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Abstract: Current age estimation datasets often have a skewed long-tail distribution with significant
data imbalance, rather than an ideal uniform distribution for each category. The existing age estima-
tion algorithms that rely on label distribution do not leverage data density information to address the
issue of data imbalance. To solve the aforementioned problem, this paper proposes a novel method
based on cost-sensitive learning, namely Data-Imbalance Adaptive Age Regression (DIAAR), for
age estimation. DIAAR consists of two main modules: the adaptive soft label (ASL) module and
the Data Density Smoothing (DDS) module. The ASL module embeds soft labels in the form of
probability in the age regression. It assigns different degrees of soft labels adaptively to head and
tail data based on their density, which helps balance the dataset. The DDS module further addresses
data imbalance by revising data density through kernel smoothing and reweighting the loss function
accordingly. Experiments on two benchmark datasets show that DIAAR can effectively deal with
data imbalance and improve the accuracy of age estimation, achieving an average improvement of
8% over the baseline models. Moreover, this approach can be applied to various methods based on
convolutional neural network models.

Keywords: age estimation; data imbalance; data density

1. Introduction

Age estimation is a task that involves predicting the actual age of an individual
based on their facial image and has garnered significant interest due to its wide range of
application scenarios, including visual surveillance [1], human—computer interactions [2],
social media [3], and face retrieval [4]. Although, with the rise of big data, it is easier to
collect a large scale of images for age estimation, datasets of age estimation often appear to
have a skewed long-tail distribution with serious data imbalance.

A dataset is considered imbalanced when there are significant differences in the
number of samples across different categories. The classes with a large number of sam-
ples are referred to as head-classes, while those with few samples are called tail-classes.
Buda et al. [5] studied the impact of data imbalance on convolutional neural networks
(CNNs) and concluded that it results in reduced performances of these networks. Models
trained on imbalanced datasets often suffer from overfitting for head-classes and under-
fitting for tail-classes. Therefore, it is imperative to develop methods that can effectively
combat data imbalance.

Numerous studies have been conducted on imbalanced datasets, which can be broadly
categorized into two approaches: re-sampling techniques [5-8] and cost-sensitive learning
methods [9-13]. Re-sampling is a commonly used technique at the data level to address
the issue of data imbalance. It involves adjusting the training dataset in a manner that
maintains a balanced sample quantity between the tail-classes and head-classes. Prior
studies have investigated two main types of re-sampling: under-sampling, which involves
reducing the number of samples in the head-classes, and over-sampling, which involves
increasing the number of samples in the tail-classes.
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Even though re-sampling can help balance the datasets, it is not a foolproof solution.
On the one hand, over-sampling can result in the repeated learning of samples from the
tail-classes, which can limit the diversity of the training dataset and potentially reduce
the robustness of the resulting model. On the other hand, under-sampling can lead to a
significant reduction in the number of samples in the head-classes, thereby limiting the
model’s ability to fully learn the variations within this category.

In addition to re-sampling, another solution proposed at the algorithmic level is cost-
sensitive learning. In these methods, weights are assigned to samples to match a given data
distribution [14]. Weighting by inverse class frequency [11,15] or a smoothed version of the
inverse square root of class frequency [16,17] are often adopted. Although cost-sensitive
learning is simple and effective, applying it to age regression brings new challenges distinct
from its classification counterpart. Firstly, the distance between continuous age labels holds
meaningful information. That is, the adjacent images in the label space will be interrelated
and influence each other. For example, consider a scenario where two ages have the same
limited number of samples, but one belongs to the head-classes and the other belongs to
the tail-classes. This situation can result in varying degrees of data imbalance between the
two age groups. Moreover, unlike classification, certain target values may have no data at
all, which motivates the need for target extrapolation and interpolation [18].

This paper proposes a novel method based on cost-sensitive learning for robust esti-
mation in the presence of data imbalance, called Data-Imbalance Adaptive Age Regression
(DIAAR). The proposed method consists of two key operations: adaptive soft label (ASL)
and Data Density Smoothing (DDS). ASL utilizes soft labels in the form of probability
during regression, and adaptively assigns different degrees of soft labels to the head and
tail data in the long-tail distribution according to the data density, applying cost-sensitive
learning to age estimation. DDS modifies data density through kernel smoothing and
further alleviates data imbalance by reweighting the loss function with the revised data
density, which can prevent over-sampling and under-sampling.

