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Abstract The change in the facial features with age is a crucial factor affecting the performance of face recognition
systems. Therefore, this paper proposes a cross-age face recognition method based on a Transformer. First, the improved
T2T-ViT model was used to extract mixed features considering the age and identity. The extracted age and identity
features were obtained through residual factor decomposition. Subsequently, the correlation between the age and identity
features was removed using a decorrelated adversarial learning algorithm with linear feature decomposition to achieve age-
invariant face recognition. Compared with the convolutional neural network-based DAL and MTLFace methods, the
improved model significantly reduces the number of model parameters, multiply-add operations (MACs), and calculation
time. Finally, the effectiveness of the proposed method is verified using the recognition results on benchmark datasets,
AgeDB-30, CACD_VS, CALFW, and LFW, and the accuracy of the proposed method is comparable to that of the DAL
and MTLFace methods for age-invariant face recognition.
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Table 1 Information about the used dataset

Dataset Number of Number of
identities images
faces emore'"’ 85742 5774205
AgeDB-30"" 6000 pairs 12000
CACD_VS™ 4000 pairs 8000
CALFW' 6000 pairs 12000
LEW! 6000 pairs 12000
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Table 2 Comparison of parameters of different models

Parameter Proposed model DAL(OE-CNNs)"™ MTLFace"”
MACs /GB 1.2 8. 15 6.32
Params /10° 40. 71 57.08 47.25
Batch size is 1 13.75 25.01 21.99
Inference speed /ms o
Batch size is 16 1.19 2.69 2.54
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Table 3 Accuracy of different methods on four datasets unit: %
Method AgeDB-30"" CACD_vs CALFW"™ LEW™
DAL(OE-CNNs)"" 99.4 99. 47
DAL(OE-CNN,)-Re 95.98 99. 38 95.48 99. 56
MTLFace'” 96. 23 99.55 95.62 99.52
Proposed method 96. 25 99. 35 95.48 99.63
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