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Abstract: Age estimation from face images is one of the significant topics in the field
of machine vision, which is of great interest to controlling age access and targeted
marketing. In this article, there are two main stages for human age estimation; the
first stage consists of extracting features from the face areas by using Pseudo Zernike
Moments (PZM), Active Appearance Model (AAM), and Bio-Inspired Features (BIF).
In the second step, Support Vector Machine (SVM) and Support Vector Regression
(SVR) algorithms are used to predict the age range of face images. The proposed
method has been assessed utilizing the renowned databases of IMDB-WIKI and
WIT-DB. In general, from all results obtained in the experiments, we have concluded
that the proposed method can be chosen as the best method for Age estimation from
face images.
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1. Introduction

Today, with the development of information technology and its spread among people,
the need for a method to recognize the identity of people by machine instead of
humans using biometric features has become a vital matter [1]. The basis of these
methods is the uniqueness of some human characteristics such as the face,
fingerprints, walking style, keyboard typing, DNA, and many other characteristics.
However, the widespread use of face for identity recognition is because the needed
data can be obtained easily much more than other methods, and face recognition
methods generally have a relatively appropriate accuracy [2]. Age works a very
important role in social communication and makes age estimation from face
important in intelligent applications, including but not limited to access control,
human-computer interaction, and marketing. For example, targeting the target
audience based on age can play a vital role in marketing. Moreover, automatic age
detection can be a great help in police and intelligence investigations. Determining
age can be a challenging problem because the variance in each person’s age depends
on health, lifestyle, etc. Analyzing the human face using computer vision can help to
estimate a person’s age because the face contains important information. In the basic
methods, key points of the face, e.g., nose, eyes, mouth, chin, etc., have been
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extracted and classified based on the size ratio between some of the extracted sizes
of the face [3]. Many external and internal factors make it very difficult to predict
accurately the age of human beings from their facial images. Internal factors include
genetics, ethnicity, gender, as well as the uncontrollable nature of different patterns
of maturation and aging process in humans; whereas external factors include makeup,
facial hair, change of posture, posture, and lighting. According to research and works
having been done infield, there are still problems with the accuracy criterion of
people’s age prediction. Compared to existing research, there are relatively few
published works on age estimation, for three reasons [4, 5].

1. The task of estimating age cannot be deemed as a typical classification
problem due to its varying treatment across different application contexts, it can be
considered based on multiple classification and regression problems.

2. It is difficult for one person to collect a comprehensive and large database
related to the aging process, especially for a collection of images with time
comparison.

3. The contemporary approach to age estimation via facial images is typically
comprised of two complementary components, namely, age image representation and
age estimation technique. The following section presents the primary content of this
article, which offers a comprehensive account of the proposed method alongside its
experimental outcomes and analysis.

Age estimation based on facial image classification is automatically defined by
considering the exact age or age group of people’s faces [6].

A lot of efforts in the scientific and industrial sectors have been devoted to this
issue during the last few decades. In this article, a system for estimating the age of
people based on the fusion and integration of features with each other SYM and SVR
algorithms is presented. In the proposed method, there are two main steps: The first
step includes the extraction of features from the face areas and uses features of PZM,
AMM, and BIF. The implementation results are seven different feature extraction
modes, where three methods of extracting single features PZM, AMM, and BIF were
have been evaluated, and then four methods through the fusion of features together
and selection of suitable features from PZM-AMM, PZM-BIF, AMM-BIF, and
PZM-AMM-BIF. Besides, using PCA, the length of feature vectors is reduced. In the
second step, SVM and SVR algorithms are used to predict the age range of face
images. Two famous databases IMDB-WIKI and WIT-DB have been used to
evaluate the proposed method. Fig. 1 shows the general structure of the age
estimation method.