The contributions of this work can be summarized as follows:

*  The adaptive soft label (ASL) module makes use of soft labels in the age regression,
reducing the imbalance of the data.

®  The Data Density Smoothing (DDS) module smooths the distribution of data before
reweighting the loss function.

* DIARR provides comparable or even better results than other leading methods on
two benchmarks, IMDB-WIKI [19] and Morph II [20].

The rest of this paper is organized as follows. In Section 2, we summarize the recent
development of age estimation and data imbalance. In Section 3, the proposed method is
elaborated. Experiments are presented in Section 4. And in Section 5, we sum-up our work
and put forward possible future work.

2. Related Work

The use of convolutional neural networks (CNNs) to extract age features from images
has become increasingly popular, resulting in significant improvements in performance.
For example, Levi developed a shallow CNN architecture [21] and Huo et al. [22] proposed
a method using VGG-16. Recent works [23-26] all use CNN to extract deep features for age
estimation tasks.

Previous papers [24,27] categorized existing age estimation algorithms into different
groups. Here, a review is given about age estimation techniques on our own. We propose
that the existing methods for age estimation can be broadly classified into five main cate-
gories: multi-class classification, regression, label distribution learning, ranking, and hybrid
(i.e., combining two or three different types of algorithms simultaneously).

Classification-based methods consider ages as independent categories. DEX [19]
is a typical classification method. It treats age estimation as a 101-class classification
problem. Therefore, the penalty imposed on different error degrees is the same during the
optimization process, which is unreasonable. For instance, the penalty imposed on wrongly
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predicting the age of 10 to 12 or to 20 should not be equivalent. Therefore, the relation
between age labels is not exploited in multi-class classification works. Another restriction
of multi-classification of age estimation is that the class imbalance in age facial datasets can
result in an overfitting problem [23].

Utilizing a regressor to predict age is a common approach and can lead to improved
accuracy. However, the aging process is inherently random and it may not be appropriate
to apply a single pattern to fit real aging modes. Therefore, some studies have proposed the
use of multiple local regressors, using a divide-and-conquer strategy to handle different
age groups. However, this approach may ignore the continuous relationship between
subsets and result in suboptimal performance. To address this issue, Li et al. proposed
Bridgenet [24], which uses gating networks to enforce similarity between neighboring
subset nodes and improve the overall performance of the age estimation model.

Label-distribution learning approaches to age estimation [22,28] were proposed to
alleviate the disadvantages brought by insufficient training data with exact ages and group
ambiguity. They represented each age as a distribution and KL divergence was applied
to measure the similarity between a predicted distribution and ground-truth distribution.
The training instances related to each age will be increased without an increase in the
number of training samples. For example, Pan et al. put forward mean-variance loss [29]
for robust age estimation via distribution learning.

To exploit the relative ordering of ages, ranking-based methods utilize several simple
binary classifiers to judge the rank of a given facial image’s age [25,30,31]. The final
prediction is the combination of the results of sub-binary classifiers. For example, Ranking-
CNN pre-trained several basic CNNs on a large dataset and fine-tuned them with ordinal
age labels [32]. However, these methods ignore the relation between binary sub-problems.

Hybrid methods are the combination of two or more algorithms. They have become
popular in age estimation recently [33-35], because fusing two or three methods can bring
complementary advantages.

The research on imbalanced datasets can be roughly divided into the data-level and
algorithm-level. Re-sampling is considered one of the primary methods for alleviating data
imbalance in imbalanced datasets, addressing the issue from a data-centric perspective. Re-
sampling is to adjust the training dataset in a proper way to make sure the sample quantity
of the minority class and majority class in the training dataset is basically consistent. It can
be roughly divided into over-sampling and under-sampling.

