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ABSTRACT

The rapid development of deep learning attracts more attention to the analysis of person's face images. Deep learning methods
of facial age estimation are more effective compared to methods based on anthropometric models, models of active appearance,
texture models, subspace of aging patterns. However, deep learning networks require more computing power to process images. Pre-
trained models do not need a large training set and their training time is less. However, the parameters obtained as a result of transfer
learning of the pre-training network significantly affect its efficiency. It is also necessary to take into account the properties of the
processed images, in particular, the conditions under which they were obtained. Recently, the facial age estimation is implemented in
applications in devices with limited resources of computing, for example, in smartphones. The memory size and power consumption
of such applications are limited by the computing power of mobile devices. In addition, when photographing a person's face with a
smartphone camera, it is very difficult to ensure the uniform lighting. The aim of the research is reducing the error of facial age
estimation from uneven illuminated images by applying an early stopping of transfer learning of the Xception network. The proposed
technique of transfer learning includes an early stopping of training, if the improvement of the results is not observed within a certain
number of epochs. Then the network weights from the epoch with the lowest validation loss are saved. As a result of the proposed
technique applying, the average absolute error of age estimation was about five years from unevenly illuminated test images. A
number of parameters of the used in this case Xception network is less than that of other deep learning neural networks which solved
the age estimation problem. Then applying of the Xception network reduces the resource consumption of devices with limited
computing power. Prospects for further research are reducing the unevenness of facial image lighting to decrease the error of age
estimation. Also, to reduce the computing resources, it is promising to use fast transforms in the Xception convolutional layers.
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INTRODUCTION

Content access control, targeted marketing,
soft-biometrics systems, and other numerous
applications with human-computer interaction
employ age estimation (AE) [1, 2]. AE helps to
confirm a person’s age before granting them access
to age-restricted content or services. At last time,

Businesses can gain insights into the
preferences and behaviors of different age groups;
hence AE can help businesses to understand their
customer base better.

Collected age-related data can be used to
improve marketing efforts and ultimately increase
revenue having a higher return on marketing

more and more transactions occur online. Then in
such industries as gaming, e-commerce, and
alcohol/tobacco sales, AE has become increasingly
important. Businesses that fail to estimate the age of
their customers properly risk damaging their
reputation because of violating age-restriction
laws [3].
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investment [3].

Facial biometric analysis is used to estimate
person’s age without requiring the user to provide an
identity document (ID). AE without asking for 1D
facilitates access to goods or services for consumers
who do not wish to provide their 1D, perhaps for
privacy or ethical reasons. Facial biometric analysis
also allows estimating the age of the user, if he does
not have an ID [4].

This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/deed.uk)

ISSN 2617-4316 (Print)
ISSN 2663-7723 (Online)

Software engineering and systems analysis 69



Polyakova M. V., Rogachko V. V., Nesteriuk O. H., Huliaieva N. A.

I Applied Aspects of Information Technology
2024; Vol.7 No.1: 69-80

In addition, age plays an important role in
social interaction. Very often, when addressing
elders, a different vocabulary is used compared to
youth [5].

Age can be determined by the appearance of a
person's face. However, compared to other facial
attributes, such as race and gender, AE is influenced
by underlying human factors such as living
conditions and genetics. This uncertainty makes age-
related face image analysis (including AE, age
synthesis, and age-invariant face recognition) still an
unsolved problem. In particular, AE consists in
determining a specific age based on facial images.
Age synthesis is related to the rendering of facial
images with the effect of natural aging or
rejuvenation.  Age-invariant face  recognition
involves correct recognition of the person's face
regardless of his age [6].

The paper is devoted to the problem of facial
AE. The main characteristics of the methods for
solving this problem are AE error and the number of
parameters affecting the resource consumption [7]. It
is also necessary to take into account the properties
of the processed images, in particular, the conditions
under which they were obtained. Recently, the facial
AE is implemented in applications in devices with a
limited source of computing, for example, in
smartphones. The memory size and power
consumption of such applications are limited by the
computing power of mobile devices. In addition,
when photographing a person's face with a
smartphone camera, it is very difficult to ensure the
uniform lighting. There is a need to tune the existing
methods of facial AE taking into account these
limitations.

