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Figure 1 Overall framework of the FSDS-CNN
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Table 1 Evaluation results on the Morph Album 2 dataset

WRES Rank1/%

CARC [ 92. 80
MEFA ‘' 93. 80
MEFA +SIFT+MLBP! "¢/ 94. 59
LPS+HFA''" 94. 87
LF-CNNs"* 97.51
AE-CNN'¥ 98.13
AFJT-CNN '© 97. 85
OE-CNNs"” 98. 55
DAL 7 98.93
CNN-baseline 91.83
CNN-baseline+Age 96. 52
FSDS-CNN 98. 41
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Table 2 Evaluation results on the CACD-VS dataset

WIRZS TG E/ % AUC/ %
HD-LBP!* 81.6 88. 8
CARC'™! 87.6 94.2
SRR 13] B 1 85.7 94.6
SCHER[13] 079k 2 94.2 99.0
LF-CNNs ! 98.5 99.3
AFJT-CNN ' 99.0 99. 4
OE-CNNs ! 99.2 99.5
DAL 99.4 99.6
CNN-baseline 98. 4 99. 4
CNN-baselinet+Age 98.8 99.5
FSDS-CNN 99.2 99,7
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Figure 4 ROC curves of different methods on CACD-VS
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Table 3 Evaluation results on the CALFW dataset

WiRis YGHAER/NM  EER/%  FNMR/%
VGG-Face' ™" 2.6 13.5 17.6
Noisy Softmax'**’ 0.5 17.5 29.2
AFJT-CNN'® 0.7 14.8 21.8
CNN-baseline 0.5 15.1 19. 4
CNN-baseline+Age 0.5 14.6 18.0
FSDS-CNN 0.5 10.1 10.2
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Cross-age Face Recognition Method Based on Feature Subspace Direct Sum

YE Jihua, GUO Qiyue, JIANG Aiwen, LI Xin

(College of Computer Information Engineering, Jiangxi Normal University, Nanchang 330022, China)

Abstract: To solve cross-age face recognition tasks, this paper introduces the direct sum module on the basis
of the multi-task convolutional neural network that simultaneously performs two tasks of face recognition and
age classification, and proposes the feature subspace with direct sum multi-task convolutional neural network
(FSDS-CNN). The network uses two parallel subnets to extract the identity-related feature and age-related fea-
ture from the deep feature, then the direct sum constraint is applied to the feature subspaces corresponding to
these two related features, so that the correlation between identity-related feature and age-related feature is
decreased as much as possible. Through the joint supervised learning of multiple loss functions, the network
can obtain age-invariant face identity feature that is robust with age. Cross-age face recognition and verification
experiments is conducted on three datasets (Morph Album 2, CACD-VS and Cross-Age LFW). In the CACD-
VS dataset, the proposed method achieves the optimal result of 99. 7% on the evaluation metric of AUC; in the
Cross-Age LFW dataset, the method respectively achieves the optimal results of 10. 1% and 10.2% on the
evaluation metric of EER and FNMR when FMR is 0. 1. At the same time, the ablation comparison experi-
ments are conducted on the three datasets to verify the effectiveness of the direct sum module. The results show
that the correlation between identity features and age features is effectively reduced by the direct sum module
in FSDS-CNN, and then effectively improves the performance of cross-age face recognition.

Key words: face recognition; cross-age; multi-task ; subspace direct sum; feature subspace



