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Abstract: Deep-learning based cross-age face recognition has improved significantly in recent years. 9 

However, when using the discriminative method, it is still challenging to extract robust age-invari- 10 

ant features that can reduce the interference caused by age. In this paper, we propose a novel, effec- 11 

tive, attention-based feature decomposition model, the Age-invariant Features Extraction Network, 12 

that can learn more discriminative feature representations and reduce the disturbance caused by 13 

aging. Our method uses an efficient channel attention block–based feature decomposition module 14 

to extract age-independent identity features from facial representations. In addition, we propose a 15 

direct sum loss function to reduce the interference of age-related features. Experimental results on 16 

both cross-age datasets (CACD-VS, AgeDB, CALFW, and FG-NET) and a general dataset (LFW) 17 

indicate the effectiveness and superiority of the proposed method. 18 

Keywords: Convolutional neural networks, cross-age face recognition, deep learning, attention 19 

mechanism 20 

 21 

1. Introduction 22 

Face recognition (FR) is a biometric identification technology that is convenient, 23 

friendly, contactless, non-invasive, and easy to integrate. It has played an important role 24 

in identity authentication and is widely used in many application areas, such as law en- 25 

forcement [1], identity verification processes, and security [2]. FR technology has become 26 

more mature in recent decades. Many models [3-9] based on deep networks have been 27 

proposed to address FR tasks, such as Deepface [5], VGGFace [6], FaceNet [7], and light 28 

CNN. State-of-the-art FR approaches [10,11] using ResNet architecture [12] have even sur- 29 

passed human performance in several scenarios and correctly identify faces in many real- 30 

world applications. 31 

However, the general FR models might not be robust enough to identify faces with 32 

a wide range of ages. Cross-age face recognition (CAFR) has been an increasing research 33 

interest due to its potential in real-world applications. For example, finding missing chil- 34 

dren after many years or identifying criminals who have absconded years later usually 35 

involves recognizing the same face at different ages [13]. CAFR focuses on identifying a 36 

person from images taken at different ages. However, as seen in Fig. 1, a single person’s 37 

facial shape and texture can change dramatically over time, making CAFR an extremely 38 

challenging task [14]. In particular, when the age span is large, the intra-class variations 39 

between face images from a single person are also large, making it difficult to learn age- 40 

invariant patterns. 41 

Existing methods for CAFR can be divided into two categories: generative ap- 42 

proaches and discriminative approaches. The generative approaches [14-19] synthesize a 43 

desired image into the target age group to assist with face recognition. The downside of 44 

Citation: Li, S.; Lee, H.J. Effective 

Attention-Based Feature Decomposi-

tion for Cross-age Face Recognition. 

Appl. Sci. 2022, 12, x. 

https://doi.org/10.3390/xxxxx 

Received: date 

Accepted: date 

Published: date 

Publisher’s Note: MDPI stays neu-

tral with regard to jurisdictional 

claims in published maps and insti-

tutional affiliations. 

 

Copyright: © 2022 by the authors. 

Submitted for possible open access 

publication under the terms and 

conditions of the Creative Commons 

Attribution (CC BY) license 

(http://creativecommons.org/li-

censes/by/4.0/). 



Appl. Sci. 2022, 12, x FOR PEER REVIEW 2 of 18 
 

the generative models is their high computational costs caused by the high complexity 45 

involved in modeling aged faces. The discriminative approaches [20,21] address CAFR 46 

tasks by extracting age-invariant representations. The development of deep convolutional 47 

neural networks (CNNs) has enabled a breakthrough in discriminative approaches in re- 48 

cent years. In contrast to the older handcrafted features, CNN-based methods [22-25] learn 49 

how to extract more discriminative features from large-scale datasets. Though CNN- 50 

based approaches have shown superior performance, there remains the limitation that 51 

age-invariant features are still accompanied by age-related information. Therefore, it is 52 

still a challenge to extract robust age-invariant features to reduce the interference caused 53 

by age. 54 

 55 

Figure 1. Example images from the FG-NET dataset showing the same person at different ages, 56 
illustrating the significant changes caused by facial aging. 57 

Recently, visual attention mechanisms have been widely used to solve vision prob- 58 

lems such as image classification. Attention mechanism–based approaches use channel 59 

attention to capture essential features. Therefore, we can extract age-related features in 60 

facial representations using channel attention. In this paper, we propose a novel, effective, 61 

attention-based feature decomposition model for CAFR that can learn many discrimina- 62 

tive feature representations and reduce the disturbance caused by aging. We propose an 63 

efficient channel attention (ECA) block-based feature decomposition module (EFDM) to 64 

decompose mixed features into identity-specific and age-specific features. We also pro- 65 

pose a novel loss function based on a direct sum to sufficiently separate age information 66 

and identity information from facial features. Through that direct sum loss function, we 67 

achieve a significant separation between identity-specific and age-specific features, which 68 

allows us to notably reduce the age information in the identity features. 69 

The main contributions of this paper are three-fold: 70 

• We propose an efficient end-to-end training model called the Age-invariant Features 71 