Input S Feature ﬁ| Feature EEN Feature | Results

image extraction fusion selection

Fig. 1. System overview

Table 1. Abbreviations and acronyms list

Pseudo Zernike Moments — PZM | Multilayer Perceptron Neural Network —  MLPNN
Active Appearance Model —  AAM | Mean Absolute Error -  MAE
Bio-Inspired Features - BIF Principal Component Analysis — PCA
Support Vector Machine — SVM | Local Binary Pattern - LBP
Support Vector Regression —  SVR | Radial Basis Function — RBF
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2. Related work

Age estimation is a process in which the image of a person’s face is processed by a
computer and his/her age is estimated based on the criteria of years. The first human
age estimation method has been presented in 1994, based on the biological view of
the face. In a two-step process, this method has divided the face images into three
categories: child, young and old. The first stage uses the calculation of the distance
rate at different points of the face, with the help of face anthropometry, the images of
adults and immature people have been separated. In the second step, the analysis of
facial wrinkles has been used to divide the images of adults into two groups, young
and old. This method is sensitive to the direction and angle of the image [7].

In the article [8], a system for estimating the age of people based on their faces
and the genetic algorithm is presented. In the proposed method, there are four main
steps. The first stage is pre-processing which includes image contrast improvement,
face recognition, and image resizing; the second stage includes the extraction of folds
and creases, which form the input features of the next stage. In the third step, the
genetic algorithm is used and performed with the feature selection operation while
the length of the feature vector is reduced. Finally, in the fourth stage, the selected
features are classified into four age groups using the SVM and SVR classifiers to
estimate the age of people. The recognition rate of the system on the FG-NET
standard data set has been 74.35% based on the Mean Absolute Error (MAE) criterion
of 4.29 years, it has a higher performance and accuracy than similar methods.

In [9], to extract features, filters have been applied to different parameters at
different levels in the hierarchical model. Such a system has achieved an average
absolute error of 5.97 years on the FG-NET database using an MLPNN neural
network and an average absolute error of 4.68 years on another database.

A method for estimating the age group using facial features is presented by [10],
which includes pre-processing, feature extraction and classification, and geometric
features of faces such as wrinkles, facial angles, and distance between eyes. Then,
the classification uses the k-Means clustering algorithm, and the age range has been
dynamically determined for the groups. This method could be used for gender
classification, too.

Estimating the age of people based on tissue is presented by [11]. The method
uses the LBP and k-Means of the closest class. The proposed work has been evaluated
on the FERET database. Images or data have been divided into five groups: An image
has been received from the input, pre-processing operations, such as resizing,
smoothing, etc., have been performed, and then its features have been extracted for
machine learning and classification methods. It is measured with the database and the
age group of the corresponding photo has been displayed.

In the article [12], the problem of age estimation is usually challenging. Because
the issue of age depends on many factors, the aging process, such as smoking,
multiple genes, emotional stress, weight changes, etc., is increased. Graphic features,
such as human faces, are suitable for age estimation change with the change of pose,
lighting, imaging conditions, and glasses. Male and female people might be seen with
different separation features in the image due to reasons such as jewelry, beauty
treatments, and hairstyles.

22


http://encyclopedia.thefreedictionary.com/Mean+Absolute+Error

The pattern method for age estimation is used by [13]. The main idea of Peary’s
pattern model is a sequence of classified and ordered images in a unit of time that
makes up space. This method determines face images with minimum reconstruction

errors by using projection in space.

3. The proposed method

Typically, the age estimation process comprises two key components, namely feature
extraction, and classification. This scholarly article postulates that the enhancement
of the precision of automated age estimation systems is contingent upon the
amalgamation and consolidation of features. The proposed system is depicted in
Fig. 2 through a block diagram.

Inpnat image -.‘

¥

Face Detection & Pre-procesding

[
¥ v Y

P2 AN EIF
l
v

Feahare Fusion

‘ FCA

SV

YES
The probability
of a frue

diagnosis

‘l’ NO
T
results

Fig. 2. The proposed method’s flowchart for the face-based age estimation

Step 1. Receiving images from their normalizing database, the process consists
of dividing the pixels of the image by two and placing the brightness values in the
range [0, 1]. To normalize the number of brightness pixels on the total number, the
pixels of the image will be divided while the normalization will make the values
between 1 and 0.

Step 2. Place the features in seven groups, which include three individual and
four integrated methods. In the first step, PZM, AAM, and BIF features are extracted,
and in the second step combined fusions of features PZM+AMM, PZM+BIF,
AMM+BIF, and PZM+AMM+BIF and then select suitable features.