1. ANALYSIS OF RECENT RESEARCH AND
PUBLICATIONS

The literature review shows that handcrafted
models and models based on deep learning are used
for facial AE [1].

At the first approach, the researcher, based of
his own experience, extracts aging features of facial
images. This process involves the use of special
filters, such as the Gabor filter or the Sobel filter, as
well as histograms of oriented gradients, separatly or
in combination [7]. Filters are tuned to extract
features such as wrinkles, head shape, textures and
contours that indicate a person's age. Methods using
handcrafted features require less computing power
than deep learning methods because they are not as
complex. However, one of the disadvantages of
these methods is usually significant error of AE [1].

The handcrafted models include anthropometric
and texture models, active appearance models,
subspace of aging models (AGES) [1].

Anthropometric models are based on increasing
of the radius of the circle of the person's face over
time [1]. They are used to quantitatively measure the
size of bones, muscles and the general structure of
the human body. These measurements create a
geometric representation of the human body and can
be useful for distinguishing between different age
groups and sexes [1].

In contrast to anthropometric models, which
use the distance between points on the face, texture
models depend on the properties of face image
textures [7, 8]. In these models, different operators
are applied to analyze image textures, such as local
binary patterns or biologically inspired features of
skin regions, which can display spots, lines or
contours indicating the presence of wrinkles.

Active appearance models are statistical models
that combine anthropometric and texture facial
features. Dimensionality reduction methods, such as
principal component analysis, process extracted
features of texture and shape. However, reducing the
dimensionality of the feature space may lead to
ignoring the some features of aging, such as
wrinkles [9].

A subspace of aging models (AGES) was
elaborated based on a set of face images taken at
ages 2, 4, and 8 and sorted by increasing age. This
approach helps to fill in missing age data by research
the formation of a sequence of facial images of the
same person as they age. However, AGES does not
process effectively such aging features as wrinkles,
so it is combined with texture models [1, 7].

Deep learning models automatically extract
aging features from facial images. This usually
allows achieving a lower AE error compared to the
handcrafted models. However, deep learning models
include a large number of parameters and require
more computing power and time [1, 7].

Deep learning models can be elaborated from
scratch, then the researcher determines the
architecture and hyperparameters of the network,
that is, parameters that do not tune while training
[10]. After that it is necessary to evaluate network
parameters by training. Therefore, design a model
from scratch can be a computationally expensive and
time-consuming process.

Pre-trained networks are an alternative to
networks built from scratch and an effective way to
reduce time and resources (Table 1) [11, 12]. To
determine a person's age from a face image,
networks are often pre-trained to classify images
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from the ImageNet dataset. When selecting such
pre-trained convolutional neural network (CNN), the
top-1 and top-5 classification accuracy are used [11].
It is assumed that for image classification using deep
learning the prediction results with probability are
obtained. Then accuracy is the number of samples
that are correct predicted divided by the number of
all samples. Top-1 accuracy measures the proportion
of samples for which the predicted label matches the
single target label. Top-5 accuracy considers a
classification as correct if any of the five most
probable predictions matches the target label [13]. In
the last column of the Table 1, the values from
work [12] are indicated in parentheses.

Table 1. Comparison of the characteristics of
various previously trained models

Network Num- Number | Size, Top-1
name ber of | of para- Mb accu-
layers | meters, racy
millions
VGG-16 16 138 515 0.706
(0.715)
VGG-19 19 144 535 0.707
ResNet-152 152 58.5 209 0.786
(0.870)
ResNet-50 50 25.6 98 0.749
Xception 71 22.9 85 0.790
(0.790)
GoogleNet 22 7 27 0.665
MobileNetv 23 3.5 13 0.713
2
Inception 48 23.9 104 0.779
v3 (0.782)

Source: compiled by the [11, 12]

Thus, a review of the literature shows that
handcrafted methods tend to be less computationally
expensive but less accurate in AE since aging
features are extracted manually. The elaboration of
such  methods requires a high researcher
gualification and more time. In addition, handcrafted
methods are usually built for devices with limited
computing resources [1].