Over-sampling is to increase the sample of the minority class dataset in different
ways so that the sample number of the minority class and the sample number of the
majority class are basically the same. Random over-sampling is a common method, which
randomly copies a few samples to achieve data balance. This processing method has
great randomness, and it is easy to lead to sample repetition and overfitting situations.
Chawle and his team [36] proposed an over-sampling technique called SMOTE, in which
a new sample is randomly generated between the two selected and cycled over and over
again to increase the sample number of the minority class. In addition, Hans and his
researchers [37] improved the original SMOTE over-sampling technique and proposed
the borderline-SMOTE method. This method generates new synthetic examples along
the line between the minority example and its selected nearest neighbors. In contrast
to over-sampling, under-sampling is to reject some samples in the majority of samples
through appropriate methods, so as to balance the imbalanced dataset [38]. This approach
works better when dealing with a large sample set that contains very few minority classes.

At the algorithm level, the learning classifier is improved to make the model have
better classification and prediction ability on imbalanced data. It can be divided into inte-
grated learning, cost-sensitive learning, and some other methods. Cost-sensitive learning is
mainly introduced here. Long before deep learning, a lot of works have been conducted
to reweight the loss according to the data distribution. In most studies, the focus is often
on information from minority classes, and the mis-classification cost of majority classes is
much lower than that of minority classes. Adacost [39] is a typical cost-sensitive method
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based on such ideas. Its idea is to assign different mis-classification costs to each category.
Specifically, more weight will be given to mis-classification-positive categories, so as to
improve the recognition rate of positive category samples.

3. Method

In this section, the proposed method to alleviate the data imbalance in age estimation
is presented. Figure 1 shows the overall framework of DIAAR. DIAAR contains two key
modules, the adaptive soft label (ASL) module and the Data Density Smoothing (DDS)
module, which reinforce the model result and alleviate the data imbalance. The ASL and
DDS modules are elaborated in Sections 3.1 and 3.2, respectively, and the training objective
is illustrated in Section 3.3.
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Figure 1. The overall framework of the proposed method, DIAAR.

3.1. Adaptive Soft Label Module

The illustration of the ASL module is shown in Figure 2. Specifically, we assign dif-
ferent discrete label distributions to sample X of different ages according to the sample
distribution of training data. Here, X ~ N(,¢?) and ¢ is changed dynamically. The sam-
ples in head-classes correspond to the sharper discrete Gaussian distribution (smaller ¢);
the samples with smaller sample sizes correspond to the flatter discrete Gaussian distribu-
tion (larger o).

We hereby designed an age prediction model with adaptive data imbalance. Different
from the previous work [28,40], we used the data-imbalance adaptive soft label. Inspired by
the idea of cascade in C3AE [35], our model estimates the age based on the face images by
combining regression and distribution. Through incorporating both regression and distri-
bution components, ASL module aims to capture the underlying patterns and variations in
age estimation. By minimizing loss and updating network parameters, this module makes
distribution prediction and regression predictions close to the ground-truth, and finally
reduces prediction error. In our method, we define two losses for age estimation. The first
loss measures discrepancy between data-imbalance adaptive soft label and predicted age
distribution. We adopt cross entropy loss as the measurement,

. 1 & A
ﬁcrass(pi/ pi) = N Z pi In pi (1)
i=1

where p; is the proposed data-imbalance adaptive soft label, and p; is the predicted age
distribution. N represents the batch size.
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Figure 2. The data-imbalance adaptive soft label. Take IMDB-WIKI-DIR dataset as an example.
The data density distribution is represented by a shaded image, and the generated soft labels for
different ages are represented by red Gaussian curves.

3.2. Data Density Smoothing Module

The DDS module is shown in Figure 1. Before reweighting the loss function in this
module, we applied a kernel function to smooth the data density.

The steps of DDS are shown in Figure 3. DDS convolves the data density distribu-
tion with the Gaussian kernel k(y, ') to extract the kernel smooth version of the density
distribution. The smoothed density distribution makes reasonable use of the correlation
between the data samples of adjacent labels, and overlaps the training information cor-
responding to adjacent labels. Gaussian kernel k(y, y') describes the degree of similarity
between the target iy’ and any label y. A symmetric kernel function is any one that satisfies
k(y,y') = k(y',y) and Vyk(y,y') + Vk(y',y) = 0, Vy,y’ €Y. Here, the ) is on behalf of
the label space. For example, Gaussian kernel and Laplacian kernel are symmetric kernel
functions, and Gaussian kernel is used in all experiments. The effective label distribution
formula calculated by DDS is:

i(y') = /yk(y,y’)n(y)dy )

where n1(y) represents the number of occurrences of label y within the training data. 7(y’)
is the effective density of label y/'.

p®) p()

kG,Y")
/\ * : -
y

Figure 3. Data density smoothing strategy (DDS).