Extraction Network (AFEN) to learn age-invariant features for CAFR. Our end-to- 72 

end model greatly reduces the number of training parameters and training complex- 73 

ity, compared with existing multi-stage training methods.  74 

• Based on the attention mechanism, we propose a novel EFDM to extract deep age- 75 

invariant features, as well as a direct sum loss function to sufficiently facilitate the 76 

decomposition of age-specific and identity-specific features. 77 

• We report the results of extensive experiments conducted to compare our proposed 78 

approach with state-of-the-art models. Analyses using the developed model are con- 79 

ducted on popular public datasets (CACD-VS [20], AgeDB [26], CALFW [27], FG- 80 

NET [28], and LFW [29]) to demonstrate the robustness of the proposed method.  81 
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The rest of this paper is organized as follows. Related works on the generative and 82 

discriminative approaches are introduced in Section 2. The proposed method is described 83 

in Section 3. The experimental results and analyses of four public CAFR databases and 84 

one general face database are reported in Section 4, and conclusions are given in Section 85 

5. 86 

2. RELATED WORKS 87 

2.1. GENERATIVE APPROACHES 88 

Deep generative model–based networks are intensively applied in synthesis 89 

schemes. For instance, Zhang et al. [15] proposed a conditional adversarial autoencoder 90 

that learns a face manifold to achieve face age regression and progression. A pyramid 91 

architecture of generative adversarial networks (GANs) was proposed in an age progres- 92 

sion model [16] to ensure that the generated faces have the desired aging effects while 93 

keeping the personalized properties stable. Wang et al. [17] proposed an identity-pre- 94 

served conditional GAN for facial aging. A conditional GAN generates a realistic face at 95 

the target age, and an identity-preserved module preserves identity information. Zhao et 96 

al. [14] proposed a deep age-invariant model that jointly performs cross-age face synthesis 97 

and recognition. Huang et al. [19] proposed a unified, multi-task learning framework 98 

(MTLFace) for CAFR that simultaneously achieves age-invariant identity-related repre- 99 

sentation and face synthesis. The face synthesis approach improves the results. However, 100 

those methods still suffer ghosting artifacts on the synthesized face. In addition, those 101 

models carry high computational costs because of the high complexity of modeling an 102 

aged face, and they fail to achieve stable performance. 103 

2.2. DISCRIMINATIVE APPROACHES 104 

The cross-age discriminative models focus on extracting age-invariant representa- 105 

tions. Chen et al. [20] introduced a novel coding method called cross-age reference coding 106 

that encodes an image on a cross-age reference to obtain an age-invariant feature repre- 107 

sentation. Du et al. [30] proposed a cycle age-adversarial model that extracts age-invariant 108 

features and only uses age labels for training. Huang et al. [31] proposed the Age-Puzzle 109 

FaceNet (APFN) based on an adversarial training mechanism to address the CAFR task. 110 

Huang et al. [32] later updated the APFN to make it more compact and robust to age 111 

variation. 112 

Some recently proposed methods assume that whole-face features are composed of 113 

age-related factors and age-invariant factors. Those methods focus on decomposing the 114 

aging and identity components separately [4,21,25]. For example, Gong et al. [21] sepa- 115 

rated identity-related factors and age-related factors using a hidden factor analysis (HFA). 116 

Wen et al. [22] developed a latent identity analysis layer to separate the two components. 117 

The Age-Estimation Guided Convolutional Neural Network [23] uses the age estimation 118 

task to guide the separation of age features from the identity feature layer. Wang et al. [24] 119 

presented feature decomposition in an orthogonal embedding CNN (OE-CNN) and 120 

adapted SphereFace loss [33] to deal with the CAFR task. Wang et al. [25] proposed the 121 

decorrelated adversarial learning (DAL) algorithm to achieve feature decomposition in an 122 

adversarial manner. However, the age-invariant features are still accompanied by age- 123 

related information. Moreover, the performance of a discriminative network trained from 124 

scratch depends heavily on the number of images in the special cross-age dataset. 125 

In mathematics, the direct sum of two abelian groups of identify features and aging 126 

features forms another abelian group consisting of ordered pairs of the two features. 127 

Therefore, the entire set of facial features extracted from a well pre-trained general FR 128 

network can be decomposed into an identity-specific feature and an age-specific feature. 129 

We introduce an attention-based module and direct sum loss to facilitate this characteris- 130 

tic in our proposed method. 131 
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 132 

Figure 2. The overall framework of the proposed AFEN and its training process. After inputting a 133 
face image, an identity-specific feature map is extracted through the EFDM. The age-invariant fea- 134 
tures are then extracted through the identity classifier, age classifier, and direct sum module. 135 

3. PROPOSED METHOD 136 

This section provides a detailed description of the proposed method. The AFEN 137 

framework is shown in Fig. 2 and consists of five parts: a well-trained CNN as the back- 138 

bone, the EFDM, an age classifier, an identity classifier, and a direct sum module. The five 139 

parts jointly perform end-to-end age-invariant facial feature decomposition. 140 

3.1. FEATURE DECOMPOSITION MODULE 141 

Because the facial features extracted from the backbone are severely entangled with 142 

age-related information such as texture changes, it is difficult to recognize two face images 143 

of the same person with a large age gap [19]. A CNN extracts the feature vector 𝑥 ∈ ℝ𝑑 144 

from an input image 𝐼 ∈ ℝ3×𝐻×𝑊. The linear factorization can be defined as: 145 

𝑥 = 𝑥𝑖𝑑 + 𝑥𝑎𝑔𝑒 , (1) 

where 𝑥𝑖𝑑  and 𝑥𝑎𝑔𝑒 denote the identity-dependent factor and age-dependent factor, re- 146 

spectively. The identity-related factor, 𝑥𝑖𝑑 , can work as the age-invariant feature for 147 