On the other hand, methods based on deep
learning provide more accurately AE since features
are extracted as the CNN is training. However, deep
learning requires more computing power for image

processing. CNNs built from scratch allow the
researcher to design the network architecture, but
they require more time to train. Pre-trained CNN
significantly reduces the time of the network
learning and a training set size [1].

The selection of a pre-trained network
determines the effectiveness of facial AE. Thus, in
[7] the pre-trained VGG-16 network has a lower AE
error compared to other pre-trained networks.
However, the VGG-16 network requires tuning of
significant number of parameters, which makes it
difficult to use in mobile devices. High-quality
image recognition with a fewer number of
parameters compared to VGG-16 is achieved by the
Xception network (Table 1) [11, 12]. Then tuning
the structure and parameters of Xception is
appropriate for facial AE from uneven illuminated
images.

2. FORMULATION OF THE PROBLEM

Suppose that for image classification, a CNN
with architecture S and parameters P is pre-
synthesized, CNN={S, P} [14, 15]. This network has
already learned earlier to extract features for solving
the problem of image classification. The problem of
structural tuning of the CNN for facial AE from
uneven illuminated images consists in making
structural changes to the top layers of the existing
architecture S. Such changes should ensure the
extraction of features specifically for solving a new
problem for a pre-trained CNN.

To set the parameters of a pre-trained network a
transfer learning is applied [16, 17]. Following this
method, the weights of the network trained to solve
one problem are used to solve another similar
problem [7].

The transfer learning problem is formulated in
terms of datasets and tasks. The dataset D consists of
the feature space X and the probability distribution
P(x), where x=(x1, X2, ..., Xn)eX. For a given specific
dataset D={X, P(x)}, the task consists of two
components. These are the label space Y and the
target predictive function f: X—Y. The function f(x)
is used to predict the label of a new example. This
task is denoted by 7={Y, f(x)} and trained from Nr
pairs of data (xi, yi), where xieX, a yieV, i=1, ..., Nr
[18].

Given a base dataset Ds and a base training task
Ts, a target dataset D; and a target training task T,
where Ds£D: and/or T«£T,, transfer learning aims to
improve the loss function L(x) on D using results of
solving of Ts on D, i.e. L(x;) < L(xs), where xieD; is
the optimum on the target dataset Dy, xseDs is the
optimum on the base dataset D [18].
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In this paper, transfer learning is used for facial
AE from unevenly lit images. The color facial image
is represented as lo(i, j)=(Ir(i, j), ls(i, j), le(i, )}
where i=1, ..., n; j=1, ..., m. Here n, m are the
number of rows and columns of the image,
respectively, (i, j) are coordinates of the image pixel.
Then each pixel of the image is described by three
features Ir(i, j), ls(i, j), le(i, j) which take values
from the interval [0, 255]. A lighting function R(i, j)
is multiplied element by element with image
features. Then the unevenly lit image is represented
as I(i, J)=(Ir(i, R, ), le(i, R, j), 1s(i, )R, J))-

Note that facial AE from an unevenly lit image
is unstable problem. This is due to the fact that small
variations of color features caused by uneven
lighting correspond to a significant error of AE.
When solving this problem with the use of CNN, the
consequence of instability may be overtraining of
the network. To overcome the difficult, the
regularization is applied which adds some additional
constraints to the training task T:. To regularize the
CNN training loss, the early stopping of training is
used in this paper [19]. According to this method,
the number of epochs is specified after which
training stops without reducing the validation loss.
Next, the network parameters corresponding to the
lowest validation loss are saved. It is known from
the literature that the early stopping of learning
corresponds to regularization term Q(x)>0 of the loss
function, which is optimized [19]. Let M is the
number of epochs after which learning stops without
decreasing the validation loss. Then transfer learning
with an early stopping determines the optimum point
xwm on the target dataset D:, xmeD: such that
L(xm)*+aQO(xm) < L(x), where a>0 is the
regularization constant.