Step 3. By using PCA, the length of the feature vectors is reduced.
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Step 4. SVM and SVR classification methods on the test and training data of
the previous step are used to classify the data.

Step 5. To check the efficiency of the methods and compare them, the criterion
of the number of correct predictions has been used.

To evaluate the quality of the results and compare it with other methods, the
average absolute error evaluation criterion has been used and calculated by the next
formula:

(1) MAE — Z?:olEAi_RAiI

where Ea; is the estimated age and Ry is the actual age of the sample out of n tested
samples.

3.1. Age estimation database

It is very important to collect data to combine real images of age and accurate age
estimation. However, it is very difficult to collect the large size of age databases
especially when we want to collect a collection of images from a person in
chronological order. In this paper, two popular databases IMDB-WIKI and WIT-DB
have been used [14].

3.1.1. IMDB-WIKI dataset

Since most of the databases in this field have a small number of images, this database
has been prepared to provide an acceptable collection. It has been created by
collecting face images from IMDB and Wikipedia and then using face detection and
recognition software to automatically detect and recognize faces and assign age and
gender labels to them. The IMDB-WIKI dataset contains more than 500,000 face
images of celebrities and ordinary people, with age labels ranging from 0 to 100 years
old. The age labels have been obtained by using the year of birth and the date when
the image was taken, assuming that the age at the time the photo was taken is the
difference between the two. The age classes on this website are divided into 6 classes
(0 to 15, 16 to 25, 26 to 35, 36 to 45, 46 to 60, and 61 to 100 years) [15].

3.1.2. WIT-DB database

The WIT-DB contains images of approximately 5500 people from various regions of
Japan, with roughly equal numbers of men and women. Each person has between
1 and 14 images in the database, and there are a total of 12,008 images of female
faces and 14,214 images of male faces. The images are unobstructed views from the
front, with neutral expressions and varying lighting conditions. The age labels for
each image range from 3 to 85 years [16].

3.2. Pre-processing

At this stage, using the Viola-Jones algorithm, face recognition is done in the input
images. As can be seen in Fig. 3, there are additional areas in the input image, and
these areas cause incorrect features to be extracted and disrupt the system’s
performance. For this purpose, first, the face areas in the input images are identified
and cut. Five areas of the face image including the eyes, nose, and two areas around
the lips are extracted. Then the face regions are resized to a fixed size and the extra
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regions in the input images that do not contain faces are removed. After the face
recognition stage, due to the difference in the size of different faces and cropped
areas, all face images are resized to 128x128 pixels. After performing pre-processing
on the input images, the images enter the next stage, which is the stage of feature
extraction. Fig. 3 shows an example of the output of the face recognition stage in the
input images and the cropped area of the face [17, 18].

Fig. 3. A view of the pre-processing process

3.3. Feature extraction

The first step in the age estimation process is to describe the face by choosing the
appropriate features. These features should contain information that, in addition to
creating the most distinguishing features are not sensitive to changes such as rotation
and scale. In this article, to obtain a suitable description of the face, the proposed
method is used, where the feature vectors are extracted from the face images. Features
of PZM, AMM, and BIF Filters have been used, and then merging it for choosing the
appropriate features as suggested. Thereafter, to reduce the dimensions of the input
vector and create vectors containing features with the highest resolution, we applied
the PCA dimension reduction method to the features obtained from the proposed
method [19].

3.3.1. PZM

The PZM is one of the important methods for extracting the feature. The PZM is a
two-dimensional mapping function on a complex and orthogonal basis {Vam(X, ¥)}.
The polynomials {Vam(X, y)} are defined as follows [20]:

@ Vam 06,9) = R (5,7) exp jmtan (%) ),

Rnm (x, y) is a radial polynomial defined as follows [21]:
3) Rum (6,Y) = Z220™ Dy g s 0% + 927,
(4) Dn,lml,s _ (_1)5 _ (2n+2-s)!

sl(n—|m|-s)!(n—|m|-s+1)

Based on the above functions, Rn_-m(X, ¥) = Ram(X, ¥), Vim(X, ¥)=V*um (X, y). The
PZM is the image of a two-dimensional function on these basis functions. PZM is an
order n and a frequency m for the discrete and two-dimensional function f(x, y), which

has zero value outside the circle, it is calculated as follows:
n+1

©) PZMpm = ——=2x Xy f (6, ) Vi (%, ).