CAFR. However, it has a drawback: this decomposition acts on a one-dimensional feature 148 

vector. The final identity-related factor lacks semantic feature information about the aging 149 

face, such as beards and wrinkles. To resolve that issue, we propose a feature decomposi- 150 

tion module (the EFDM) that uses ECA to decompose the feature map instead of a feature 151 

vector. 152 

Channel attention is a crucial component for improving the generalization capabili- 153 

ties of a deep CNN architecture. The channels are the result of convolutional filters that 154 

derive different features from the input, and they might not all have the same representa- 155 

tive importance. Because some channels are more important than others, it makes sense 156 

to apply a weight to the channels based on their importance before they propagate to the 157 

next layer. In this paper, we adopt channel-wise attention to highlight age-related infor- 158 

mation at the channel level. Because the parameter and FLOPs overhead of the ECA block 159 

[34] are much smaller than the squeeze and excitation block [35], we use the ECA block to 160 

compute and apply attention weights to the channels of the input feature map. 161 

Highlight
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 162 

Figure 3. Diagram of the ECA block. The ECA block first uses global average pooling (GAP) for 163 
each channel independently to aggregate the feature map 𝝌𝝐ℝ𝑪×𝑯×𝑾. Then, the ECA generates 164 
channel weights by performing a fast 1D convolution of size k and a sigmoid function, where k 165 
represents how many neighbors participate in the attention prediction for one channel. Next, the 166 
age-specific feature map, 𝝌𝒂𝒈𝒆 ∈ ℝ𝑪×𝑯×𝑾 , is obtained by channel-wise multiplication between the 167 

channel weights and the feature map 𝝌. 168 

The ECA block is an extremely lightweight channel attention module for deep CNNs. 169 

As illustrated in Fig. 3, after channel-wise global average pooling without dimensionality 170 

reduction, the ECA module efficiently captures cross-channel interactions by considering 171 

every channel and its k neighbors. The ECA generates channel weights by performing a 172 

fast 1D convolution of size k, where kernel size k represents the coverage of the local cross- 173 

channel interaction, i.e., how many neighbors participate in the attention prediction for 174 

one channel. 175 

In Fig. 3, we use the backbone to extract a facial feature map, 𝜒𝜖ℝ𝐶×𝐻×𝑊 , from the 176 

input image 𝐼 ∈ ℝ3×𝐻×𝑊. In the decomposition module, we use the ECA block to trans- 177 

form the facial feature map, 𝜒 , into an age-specific feature map, 𝜒𝑎𝑔𝑒 . The decomposition 178 

process can be defined as follows: 179 

𝜒𝑖𝑑 = 𝜒 − 𝜒𝑎𝑔𝑒 . (2) 

 180 

By subtracting the age-specific feature map from the facial feature map 𝜒, we obtain the 181 

identity-specific feature map 𝜒𝑖𝑑 .  182 

We built the feature decomposition module based on the ECA block to obtain the 183 

identity-specific feature and age-specific feature. To achieve a significant separation of the 184 

identity-specific and age-specific features, we propose the direct sum loss, which is intro- 185 

duced in the following section. 186 

3.2. DIRECT SUM LOSS 187 

The direct sum of subspaces is a relationship between two linear spaces in higher 188 

algebra as a special case of the sum of subspaces. 189 

Definition 3.1: Let 𝒲1  and 𝒲2  be two subspaces of linear space 𝒱 . And let 190 

 ( 𝛼1, 𝛼2 … , 𝛼𝑠)  be basis vectors of 𝒲1 , and (𝛽1, 𝛽2 … , 𝛽𝑡)  be basis vectors of 𝒲2 . If 191 

 ( 𝛼1, 𝛼2 … , 𝛼𝑠, 𝛽1, 𝛽2 … , 𝛽𝑡) are basis vectors of 𝒱, then we say 𝒲1 + 𝒲2 meets the direct 192 

sum condition. 193 

If two subspaces meet the direct sum condition, the redundant components between 194 

the two subspaces can be effectively removed. Therefore, we designed the direct sum loss 195 

The lebel of the diagram should be a stand alone. It should be saperated from the explianation of the diagram. 
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constraint to reduce the redundant components between the identity-related features and 196 

age-related features. The details on how to implement direct sum loss are as follows. 197 

Let 𝑥𝑖𝑑  denote the identity-related feature and 𝑥𝑎𝑔𝑒 denote the age-related feature. 198 