The aim of the research is reducing the error of
facial AE from uneven illuminated images by
applying an early stopping of transfer learning of the
Xception network.

3. MATERIALS AND METHODS

Structural tuning of the Xception network
for facial age estimation

Following [20], a structural tuning of pre-
trained models is proposed as such, which includes
three stages.

At the first stage of structural tuning the
architecture of a pre-trained neural network is
selected for aging feature extraction from facial
images. The Xception network [21, 22] has been
selected because it architecture has almost the same
number of parameters as the Inception v3 network
and half the number of parameters compared to

ResNet-152 (Table 1). But the gain in top-1 and top-
5 classification accuracy on the ImageNet dataset is
due to the more efficient use of Xception parameters
with separable convolutions, and not to an increase
in network capacity [21].

When using Xception network data first passes
through an input flow, then through a middle flow
that repeats eight times, and finally through an
output flow. The Xception architecture has 36
convolutional layers, which are structured into 14
modules (Fig. 1). Each of the modules has linear
residual connections around itself, except for the
first and last modules [21, 22].

The following types of layers are used in the
Xception network. Convolutional layers perform a
convolution operation with filters that extract
features of face images at different scales. Separable
convolutions is key components of the Xception
network architecture. They allow to separately
model the spatial and inter-channel correlation of
image features. This reduces the computing costs
and the number of network parameters, as well as
the error of facial AE. The convolutional and
separable convolutional layers are followed by batch
normalization  layers, which accelerate the
convergence of the network learning [21].

ReLU activation  function introduces
nonlinearity into the network. This helps to avoid the
vanishing gradient problem, when in the process of
backpropagation the wvalues of the derivatives
decrease and the learning rate vanishes with an
increase in the number of layers of the network.

Max Pooling layers are used to reduce the size
of the input data and increase the informativeness of
the representation for further processing. Global
Pooling layer returns the average value for each
channel of input data. This allows reducing the
amount of the data before inputting it to the fully
connected layers. Flattening a tensor means to
remove all of the dimensions except for one. Dense
or fully connected layers obtain feature vectors from
the Flatten layer and classify images based on these
features using the Softmax function [22].

At the second stage of structural tuning,
destructive changes were made to the architecture of
the Xception network. Namely, only one fully
connected layer was left. Other fully connected
layers and the logistic regression layer were
removed from the top of the Xception architecture
(Fig. 1). This is because logistic regression takes as
input the output of a linear regression function and
uses a sigmoid function to estimate the probability
that a sample belongs to a given class or not. Then, it
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is more appropriate for AE to use linear regression
with continuous output from a wider range.

At the third stage of structural tuning, a
constructive change was made to the architecture of
the Xception network. Namely, after the Global
Pooling layer only one neuron with the ReLU
activation function was left on the fully connected
layer. Then, this layer performs a scalar product of
the input features with weights and adds a shift. As a
result, the layer allows the Xception network to
estimate the age using linear regression based on the
trained weights and bias.

Transfer learning of Xception network with
early stopping

Transfer learning means that the first layers of
the network, which detect common features, remain
unchanged, and the weights in the last layers adapt
to the new problem. This allows to learn the network
in less time to identify specific features for solving a
new problem based on general features that the
network has already learned to extract before.
Transfer learning also helps to avoid overtraining
because the base network was pre-trained on a large
amount of data [16, 17].

_-_——— — — — — — — — — = —

_——— e ————— . —— —

A technique of the tuning the parameters of pre-
trained networks is proposed. It applies an early
stopping of learning and saves weights of the
network with the lowest validation loss.