Modified data density through DDS is used for subsequent loss reweighting to form
the loss reweighting module. This module is inserted into the adaptive soft label module in
Section 3.1 to form the DIAAR, so as to deal with data imbalance more effectively.

Unlike labels in classification tasks, which are discrete, the age labels in age regression
tasks are continuous values. DIAAR divides the label space ) into B groups in order to
reasonably apply the loss function to the age regression task. It assumes that the training
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dataset is {(x;,y;)}IY |, x; represents input image, and y; represents age labels. The target
space is divided into [yo, y1), [y1,¥2), - ,[yg—1,y5). In this paper, we set &, =y, 11 —yp = 1;
namely, the resolution of the age group division is 1. After dividing the target space into
age groups, DIAAR can simply insert some classic reweighting methods. This paper adopts
square-root inverse variable weighting (SQINV) [16,17] to reweight loss function, which
is a simple and effective method to solve imbalanced classification problems. Therefore,
the weights &, of age y; are calculated as Equation (3):

1
S i(y;) &

where 7i(y;) represents the effective data density of label y;.

Because of the missing of data, we need to interpolate and extrapolate age predictions.
To achieve this, as shown in Figure 1, a softmax expected value E is calculated as the
final age regression prediction value ;. The computational process of the Distribution
Regression (DR) operation is given as:

100
i =E(0) =} iy )
j=0

where O = {0,1,...,100} and O is the output layer with 101 dimensions. p; is the prediction
distribution through the softmax layer. y; is the discrete age corresponding to i class and
symbol * means multiplication.

The DR operation can not only improve the prediction accuracy of the data-imbalance
adaptive age regression module, but also enable DDS to be combined with the loss reweight-
ing to deal with classification imbalance problems.The average absolute error loss Ly14r is
calculated based on the regression value j; and age discrete label y;. The training goal of
this step is to minimize MAE loss:

1 N
LMAE = N Y9 — vill &)
i=1

Specifically, the MAE loss of sample X; is multiplied by the inverse of the effective
label density obtained with the DDS strategy, and the process is calculated as Equation (6):

1
Vit(yi)

1 ¥ . 1 ¥ .
Lyvag = N Yy |y —vil = N Y. 7: — vill (6)
i-1 i1

Here, y; represents the age label of sample x;, ij; represents the regression prediction
value of sample x;, 7i(y;) represents the effective data density of label y;, and &, represents
the weight of age label y;.

3.3. Training Objective

The train objective of DIAAR is to minize the loss functions of ASL module and DDS
module. Finally, DIAAR combines the data-imbalance adaptive soft label module with the
Data Density Smoothing module, and the total loss function is shown as Equation (7):

Etotul = Aﬁcross + EMAE (7)

Here, A is a hyper-parameter used to adjust the contribution degree of two loss terms
to the overall loss function. We set A = 0.01 according to the experiments in Section 4.5.

4. Experiments

To validate the effectiveness of our method, we report the main results in this section
on datasets of age estimation.
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4.1. Datasets and Setting

This section introduces the dataset, the details of evaluation in the experiments, how
to implement the proposed method, and the settings to train the model.

4.1.1. Datasets

In order to evaluate the performance of the proposed method on imbalanced datasets,
experiments were conducted on two benchmark datasets for age estimation: IMDB-WIKI-
DIR and Morph II-DIR. The data density distribution of the IMDB-WIKI-DIR and Morph
II-DIR datasets are shown in Figure 4.

(IMDB_WIKI] train: 191509 [MORPH)] train: 42816
7000 1750
€000 1500
5000 1250
4000 1000
3000 750
2000 00
1000 250
0 — )
[IMDB_WIKI] val: 11022 [MORPH] val: 6236
140 140
120 120
100 100
80 80
60 60
© ®
20 20
o o4
[IMDB_WIKI] test: 11022 [MORPH] test: 6236

140

120

100

80

60

40

20

0 20 %0 ) 80 100 120 24 20 60 P 100 120
(1)IMDB-WIKI-DIR (2)MORPH II-DIR

Figure 4. The data density distribution.