The identity-related feature space and age-related feature space are marked as V𝐼 and V𝐴, 199 

respectively. 200 

We obtain the basis vectors (𝑣𝑖𝑑1, 𝑣𝑖𝑑2 … , 𝑣𝑖𝑑𝐾)  from a fully connected layer. The 201 

space formed by the basis vectors (𝑣𝑖𝑑1, 𝑣𝑖𝑑2 … , 𝑣𝑖𝑑𝐾) is marked as V𝐼𝐼. In the same way, 202 

we obtain the space V𝐴𝐴 formed by the basis vectors (𝑣𝑎𝑔𝑒1, 𝑣𝑎𝑔𝑒2 … , 𝑣𝑎𝑔𝑒𝐾). To make the 203 

space V𝐼𝐼 + V𝐴𝐴  meet the direct sum condition, (𝑣𝑖𝑑1 , 𝑣𝑖𝑑2 … , 𝑣𝑖𝑑𝐾 , 𝑣𝑎𝑔𝑒1, 𝑣𝑎𝑔𝑒2 … , 𝑣𝑎𝑔𝑒𝐾) 204 

must be linearly independent. Therefore, the direct sum loss is represented as follows: 205 

𝐿𝑑𝑖𝑟𝑒𝑐𝑡_𝑠𝑢𝑚 =
1

𝐾
∑ | 𝑐𝑜𝑠( 𝑣𝑖𝑑𝑖

, 𝑣𝑎𝑔𝑒𝑖
)𝐾

𝑖=1 |. (3) 

The cosine similarity is as close to 0 as possible, making the two basis vectors linearly 206 

independent. 207 

 208 

Figure 4. Direct sum. (a) Before applying the subspace direct sum constraint. (b) After 209 

applying the subspace direct sum constraint.  210 

In the training process, the identity-related feature space V𝐼 and age-related feature space 211 

V𝐴 and the subspaces V𝐼𝐼 and V𝐴𝐴 are updated continually. As illustrated in Fig. 4, the 212 

updated spaces are marked as 𝑉𝐼
′,  𝑉𝐴

′,  𝑉𝐼𝐼
′  ,  𝑎𝑛𝑑 𝑉𝐴𝐴

′ . By applying the direct sum constraint 213 

to the two feature subspaces 𝑉𝐼𝐼 and 𝑉𝐴𝐴, the redundant components between the iden- 214 

tity feature space 𝑉𝐼 and the age feature space 𝑉𝐴 are optimally separated. Making the 215 

identity-related features and age-related features linearly independent ultimately allows 216 

the facial identity features to be extracted. The process is summarized in Algorithm 1. 217 

Algorithm 1 Procedure for making the V𝐼𝐼 and V𝐴𝐴 subspaces meet the direct sum 

constraint 

Input: Cross-age training dataset T={𝐼𝑖|i=1,2…,N}; 

the number of basis vectors marked as K 

1: P→0 

2: Initialize the parameters of the model 

3: repeat 

4:   Obtain 𝑥𝑖𝑑
(𝑃)

, 𝑥𝑎𝑔𝑒
(𝑃)

 

5:   Fully connected layer to obtain the basis vectors (𝑣𝑖𝑑1, 𝑣𝑖𝑑2 … , 𝑣𝑖𝑑𝐾) marked  

as V𝐼𝐼；Another FC layer to obtain (𝑣𝑎𝑔𝑒1, 𝑣𝑎𝑔𝑒2 … , 𝑣𝑎𝑔𝑒𝐾) marked as V𝐴𝐴 

6:   Calculate the loss 

7:   Update the parameters of the model 

8:   P→P+1 

9: until convergence 
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3.3. END-TO-END OPTIMIZATION OF THE NETWORKS 218 

Identity classification task. Through the feature decomposition module, we obtain 219 

the identity-specific feature map 𝜒𝑖𝑑 . Then, the 𝜒𝑖𝑑  is translated into an identity-specific 220 

feature, 𝑥𝑖𝑑 , at the output layer for use as the age-invariant feature in the final cross-age 221 

face verification. To enhance the discriminative identity power, CurricularFace loss [11], 222 

which has been successfully applied to boost face recognition performance, is used to su- 223 

pervise the learning of 𝑥𝑖𝑑  and to ensure identity-preserving information. The Curricu- 224 

larFace loss is represented as follows: 225 

𝐿𝐶𝑢𝑟𝑟_𝐹𝑎𝑐𝑒 = −
1

𝑁
∑ 𝑙𝑜𝑔

𝑒
𝑠(𝑐𝑜𝑠(𝜃𝑦𝑖+𝑚))

𝑒
𝑠(𝑐𝑜𝑠(𝜃𝑦𝑖+𝑚))

+∑ 𝑒
𝑠I(𝑡,𝑐𝑜𝑠 𝜃𝑗)𝑛

𝑗=1,𝑗≠𝑦𝑖

𝑁
𝑖=1 , (4) 

I(𝑡, 𝑐𝑜𝑠 𝜃𝑗) = {
𝑐𝑜𝑠 𝜃𝑗 ,                         𝑐𝑜𝑠( 𝜃𝑦𝑖 + 𝑚) − 𝑐𝑜𝑠 𝜃𝑗 ≥ 0

𝑐𝑜𝑠 𝜃𝑗( 𝑡 + 𝑐𝑜𝑠 𝜃𝑗),                𝑐𝑜𝑠( 𝜃𝑦𝑖 + 𝑚) − 𝑐𝑜𝑠 𝜃𝑗 < 0
 (5) 

where N is the number of training samples, 𝑥𝑖 is the ith feature vector corresponding to 226 

the ground-truth class of 𝑦𝑖 , 𝜃𝑗 is the angle between the normalized features of the pro- 227 

totype corresponding to the jth identity and 𝑥𝑖, the hyperparameter s determines the ra- 228 

dius of the mapped hypersphere, and m controls the cosine margin. The value of t indi- 229 

cates the model training stage. CurricularFace loss explores the discrepancy between the 230 

real identity and the predicted identity from the identity classification task.  231 