This technique consists of the following stages:

1) determining the base dataset Ds and the base
training task Ts for the considered neural network;

2) initialization of weights of the neural
network with values obtained as a result of solving
the base training task Ts ;

3) determining the target dataset D: and the
target training task T; for the neural network pre-
trained on stages 1) and 2);

4) choosing the loss function L(x), optimization
algorithm, number of epochs and other parameters
of the network training;

5) the transfer stage of network training, when
all pre-trained parameters are frozen, and only the
weights on the layers added for AE are updated;

6) the fine-tuning stage when all pre-trained
parametes are unfrozen and updated together with
the weights of the layers added for AE;

-_—_———— — — — — — — — — — =
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Fig. 1. Xception network architecture:
a — input flow; b — middle flow; ¢ — output flow
Source: compiled by the [22]
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7) early stopping of training if the improvement
of the results is not observed during a certain
number of epochs;

8) saving the network parameters, which
correspond to the lowest validation loss, in order to
further apply the network with these parameters for
facial AE.

Next, the implementation of the stages of tuning
of the Xception network parameters for the facial
AE is considered.

At the first stage, the ImageNet dataset was
used as a base dataset Ds [23, 24]. It consists of
training data (1.2 million images), validation data
(50,000 images), test data (100,000 images), and
image labels (1000 categories). The image
classification by categories was performed by the
Xception network. We consider this task as the base
training task Ts.

At the second stage, the parameters of the
Xception network for AE were initialized with the
weights of the same network, pre-trained on the
ImageNet dataset to classify images by categories.

At the third stage, the formulation of the target
learning task T: depends on how the AE is
performed [1]. If the person's age is estimated on
interval, then the problem of multiclass classification
is solved, where the classes correspond to age
ranges. If a point estimation of age is performed, the
target learning task T: is formulated as a regression
task, as in this paper. Uneven illuminated images
from UTKFace dataset [25] will chose as the target
dataset D in the experimental research section.

At the fourth stage, the Nadam method, which
combines the Nesterov Accelerated Gradient and
Adam optimization methods [26], was applied to
optimize the loss function of the neural network.

Nadam uses gradient descent with momentum
and is an improved version of the Adam method
with the following advantages:

1) accelerating the convergence of the
optimization and overcome local minima, especially
in the case of significant loss function gradient or its
significant variations;

2) automatic adaptation to the dimension of the
gradients and to the dynamic range of their values.
This allows to effectively processing data of
different complexity and dimension;

3) adding a momentum term improves the
robustness of the gradient optimization;

4) the optimization rate is automatically tuned
for each network parameter using a moving average
of the gradient values on previous iterations.

At the fifth and sixth stages the Xception
network weights are trained for the AE on UTKFace

dataset facial images [27]. Note that at these stages
validation dataset is used to unbiased estimate the
CNN performance after each epoch. But the network
does not learn based on the validation data, its
parameters are not tuned then the learning process
are controlled based on the validation set after each
epoch. The validation set influence on the model
selection and stopping rules. It allows to tune the
model’s hyperparameters and adjust the complexity
of the model while training. The validation set is
also separated from the training data and the test
data to prevent overfitting. The last occurs when a
model is learned the training data too well and
performs poorly on unseen data. By monitoring the
model’s performance on the validation set, we can
stop the training when the model starts to overfit.

At the seventh and eighth stages the early
stopping is used. It is a method that stops training
once the model performance stops improving on a
validation dataset. The parameters of the network
corresponding to the lowest validation loss are
saved, in order to further use the network with these
parameters for facial AE.

4. EXPERIMENTAL EVALUATION OF
ERROR OF FACIAL AGE ESTIMATION
BY XCEPTION NETWORK

In the experimental research the error of the
facial AE by the Xception neural network for images
from the UTKFace and FG-NET datasets [27, 28]
was evaluated.

Choosing a dataset for network training faces
the problem of uneven distribution of samples by
age groups [1]. The UTKFace dataset consist of
23,708 human face images ranging in age from 0 to
116 years, with an average age of 33.2 years. This
dataset differs in diversity, volume and
representativeness of different age and ethnic
groups. Images from the UTKFace dataset are
characterized by different distance to the face,
illumination, face rotation angle, and resolution.