IMDB-WIKI-DIR: It is an imbalanced dataset which was constructed based on the
IMDB-WIKI [19] dataset. We filtered low-quality images, manually divided the balanced
validation set and test set, and used the remaining samples as the training set. We ensured
that the number of samples corresponding to each age label of validation set and test set
did not exceed 150, and the remaining samples were used as the training set. Ultimately,
the IMDB-WIKI-DIR dataset included 191,509 images for training and 11,022 images for
verification and testing. The minimum age was 0 and the maximum age was 100, and there
was a great data imbalance in this dataset. When using the IMDB-WIKI-DIR dataset as
a pre-training dataset, the target space of the dataset was limited to 0~100, so the age
estimator could be fine-tuned on the Morph II-DIR dataset.

Morph II-DIR: It is an imbalanced dataset which was constructed based on the Morph
I1[20] dataset. We used manual partition to ensure that the number of samples correspond-
ing to each age label of the validation set and test set did not exceed 150, and the remaining
samples were used as the training set. Ultimately, the Morph II-DIR dataset included
42,816 images for training and 6236 images for verification and testing. The minimum age
range was 16 and the maximum was 77.

We carefully selected the IMDB-WIKI-DIR and Morph II-DIR datasets as our primary
datasets for this study. These datasets were chosen due to their ability to effectively
represent and reflect the data imbalance commonly encountered in age estimation tasks.
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4.1.2. Evaluation Process and Evaluation Metrics

The experiments continued to use the evaluation process in previous works [41-43].
The model was trained on unbalanced datasets and was evaluated on the corresponding
balanced test sets. To evaluate the performance of the proposed method in regions with
different sample sizes, this paper divides the target space into three disjointed subsets
following the evaluation settings in work [43]: Many shot (the sample size >100), Medium
shot (the sample size 20~100), and Few shot (the sample size <20). The evaluation metrics
were calculated on the complete test set and the above three subsets, which were denoted
as All, Many, Med., and Few. Mean Absolute Error (MAE) and Error Geometric Mean (GM)
were used as evaluation metrics in the experiments.

MAE: MAE is a common evaluation metric for regression. MAE measures the error
between the predicted age (1/;) and ground-truth (y;), which is computed as: MAE =
% ZN . lyi — 9|, where N is the number of testing images.

GM: To ensure fairness, GM was also adopted as an evaluation metric in experiments,
and was defined as GM = (TTY, ei)% = (MY, |yi — y}\)%, where y; is the ground-truth, ;
is the predicted age, and N is the number of testing images.

4.1.3. Implementation Details

We modified ResNet50 as the network of DIAAR. The output of the fourth stage in
the original ResNet50 goes through the global average pooling layer, finally getting the
101-dimension output. The prediction distribution p; is the output of the softmax layer.
The prediction distribution p; and adaptive soft label participate in the similarity calculation
of cross-entropy loss. Softmax expectation [19] is used as the predicted age value ¥j; of the
regression. Inputs will be resized to the size of 224 x 224. We used zero-padding to expand
20% on each side and then random crop back to the original image size. The baseline model
(baseline) of DIAAR refers to the modified ResNet50.

4.1.4. Training Details

A single GPU (GeForce GTX 1080 Ti) was used in experiments. Following the settings
and parameters in previous works [18,44], the batchsize was 64 and the models were
trained for 150 epoches. The Adam optimizer and dynamic learning rate were applied in
all experiments. A dynamic learning rate makes the model more stable in the later training
period. During the training process on the IMDB-WIKI-DIR dataset, the initial learning rate
was 0.001, and learning rate was decreased to 0.0001 and 0.00001 after 180 K iterations and
240 K iterations, respectively. Similarly, during the training process on the Morph II-DIR
dataset, the initial learning rate was 0.001 and learning rate was decreased to 0.0001 and
0.00001 after 40 K iterations and 53 K iterations, respectively. The hyper-parameter A in
Equation (7) was set as 0.01 to balance the two loss items according to the experiments in
hyper-parameter setting experiments in Section 4.5.