Age classification task. Following previous work [14], we divide faces of different 232 

ages into seven groups: ages 0–20, 21–25, 26–30, 31–40, 41–50, 51–60, and 61 or older. We 233 

use an auxiliary age discriminator to guide the decomposition procedure and find intrin- 234 

sic clues for age information. Softmax loss is widely used in existing face recognition for 235 

the ground truth identity. We use a softmax function with cross-entropy loss as a loss 236 

function in the age classification task to guide the predicted age approach to the actual 237 

age, which is represented as: 238 

𝐿𝑎𝑔𝑒 = −
1

𝑁
∑𝑖=1

𝑁 𝑙𝑜𝑔𝑝𝑖, (6) 

where 𝑝𝑖  is the predicted probability that input 𝑥𝑖 belongs to the correct age group. 239 

Complete loss and training algorithm. These three losses (direct sum, Curricular- 240 

Face, and age) are combined into a multi-task loss for joint optimization, as given below:  241 

𝐿𝑡𝑜𝑡𝑎𝑙 = LCurr_Face + 𝜆1𝐿𝑑𝑖𝑟𝑒𝑐𝑡_𝑠𝑢𝑚 + 𝜆2𝐿𝑎𝑔𝑒, (7) 

where 𝜆1and𝜆2are scalar hyperparameters to balance the three losses. We set both weights 242 

𝜆1 and 𝜆2 to 0.01 after the experimental analysis. The model training process is summa- 243 

rized in Algorithm 2. 244 

Algorithm 2 Model training for AFEN 

Input: Cross-age training data 𝑥𝑖 with both age label 𝑡 and identity label 𝑦𝑖  

Output: The age-invariant feature  

1: Initialize the parameters of the backbone using the pre-trained model. 

2: Train the EFDM, identity classifier, age classifier, and direct sum module with train-

ing data 𝑥𝑖  and identity label 𝑦𝑖 , and use the total loss function in (6) to obtain age-

invariant feature 𝑥𝑖𝑑 . 

3: Train until convergence. 

 245 

4. EXPERIMENTS 246 

4.1. IMPLEMENTATION DETAILS 247 

Remove
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Datasets. Several public cross-age datasets were used for model training and evalu- 248 

ation: CACD, CACD Verification Subset (CACD-VS), AgeDB, CALFW, and FG-NET. We 249 

used some CACD dataset to train our model, and we used the rest of them for evaluation. 250 

The distribution of ages in the CACD and FG-NET datasets is shown in Fig. 5. The CACD 251 

dataset is used as a public benchmark for CAFR, and it is composed of 163,446 images of 252 

2,000 celebrities. The images reflect various shooting conditions, such as illumination var- 253 

iations, pose variations, age variations, makeup, and practical scenarios. FG-NET contains 254 

1,002 images of 82 people with an age range from 0 to 69; FG-NET has larger age gaps 255 

than CACD, but it contains only a few images of a small number of people. The CACD 256 

dataset can effectively reflect the robustness of our CAFR algorithm.  257 

  

(a) (b) 

Figure 5. The distribution of ages in two of the datasets: (a) FG-NET. (b) CACD. 258 

Therefore, we choose the CACD dataset as the training dataset. We randomly se- 259 

lected 80% of its images as the training data and used the remaining 20% for validation. 260 

However, the CACD dataset contains some incorrectly labeled samples and duplicate im- 261 

ages. In particular, the age labels do not match the real age. We used the DEX [36] method 262 

to produce age labels as the ground truth. To get better training results, we also manually 263 

removed duplicate images. 264 

We conducted experiments on commonly used, public, cross-age datasets: CACD-VS 265 

[20], CALFW [27], AgeDB [26], and FG-NET [28]. We extracted only the identity-specific 266 

feature as the final facial feature representation for identity recognition in the testing pro- 267 

cess. The cosine similarity of these representations was then used to conduct face verifi- 268 

cation and identification. 269 

Data preprocessing. The CACD dataset was used to fine-tune our network in the 270 

experiments. We used the multi-task cascaded convolutional network [37] to detect face 271 

areas and facial landmarks in the training images. After detecting the eye position, we 272 

applied an affine transformation to the data to align the face images based on the detected 273 

eye coordinates. All faces were globally cropped to 112×112 based on five facial landmarks 274 

(two mouth corners, nose center, and two eyes) and a similarity transformation. Fig. 6 275 

shows some original and preprocessed face images from the CACD dataset.  276 

Training protocols. Because the CNN architecture of the ResNet module has been 277 

proved to be an effective mapping function, we used IResNet-101, which is pre-trained on 278 

the general face dataset MS-Celeb-1M, as the backbone to capture the most prominent 279 

features for identity discrimination. MS-Celeb-1M is a dataset that contains 5.8 million 280 

images of 8,500 subjects across pose and age. The pre-trained model can classify tens of 281 

thousands of identities and extract multilevel, high-resolution features. 282 

By the law of first mention, you are to state the what CACD stand for before you start using the acyron. 