Unevenly illuminated images from the
UTKFace dataset were selected using the software
presented in [27]. This software is designed to
implement two aesthetic and technical image quality
models based on neural image assessment (NIMA).
The NIMA's models are trained via transfer learning,
where ImageNet pre-trained CNNs are used and
fine-tuned for the image classification. In this paper
NIMA was used to detect uneven lighting on facial
images from UTKFace. In this way, 14,544
unevenly lit images from UTKFace were selected.
Since the UTKFace dataset contains only facial
images, and not full-length photos, the pre-
processing of the selected images is minimized.
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Specifically, each image must be reduced to the size
that the neural network input assumes.

An annotation with an age category
corresponding to each image allows using the data
for neural network training [25]. Before training the
network, the dataset was divided into three subsets,
namely, training set (70 % of images of the entire
dataset), validation set (10 %), and test set (20 %).

The Nadam method with an initial learning rate
of 0.0001 was applied to train the Xception neural
network. The mean squared error (MSE) was used as
a loss function. To calculate the MSE, the squared
differences between the annotated age values and the
age values estimated from the face images are
determined. These differences are averaged over the
images of the training and validation datasets.

The training phase of the Xception neural
network, where all pre-trained parameters are frozen
and only the weights on the layer added to determine
the age are updated, took 15 epochs. Training loss
after each epoch determines the updating of network
weights. Validation loss after each epoch affects the
ability of the network to generalize data. The
training loss and validation loss should be similar
and they are presented in Fig. 2. The blue line shows
the training loss, the red line shows the validation

loss. Although at the beginning of learning
validation loss is less than training loss.
MSE 12004 —— loss
val_loss
1000 4
800 A
600
400
200 -
2 3 6 8 10 2 n
Epoch

Fig. 2. Training and validation losses at

transfer stage
Source: compiled by the authors

Next, while fine-tuning the other Xception
weights are unfrozen, allowing them to adapt to the
UTKFace dataset while training. For the first epochs
the validation loss and training loss are
approximately the same, and then the validation loss
exceeds the training loss (Fig. 3). The blue line

MSE

— loss
| val_loss

200

180

160

140

120 1

6 5;0 160 150 260 25;0 360
Epoch
Fig. 3. Training and validation losses at the first
300 epochs of fine-tuning

Source: compiled by the authors

Training stopped if the values of the validation
loss did not decrease for 50 consecutive epochs. The
weights of the network from the epoch with the best
value of the validation loss were saved for facial AE
on unevenly illuminated images. 1000 epochs are
chosen as the maximum number of iterations. But
learning was then stopped after 732 epochs with the
applying of early stopping. The mean absolute error
(MAE) of AE with the Xception network is 5.17
years from unevenly illuminated images. The
number of training epochs affects the reducing the
MAE of AE with the application of an early
stopping of learning in comparison with the absence
of an early stopping. For example, after the first 300
iterations of training on unevenly lit UTKFace
images, the MAE of AE was 10.59 years (Fig. 4),
which together with Fig. 3 indicates a clear
undertraining of the network.

The trained neural network processed images
from the UTKFace dataset in 22 ms. The research
was performed using an AMD Ryzen 7 2700
processor, Nvidia RTX 3050 8gb graphics card,
CPU 3 GHz, 16.0 GB RAM, Windows 10 Pro 22H2
19045.3086 operating system, Google Chrome 114.0
browser .5735.135.

The FG-NET dataset consisting of 1,002
images of 82 people aged 0 to 69 was used for
comparison with AE methods known from the
literature [28]. The MAE was calculated between
annotated age values and age values determined
from facial images (Table 2). 603 unevenly
illuminated images from FG-NET were selected
with the help of the software posted on the link [27].
The MAE of AE by the Xception network was 4.76
years on unevenly illuminated FG-NET images

corresponds the ftraining loss, the red line (rjg 5) The AE error increased if facial images
corresponds the validation loss. were insufficient illuminated or blurred.
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Table 2. Mean absolute error of facial age

estimation from FG-NET images by networks

known from the literature

Neural MAE without fine- | MAE with fine-
network tuning, years tuning, years
Xception 12.03 3.67

ResNet-50 11.64 3.77
Inception v3 13.26 4.08

VGG19 14.35 4.98

VGG16 10.82 6.02
Source: compiled by the [7]
Age: 36 Age: 8 Age: 45 Age: 24

For comparison in the Table 2 the results from
[7] is shown. But it should be kept in mind that the
networks were trained on all FG-NET images
without taking into account uneven illumination.
That is, another training set is used to obtain the
results in the Table 2.

