.5 9.8 10.0
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