By the law of first mention, you are to state the what FG-NET stand for before you start using the acyron. 

80% which represent how many images?

20% which represent how many images?

If 20% was used for validation plus 80% for training of the CACD were used. What did you used for testing?
Or do you refer your validation to testing?
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 283 

Figure 6. Examples of data used. The top row shows the original images, and the bottom row shows 284 
the aligned and normalized images. 285 

We initialized the shared model with the pre-trained model and then trained the fea- 286 

ture to decompose module on the CACD dataset with a batch size of 512 on four Nvidia 287 

Titan X Pascal GPUs. The models were trained with the SGD algorithm and a momentum 288 

of 0.9 and weight decay of 5e-4. We selected the hyperparameters by trial and error. The 289 

training process was finished at 30 epochs of 9.57K iterations. We used Adam as an opti- 290 

mizer and set the initial learning rate to 0.01. We followed the common setting as given in 291 

[10] to set the scale factor and multiplicative margin of CurricularFace loss to 64 and 0.5, 292 

respectively. Fig. 7 shows the variation trend for training loss with the optimal parame- 293 

ters.  294 

 295 

Figure 7. Trend of training and validation loss. 296 

4.2. ABLATION STUDIES 297 

 298 

In this subsection, we describe an experiment performed to investigate the efficacy 299 

of the proposed model with the CACD-VS, CALFW, and AgeDB-30 datasets. Then, we 300 

analyze the effect of taking different values for the hyperparameters, 𝜆1 and 𝜆2 in Eq. (7), 301 
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and K in Algorithm 1. In the end, we compare the time complexity with that of state-of- 302 

the-art methods. 303 

Efficacy of the proposed method. To investigate the efficacy of the proposed decom- 304 

position module and direct sum loss in our method, we considered the following variants 305 

of our method for ablative comparison based on three benchmark datasets for CAFR: (1) 306 

Baseline: the baseline model was pre-trained only on IResNet-101; (2) Baseline +EFDM: 307 

the model was trained by the EFDM; (3) Baseline +EFDM +direct sum: our proposed 308 

model, which was trained simultaneously by the EFDM and direct sum module. As re- 309 

ported in Table 1, our model had the best performance on CALFW, CACD-VS, and 310 

AgeDB, demonstrating the efficacy of the proposed method.  311 

Table 1. Evaluation results (%) by different methods. 312 

EFDM Direct sum CALFW CACD-VS AgeDB-30 

  96.03 99.33 98.37 

√  96.06 99.40 98.38 

√ √ 96.10 99.63 98.38 

Settings of the hyperparameters. As mentioned in our description of the whole loss 313 

function, we use hyperparameters 𝜆1 and 𝜆2  to balance the three losses. We conducted 314 

experiments to observe the effects of 𝜆1 and 𝜆2. We respectively set 𝜆1 as {1, 0.1, 0.01, 315 

0.001} while 𝜆2=0.01, and then set 𝜆2 as {1, 0.1, 0.01, 0.001} while 𝜆1=0.01 to test the face 316 

verification accuracy with the CACD-VS dataset. The verification rates under different 317 

values of 𝜆1 and 𝜆2 are shown in Fig. 8, which indicates that the best performance was 318 

obtained when 𝜆1=0.01 and 𝜆2=0.01.  319 

 320 

Figure 8. Face verification accuracy on the CACD-VS dataset with various values for 𝝀𝟏 and 𝝀𝟐. 321 

Parameter K is the number of basis vectors, as explained above in the direct sum loss 322 

section. We constructed face verification experiments using four values (K = 25, 50, 75, and 323 

100). The evaluation results are tabulated in Table 2 and show that increasing K can im- 324 

prove face verification accuracy. That is understandable because a larger K leads to a more 325 
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powerful nonlinear transformation. The best performance was obtained when K=75. Fur- 326 

ther increases in K led to more noise vectors, which produced a drop in accuracy. There- 327 

fore, we set parameter K to 75. 328 

Table 2. Evaluation results (%) on the CACD-VS dataset. 329 

K (value) 25 50 75 100 

Accuracy 99.60 99.60 99.63 98.55 

Exploration of identity loss. The Arcface loss is also an effective method for gener- 330 

ating discriminative identity features. Therefore, we compared the performance of 331 

Arcface and CurricularFace loss on the CACD-VS dataset by replacing the CurricularFace 332 

loss in Eq. (7) with the Arcface loss. Table 3 shows the results of CurricularFace and 333 

Arcface on CACD-VS. CurricularFace loss performed better than Arcface loss. 334 

Table 3. Evaluation results (%) on CACD-VS using different losses. 335 

Loss function Arcface CurricularFace 

Accuracy 99.57 99.63 

Time complexity. We used a well pre-trained general FR network to save resources 336 

and reduce the time required to train the network from scratch. With fewer training im- 337 

ages and training parameters (in Table 4) than MTLFace [19] and DAL [25], the proposed 338 

method achieves a comparable and stable performance. Compared with the age-invariant 339 

representations learning method under the same environment and batch size, DAL [25] 340 

cost 0.963s for each iteration on the Nvidia Titan X Pascal GPUs, whereas our method cost 341 

only 0.416s. Therefore, our method reduces the complexity and computational power re- 342 

quired for CAFR.  343 

Table 4. Comparisons of the training parameters and images required by different methods. 344 