Age: 4 Age: 26 Age: 35 Age: 1

Predlcted age: 54 Predlcted age: 17 Predicted age: 51 Predlcted age 31 Predicted age: 0 Predicted age: 40 Predlcted age: 29 Predlcted age: 0

|t

Age: 36

(8

22 Age: 30 ge:
Predlcted age 42 Predlcted age 24 Predlcted age: 48 Predicted age 36 Predicted age 27 Predicted age: 0 Predlcted age 35 Predlcted age 0

Age: 26 Age: 33 Age: 31

T ]S

Age Age: 12

74

Age: 53 Age: 61 Age: 34 Age: 22
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Predicted age: 13 Predicted age: 43 Predicted age: 28 Predicted age 45 Predicted age: 69 Predicted age: 48 Predicted age: 43 Predicted age: 26

L

e

»

Fig. 4. Results of facial age estimation from the uneven illuminated images of UTKF ace dataset
Source: compiled by the authors
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Fig. 5. Results of facial age estimation from the uneven illuminated images of FG-NET dataset
Source: compiled by the authors
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The comparison is revealed that the MAE on
unevenly lit images exceeds the error on all images
for the Xception, ResNet-50, and Inception v3 by
29.7 %, 26.3 %, 16.7 %, respectively. Relative to
VGG19, VGG16 the error decreases by 4.4 % and
26.5 %, respectively. The number of Xception
network parameters is 6 times less than that of
VGG-16, VGG-19, and 12 % and 5 % less than that
of ResNet-50 and Inception v3, respectively.

CONCLUSIONS

For automatic facial AE in devices with limited
computing resources, the transfer learning method of
the Xception network received further development.
This development of the transfer learning method
includes the addition of an early stopping and the
recovery of the network weights from the epoch
with the best value of the validation loss. As a result,

network. The Xception network is applied because
the number of parameters of this network is 6 times
less than that of VGG-16, VGG-19, and 12 % and
5% less than that of ResNet-50 and Inception v3,
respectively. Then applying of the Xception network
reduces the resource consumption of devices with
limited computing power.

The practical significance of the obtained
experimental results is that the elaborated technique
of transfer learning can be recommended for the
training of other networks to solve the AE problem
from unevenly lit facial images.

Prospects for further research are reducing the
unevenness of facial image lighting to decrease the
error of age estimation. Also, to reduce the resource
consumption of devices with limited computing
power, it is promising to use fast transforms in the
convolutional layers of the Xception network

the MAE of facial AE was 4.76 years from unevenly [29, 30].
illuminated FG-NET images using the Xception
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AHOTAIIIS