25



PZM can be calculated in two methods: the first method is a direct calculation
of relation (5) based on the model, while the second method uses central and radial
geometric moments. Therefore, PZM can be defined as follows:

(6) PZMym =

:nTH Z?J—lrrzl—s)even,szo Dn,lml,s ZZ:O ZZL:O(Z) (TZ) (_j)b- CMzk+m—2a—b,2a+b +
+nT+1 Z?n__lrzl_s)odds:o Dn,lml,s Zg=0 ZLH:O(Z) (1;,1) (_j)b' Clv[2d+m—2a.—b,2a+b.
where d=k=((n—s—m)2, CM;; is the central geometric moment, and RM;;is the radial
geometric moment. In this part, the calculated PZM is divided by the PZMg, moment,
which represents the area of the pattern, which causes the moments to be scaled. In
this way, PZMoo will be equal to one for all patterns. On the other hand, because
PZMmn=PZM*,_n the PZM is calculated only for positive m [20].

3.3.2. AAM

In the AAM method, two series of expansions must be calculated, the first is the
expansion of the figure according to the base figure and special features, and the
second is the expansion of the base figure based on the base appearance and special
features, as shown in the figure [21].

Next, the following tasks are performed on the obtained model: minimizing the
error between the input image 1(x) and A(x) = M (W(x; p)) if x is the pixels of the base
shape S0, the corresponding values of the input image | will be W(x; p). In Pixel x,
the AAM model will have the following appearance.

(7 AX) = Ap(x) + XLy A, (x).

In pixel W(x; p) the input image has brightness I(W(x; p)). Finally, we minimize
the least squares differences between the brightness of the input image and the
estimated appearance of the shape [22, 23].

(8) Yueso[Ao(X) + X1 4 A;(X) — I (W (x; c))]?.

3.3.3. BIF

The BIF feature extraction method is derived from visual processing in the eye cortex.
In this method, similar to the structure of the eye cortex, a model is introduced which
consists of several alternating layers called simple (S) and complex (C). These layers
model the increasing complexity of cellular units from the primary visual cortex to
the inferior cortex of the eye. The first layer (simple layer S1) is created by applying
the Gabor filter on the input image, and the second layer (complex layer C1) is created
by applying the maximum operator on the first layer. To use the BIF feature
extraction method in age estimation, it is enough to use these two layers [24, 25].

3.4. Fusion and feature selection

Feature extraction refers to the systematic technique of identifying and selecting
pertinent attributes from the raw data and converting them into a meaningful set of
features that are appropriate for representation and analysis of the data. A feature
extraction algorithm typically involves several steps, including pre-processing,
normalization, and selection of appropriate fusion functions. The length of the vectors
used to represent the features is also an important consideration.
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In this method, placing features in seven groups using three individual and four
integrated methods is implemented. In the first step, PZM, AAM, and BIF features
are extracted, and the second step fuses feature PZM-AMM, PZM-BIF, AMM-BIF,
and PZM-, AMM-BIF, then selecting the suitable features from them. It has been
shown that feature fusion can effectively achieve better age estimation than single-
feature representation alone [26].

3.5. Reducing the dimensions of features

This method is categorized as a feature-dimension reduction method and a principal
component analysis method. In PCA, new features obtained could have the best
description of the desired data. The principal component analysis includes an analysis
of the eigenvalues of the covariance matrix. It applies a mapping to the features to
depict them in line with the best descriptors of that data. As a result, the best
descriptors are those features that have the highest variance; it means that the
dispersion of the data is the highest in their direction. The purpose of PCA is to find
vectors that do the best possible job of identifying the subspace and defining the space
of the face [27].
Fig. 4 shows two-dimensional data of PCA.
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Fig. 4. Data distribution in the algorithm

3.6. Classifications

In the stage of classification, age estimation is generally followed by two single-stage
and hierarchical approaches. The single-stage approach deals with finding the age tag
among others [28]. However, in the hierarchical approach, the images are divided
into age groups, gender, etc. and then the age tag is searched in a smaller range [29].
Due to the wide range of ages, finding the exact age tag by a single-step approach is
difficult as it has a high error. In the hierarchical approach, complexity increases due
to the existence of groups, e.g., age, gender, etc., groups need to train a separate model
for each group, which causes decreasing the popularity of these methods. In this step,
the feature vectors obtained from the previous step are estimated by the trained
classifier and the age of people. According to the scope of this article and the age
range of people, SVM and SVR methods have been used to classify and estimate the
age of people.