Method 
Training parameters of net-

works (millions) 
Training no. of images 

DAL [25] 54.73  313,986 

MTLFace [19] 72.82 1,700,000 

Ours 13.42  163,446 

4.3. EVALUATIONS ON MULTIPLE BENCHMARK DATASETS 345 

We evaluated our method on several benchmark cross-age datasets, CACD-VS [20], 346 

CALFW [27], AgeDB [26], and FG-NET [28], and a general face dataset, LFW [29]. Note 347 

that MORPH [38] was excluded because it was prepared for commercial use only. To eval- 348 

uate the performance of our proposed method and compare it with other state-of-the-art 349 

CAFR methods, we chose the verification accuracy and rank-1 identification rate as eval- 350 

uation metrics. We used the receiver operating characteristic curve (ROC curve), which 351 

expresses the quality of the 1:1 matcher, to evaluate the verification accuracy. As shown 352 

in Fig. 9(a), we created the ROC curve on the cross-age datasets (CACD-VS, CALFW, and 353 

AgeDB) by plotting the true positive rate against the false positive rate. To evaluate the 354 

identification accuracy with the FG-NET dataset, we used the cumulative match curve 355 

(CMC), to measure 1: k identification system performance. The evaluation schemes for the 356 

different datasets are described next.  357 
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(a) (b) 

Figure 9. Face recognition performance of our model (a) ROC curves on CACD-VS, CALFW, 358 
AgeDB-30. (b) CMC curve on FG-NET. 359 

CACD-VS. The CACD-VS consists of 4,000 face image pairs for face verification, 360 

2,000 positive and 2,000 negative pairs. The age difference between most image pairs from 361 

the same person is less than nine years. We followed the pipeline suggested by Chen et al. 362 

to calculate the similarity score of all the sample pairs [20]. We strictly followed the cross- 363 

validation rule [24] to calculate the similarity score for all sample pairs. We first divided 364 

the dataset into ten folds, with each fold containing 400 image pairs (200 positive pairs 365 

and 200 negative pairs) from 200 celebrities. We used nine of those ten folds to compute 366 

the threshold references and then used the best threshold to evaluate the last one fold. We 367 

repeated those experiments ten times for each of the ten folds and finally calculated the 368 

average accuracy. The evaluation results with the different methods on CACD-VS are 369 

summarized in Table 5. 370 

As shown in Table 5, the proposed method outperformed all the tested methods in a 371 

large-scale dataset, achieving an accuracy of 99.63%, which indicates the effectiveness of 372 

the proposed method. Note that the MTLFace method requires a large-scale dataset of 373 

almost 1.7 million faces for training, whereas ours used only 0.16 million faces.  374 

Table 5. Evaluation results of the different methods on CACD-VS. 375 

Method Accuracy (%) 

LFCNN [22] (2016) 98.5 

OE-CNN [24] (2018) 99.20 

AIM [14] (2020) 99.38 

DAL [25] (2019) 99.40 

AA_CNN [32] (2021) 99.20 

PMADN [39] (2021) 99.20 

MTLFace [19] (2021) 99.55 

IEFP [40] (2022) 99.57 

Ours 99.63 

CALFW. To demonstrate the effectiveness of our method for face recognition with a 376 

larger age span, we implemented a face verification experiment on the cross-age labeled 377 

faces in the wild (CALFW) dataset. The CALFW dataset is an extension of the LFW dataset 378 

designed for unconstrained face verification with larger age gaps. First, 3,000 positive face 379 
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pairs with age gaps are selected from LFW, in which the age gaps of most positive pairs 380 

are larger than ten years. The average age gap is about 20 years. Then 3,000 negative pairs 381 

with the same gender and race are selected to reduce the influence of different attributes 382 

[32]. 383 

Table 6. Evaluation results of the different methods on CALFW. 384 

Method Accuracy (%) 

Center Loss [41] (2016) 85.48 

SphereFace [33] (2017) 90.30 

VGGFace2 [6] (2018) 90.57 

Arcface [10] (2019) 94.45 

AA_CNN [32] (2021) 90.7 

PMADN [39] (2021) 91.20 

MTLFace [19] (2021) 95.62 

IEFP [40] (2022) 95.82 

Ours 96.10 

We followed the same protocol as the LFW, in which the dataset is divided into ten 385 

separate folds using the same identities contained in the ten folds of the LFW. Each fold 386 

contains 300 positive pairs and 300 negative pairs. We evaluated our method on CALFW, 387 

and the results are shown in Table 6. The results show that our proposed method is robust 388 

and reliable, even with larger age spans. 389 

AgeDB. AgeDB [26] is a face dataset in the wild with large variations in pose, age, 390 

illumination, and expression. It contains 16,488 face images of 568 distinct subjects. Every 391 

image is annotated manually to achieve noise-free annotation of the age labels. It provides 392 