[IBuaKMii PO3BUTOK IITMOOKOr0 HABYAHHSI PUBEPTAE OijbLIe YBAard J0 aHAIi3y 300pa)keHb 00NUYYs JTIOAUHA. MeToM OLiHKN
BiKy JIFOJIMHU 32 300paKeHHAMH OOJMYYs HA OCHOBI TIIMOOKOTO HaBuYaHHs Oiibll e(eKTHBHI MOPIBHSIHO 3 METOJAMH Ha OCHOBI
AHTPOIOMETPUYHUX MOJIEINEH, MOfIeNeil aKTUBHOI'O 30BHIIIHBOTO BUIIISAAY, TEKCTYPHHX MOJENeH, HiAIpocTopy MalIoHIB CTapiHHS.
OpHak Mepexi rIMOOKOro HaBYaHHs MOTPEOYIOTh OIIbLIOT OOYHCIIOBANIBHOI MOTY)KHOCTI i 00poOku 300paxeHsb. [lonepenHbo
HaBYEHI MOJIEN MpaloTh 6e3 MOoTpeOr y BeMHKiH KiTBKOCTI 3pa3KiB, a 4yac HaBYaHHs MeHIWid. OJHAK 3HAYCHHs MapaMeTpis,
OTPUMaHUX B Pe3yAbTaTi HABYAHHS, 3HAYHO BIUIMBAIOTH Ha €(QEKTHBHICTH MOMEPEAHBO HABUCHOI HEHpOHHOI Mepexi. Takox
MOTPIOHO BpPaxOBYBaTH OCOOJHBOCTI OOpOOIIOBAaHUX 300pa)KeHb, 30KpeMa, YMOBH, Yy SIKMX iX oTpumaHo. OcTaHHIM 4YacoMm
BH3HAUCHHSI BIKY JIFOJIMHU 33 300paKEHHAM OOJHYUSI PEali3yeThCsl y IOJAaTKax MPHUCTPOIB 3 OOMEKEHHM JDKEPESIOM OOUYHCIICHB,
Hanpukian, y cmaprdoni. Ilig wac dororpadyBanHs 00NMYYS JTIOJUHE KaMEpOW cMapTQoHA AyKe CKIagHO 3a0e3MeurTH
piBHOMIpHE OCBiTJICHHsS. METOI JIOCTI/KEHHS, € 3HIKEHHS MOMHJIKH OLIHKH BIKY JIIOJAMHH 3a HEPIBHOMIPHO OCBITIEHHM
300paKeHHSIM 00JIMYYs IIIIXOM 3aCTOCYBAaHHS PaHHBOI 3YMMHKH IEPEAaBaIbHOIO HaBUaHHS Mepexi Xception. 3ampomoHOBaHO
METOMKY MNOMEePeIHBOr0 HABUAHHS HEHPOHHMX MEpEek, sIKa BHKOPHCTOBYE DPAHHIO 3YNHMHKY HABYaHHS, SKIIO MOKPAIICHHS
pe3yabTaTiB HE CHOCTEPIraeThesl MPOTATOM MEBHOI KiNBKOCTI ernox. [10TiM BiIHOBIIOIOTHCS MEPEKEBI Bard 3 €MOXH 3 HAWKPAIIAM
3HAYCHHsAM (QYHKIIT BTPAT Ha BaligamiiHUX JaHuX. Y Pe3ynbTari cepeiHs abCOMIOTHA MOMIIIKA OL[IHKH BiKy IUIIXOM 3aCTOCYBaHHS
HABYEHOI0 3a 3alpPOMOHOBAHOK METOIMKOK Mepexero XCeption 3a HepiBHOMIPHO OCBITIEHHMMH TECTOBHMH 300paKCHHIMU
CTaHOBHMIIA OMH3bKO M'ATH pokiB. OOpanHs Xception 06yMOBIIEHE THM, 1[0 KiTBKICTh MTaApaMeTpiB i€l Mepexi MEHIIa, HiK Yy IHIIHX
MepeK, SIKi 3aCTOCOBYBANHMCS [UISI OLIHIOBaHHS BiKy JIOAMHH. Lle 3MEHIIye CIOKMBAHHS PECYPCiB MPHUCTPOIB 3 OOMEKCHUMH
00YHUCITIOBAIEHUME MOXITHBOCTSIMH. [lepCrieKTBaMy MOAANBIINX JOCTIIKEeHb € 3MEHBUICHHS PiBHS HEPIBHOMIPHOCTI OCBITIICHHS
300paKeHHb OOJIMYHs TSl 3MEHBIICHHS MOMHJIKA OLIHKK BiKy JIOMMHA. TakoX [UIsi 3MEHIIECHHS CIOKMBAHHSI OOYHCITIOBAIBHHX
PECypCiB MEPCHEKTHBHUM € 3aCTOCYBaHHsI IBUIKHUX MEPETBOPEHB ¥ 3rOPTKOBHX Iapax Mepexi Xception.

KiarouoBi cjioBa: BU3HAYEHHS BiKy JIFOIUHH; Mepeska XCeption; HamaluTyBaHHs MapaMeTpiB; paHHs 3YIUHKA;, HEPIBHOMiPHO
OCBITIICHI 300pa)KEeHHS; TIepeiaBaibHe HaBYaHHSI
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