4.2. Comparison Experiments

This section introduces the results of experiments on two datasets, IMDB-WIKI-DIR
and Morph II-DIR, and compares the results with other baseline models on these datasets.

4.2.1. Comparison on IMDB-WIKI-DIR

In order to verify the effectiveness of our method, which consists of baseline (modified
ResNet50), ASL, and DDS, we compare DIAAR with the existing methods dealing with
data imbalance problems such as SMOTER [45], RRT [18], and GAI [44] on the IMDB-
WIKI-DIR dataset. The results are shown in Table 1. As we can see, the MAE and GM
on the three disjointed subsets of DIAAR are both reduced to a certain extent compared
with the baseline, especially in the Medium shot and Few shot regions. This phenomenon
shows that the DIAAR method is very effective for handling tail samples. Comparing the
existing methods for dealing with the imbalance of age estimates, DIAAR comes in first
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place in both MAE and GM evaluation indicators. Therefore, DIAAR has great advantages
in dealing with unbalanced datasets.

Table 1. Comparison experiment on IMDB-WIKI-DIR.

Metrics MAE | GM |
Shot All Many Med. Few All Many Med. Few
Baseline 8.08 7.24 15.49 24.96 4.56 4.14 11.21 20.60

SMOTER [45] 8.14 7.42 14.15 25.28 4.64 4.30 9.05 19.46
SMOGN [46] 8.03 7.30 14.02 25.93 4.63 4.30 8.74 20.12

RRT [18] 7.81 7.07 14.06 25.13 4.35 4.03 8.91 16.96

BMC [44] 8.08 7.52 12.47 23.29 - - - -
GALI [44] 8.12 7.58 12.27 23.05 - - - -
DIAAR 7.79 7.20 12.78 23.38 4.30 4.14 7.35 13.35

4.2.2. Comparision on Morph II-DIR

To demonstrate the effectiveness and versatility of our method, we apply the method
to three convolutional neural networks, including (1) ResNet50 [47], the denoted baseline
model whose backbone network was modified according to ResNet50; (2) C3AE [35],
an extremely compact yet efficient cascade context-based age estimation model for age
estimation; and (3) SqueezeNet [48], a compact convolutional neural network including
several popular modules, convolutional layers, down-sampling layers, and fully connected
layers. The results are shown in Table 2.

We can see from the table that the MAE decreases from 2.88 to 2.66 on the complete
test set by applying our method to ResNet50. That is to say, our method obtained an
improvement of 8% over the baseline model (ResNet50). In addition, the prediction
accuracy of the proposed method on the three disjointed subsets is improved to some extent.
This shows that our method is very effective for processing tail classes. The evaluation
indexes of three different CNNs combined with our method are also listed in the table.
Experimental results show that our method combined with existing CNNs have a consistent
performance improvement in the age estimation task.

Table 2. Comparison experiment on Morph II-DIR.

Metrics MAE | GM |
Shot All Many  Med. Few All Many  Med. Few
ResNet50 [47] 2.88 2.76 438 8.43 1.78 1.72 2.96 5.69
ResNet50 + OURS 2.66 2.51 4.34 7.40 1.62 1.54 3.04 5.12
C3AE [35] 3.36 3.21 5.25 9.76 2.16 2.09 3.34 7.71
C3AE + OURS 3.10 2.86 6.24 11.18 1.92 1.80 5.15 10.26
SqueezeNet [48] 3.32 3.14 5.87 10.36 2.08 1.99 443 9.28

SqueezeNet + OURS 3.09 2.86 5.90 11.06 1.92 1.82 4.39 10.07

4.3. Ablation Experiments

To validate the effectiveness of three parts of the proposed method, ASL (adaptive
soft label) and DDS (Data Density Smoothing), we compare different combinations of two
parts with the baseline. We can see from Table 3 that SQINV, a loss reweighting method
of classification imbalance, is ineffective and may even drag down model age-estimation
accuracy. The results show that using DDS before the reweighting loss fuction (SQINV + DDS)
is better than only using SQINV, which reduces the error by 24% for the Few shot region and
continuously improve the performance of all regions. We can conclude that DDS provides
comprehensive and fair treatment for all target values, and the imbalanced age estimation
problem is significantly improved.