four protocols for age-invariant face verification protocols, wherein the age difference be- 393 

tween each pair of faces is fixed to a predefined value, i.e., 5, 10, 20, or 30 years. The eval- 394 

uation experiments on AgeDB-30 might best demonstrate our model’s superiority for 395 

large age-span face verification since the 30-year age gap is the most challenging. Similar 396 

to the LFW [29], we strictly followed the protocol on AgeDB-30 to perform the 10-fold 397 

cross-validation, compute the face verification rate, and compare our results with other 398 

state-of-the-art CAFR methods. Table 7 shows the evaluation results from various meth- 399 

ods on AgeDB-30. Most methods achieved performance higher than 90%, but the pro- 400 

posed model outperformed the other state-of-the-art CAFR methods. 401 

Table 7. Evaluation results of the different methods on AgeDB-30. 402 

Method Accuracy (%) 

RJIVE [42] (2017) 55.20 

VGG Face2 [6] (2018) 89.89 

Center Loss [41] (2016) 93.72 

SphereFace [33] (2017) 91.70 

CosFace [43] (2018) 94.56 

Arcface [10] (2019) 95.15 

DAAE [44] (2020) 95.30 

MTLFace [19] (2021) 96.23 

Ours 98.38 
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 403 

Figure 10. Samples of false identifications on FG-NET. 404 

FG-NET. FG-NET contains 1,002 face images from 82 subjects with ages ranging from 405 

0 to 69. We experimented with the leave-one-out evaluation scheme adopted by HFA [21] 406 

and Li et al. [45] to separate the training and testing data. We selected one image as the 407 

testing datum and fine-tuned the model on the other 1,001 face images, repeating that 408 

process 1,002 times. Considering that every subject in the dataset has multiple face images 409 

of different ages, that evaluation tactic can well reflect the performance of a face-recogni- 410 

tion model. Table 8 and Fig. 9(b) show the rank-1 recognition rate comparisons on the FG- 411 

NET dataset. Our method achieved good results (94.91%) and outperformed all the other 412 

state-of-the-art methods except for IEFP. Unlike our end-to-end model, the IEFP frame- 413 

work also trains an age estimation model, which increases the training time. We visual- 414 

ized some the false identification results on FG-NET dataset in Fig. 10. Note that the false 415 

identifications are mainly infants and children from 0–13 years old. As shown in Fig. 5, 416 

51.2% of the images in the benchmark FG-NET are from 0–13 years. Meanwhile, the CACD 417 

dataset used to train our model does not include images from that age period, which is 418 

disadvantageous for a data-driven-based method trying to learn the latent distributions 419 

of that particular age group. 420 

Table 8. Face recognition performance comparison on FG-NET. 421 

Method Accuracy (%) 

Park et al. [46] (2011) 37.4 

Li et al. [45] (2011) 47.5 

HFA [21] (2013) 69.0 

MEFA [47] (2015) 76.2 

CAN [48] (2017) 86.5 

LFCNN [22] (2016) 88.10 

AIM [14] (2020) 93.20 

DAL[25] (2019) 94.50 

AA_CNN [32] (2021) 89.34 

MTLFace [19] (2021) 94.78 

IEFP [40] (2022) 96.21 

Ours 94.91 

LFW. The LFW [40] dataset has various images in the wild that vary in age, pose, 422 

occlusion, lighting, focus, makeup, resolution, facial expression, gender, race, accessories, 423 

background, and photographic quality. We conducted an evaluation experiment on the 424 

LFW to validate the generalization ability of our method for general face recognition 425 

(GFR). LFW is a standard face verification testing dataset for GFR. It contains 13,233 face 426 



Appl. Sci. 2022, 12, x FOR PEER REVIEW 15 of 18 
 

images from 5,749 subjects. We strictly followed the standard protocol of unrestricted la- 427 

beling of outside data, as in [24,25]. We tested our model on 6,000 face pairs. Table 9 re- 428 

ports the verification rate on the LFW and compares it with other state-of-the-art CAFR 429 

methods. Our method outperformed the other state-of-the-art methods by a large margin, 430 

demonstrating the strong generalizability of our method. 431 

Table 9. Evaluation results of the different methods on LFW. 432 

Method Accuracy (%) 

CosFace [43] (2018) 99.33 

SphereFace [33] (2017) 99.42 

OE-CNN[24] (2018) 99.35 

DAL [25] (2019) 99.47 

MTLFace [19] (2021) 99.52 

Ours 99.82 

5. Conclusions 433 

We have here proposed a new framework for cross-age face recognition called the 434 

Age-invariant Features Extraction Network. Because aging seriously degrades the accu- 435 

racy of face recognition seriously, we introduced a block-based feature decomposition 436 

module to obtain discriminative and robust age-invariant identity-related features. In ad- 437 

dition, we designed a loss function called the direct sum loss to reduce the redundant 438 

components between identity-related features and age-related features. The experiments 439 

on publicly available cross-age datasets demonstrate the superiority of our method over 440 

that of the existing CAFR approaches. In the future, we will explore a CAFR method that 441 

integrates a learning age-invariant identity-related representation task with the face gen- 442 

erative method. The generated visual faces could better assist the police in finding missing 443 

children and identifying criminals. 444 
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