It can also be observed from the experimental results that adding ASL to the baseline
can reduce MAE from 2.88 to 2.75, which indicates that the adaptive soft label (ASL) is very
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effective. Even if used alone, ASL is competitive among many methods of arrangement
and combination, as shown in Table 3.

Finally, it is shown in Table 3 that the combination of the two key operations proposed
in this paper (SQINV + DDS + ASL) can achieve the best test error of 2.72 MAE. Overall,
DIAAR has advantages in imbalanced age estimation.

Table 3. Ablation experiments on Morph II-DIR.

Maetrics MAE | GM |
Shots All Many  Med. Few All Many  Med. Few
Baseline 2.88 2.76 4.38 8.43 1.78 1.72 2.96 5.69
SQINV 2.92 2.87 3.49 5.95 1.85 1.82 2.27 4.12
SQINV + DDS 2.73 2.62 3.90 6.42 1.71 1.64 2.62 4.21
ASL 2.75 2.61 4.26 7.32 1.67 1.61 2.96 5.45

SQINV + DDS + ASL 2.72 2.57 4.44 7.56 1.65 1.57 2.83 5.88

4.4. Loss Function Reweighting Strategies

The loss function reweighting in our method can be devised as two strategies:
(1) Leross(re), where the loss reweighting is applied to cross-entropy loss directly;
(2) Leross + Lyap(re), where the regression age used to calculate the MAE loss is
obtained by applying the DR operation and then the loss reweighting is applied to
MAE loss. To explore which kind of strategy is more effective, comparison experiments
of the two strategies are designed. Morph II-DIR is used as the unbalanced dataset.
The MAE and GM metrics of the two strategies are shown in Table 4. We can see
that joint using cross-entropy loss and mae loss (reweighted) together outperform
using cross-entropy loss (reweighted). This is reasonable because L¢ross + Lyag(re)
strengthens the relationship between age labels and characteristics by adding the mean
absolute error loss.

Table 4. Loss function reweighting strategies on Morph II-DIR.

Metrics MAE | GM |
Shots All Many  Med. Few All Many  Med. Few
Lecross 2.82 2.65 4.87 8.45 1.71 1.63 3.41 6.36
Lecross(re) 2.85 2.72 413 7.39 1.76 1.69 2.72 5.12

Lecross + Lpag(re) 2.77 2.65 3.98 6.54 1.71 1.62 2.79 4.56

4.5. Hyper-Parameter Setting

The hyper-parameter A in Equation (7) is used to balance the influence of L5 and
Lyag. Therefore, we conducted hyper-parameter experiments on Morph II to study the
influence of A. Experimental results on the whole test set are shown in Table 5. By setting the
value range from 0.001 to 1, we found that A = 0.01 is the best hyper-parameter which obtains
the lowest MAE. Therefore, we take the same setting (A = 0.01) in other experiments.

Table 5. Hyper-parameter setting experiments on Morph II-DIR.

Metrics MAE | GM |
A 0.001 0.01 0.1 1 0.001 0.01 0.1 1
SQINV + DDS + ASL 2.79 2.72 2.79 3.00 1.73 1.65 1.74 1.86

5. Conclusions

In this paper, we propose Data-Imbalance Adaptive Age Regression (DIAAR), a novel
approach for robust age estimation, which utilizes data density information to address the
problem of imbalanced age estimation. Our method employs two key techniques, adaptive
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soft label (ASL) and Data Density Smoothing (DDS), which were shown to be effective in
reducing the negative impact of data imbalance on age estimation, as demonstrated by
our experiments on the IMDB-WIKI-DIR and Morph II-DIR datasets. The effectiveness of
adaptive soft label (ASL) and Data Density Smoothing (DDS) was verified with related
ablation experiments. Our proposed approach yielded a significant average improvement
of 8% over the baseline models. Additionally, we have investigated the impact of pre-
training settings under the background of unbalanced data, and the results indicate that
the effectiveness of pre-training is affected by the distribution of pre-trained datasets and
finetuned datasets. Our study has focused on proposing a data-imbalanced adaptive model
to eliminate the interference of different data distribution or pretraining strategies and
exploring experimental settings with optimized parameters for forthcoming research in
the future.
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