SVM and SVR are powerful machine-learning algorithms for classification and
regression tasks, respectively. Both of these algorithms use a nonlinear kernel
function to map the input data to a higher dimensional space where it is easier to
separate or regress the data.
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In the following, the SVM method and the SVR method used in the article are
explained.

3.6.1. SVM

SVM is a new learning method that is often used for binary classification. By
introducing a feature space result from the use of kernel functions, the support vector
machine takes the input data to a space with higher dimensions and increases the
separation of data that are not separated linearly [30]. Typically, this task, i.e., taking
the input vectors to higher dimensional spaces, is associated with an increase in the
computational complexity and overlap problem. Nonetheless, support vector
machines are not directly related to a higher dimensional space and only need internal
multiplication relations in space [31].

Suppose we have n training samples in a real space with dimensions P and two
classes. We want to find a plane that separates the points of class ¢i=1 from the points
of class ci = —1. The equation of this plane is wx; — b = 0 is written, where w is the
normal vector and perpendicular to the plane and the parameter b/w specifies the
distance of the plane from the origin of the normal vector. For each sample, if
wx; — b > 1 then sample x; belongs to the first class; otherwise, if wx; — b < -1 then
sample x; belongs to the second class. The values of b and w should be chosen in such
a way that the condition of the maximum distance is satisfied. The kernel function is
a weight function used in non-parametric forecasting techniques and has two
conditions. This category is one of the most popular fields in biometrics, identity
verification, access control, and video surveillance. However, SVMs have the
following properties [32-34]:

1. Classifier is designed with a maximum generalization

2. Automatic determination of the optimal structure and topology.

3. Modelling nonlinear differentiation functions using nonlinear kernels and the
concept of inner multiplication.

Fig. 5 shows the SVM work method.
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Fig. 5. SVM classification

3.6.2. SVR

SVR is a machine learning technique that is used to predict continuous target
variables. It is a type of SVM algorithm that is modified to perform regression instead
of classification. In SVR, the purpose is to minimize the error between the predicted
values and the actual values while maintaining a balance between the complexity of
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the model and the degree of error. The error is typically measured using the MAE.
SVR uses a kernel function to map the input data into a higher dimensional space.
The most commonly used kernel functions are linear, polynomial, RBF, and sigmoid.
The main advantage of SVR over traditional regression techniques is that it can
handle nonlinear data more effectively. Additionally, it is less sensitive to outliers
compared to other regression algorithms [35, 36].

4. Experimental results

This section examines the implementation results of the proposed algorithm and
compares its results with classical feature extraction and classification algorithms.
Different algorithms have been assessed with MATLAB software version R2020a,
and it has been deployed on a laptop with Dell 8th Gen Intel Core i5-8250U
specifications.

To test the proposed method and to determine its superiority over similar
methods, the images of IMDB-WIKI and WIT-DB databases have been used. When
using each of these two databases, we considered 20% of the data for training and
80% for test data. All the images used to perform each of the stages of training and
testing the model have been first converted to a gray model and prevent the creation
of computational overhead by other additional information in the image such as the
border and background, as well as to speed up the processing time. The inner part of
the face is separated from the image in the size of 128x128. In this experiment, first
of all, we have placed the features in seven groups including three individual methods
and four integrated methods. The PZM, AAM, and BIF features are extracted, and
then features PZM+AMM, PZM+BIF, AMM+BIF, and PZM+AMM-+BIF have been
blended to select the best features. Then, the length of the features’ vectors has been
reduced using PCA. Thereafter, SVM and SVR classification methods on the test and
training data in the previous step have been used to classify the data. The average
absolute error evaluation criterion has been used to evaluate the quality of the results
and compare it with other methods, which were explained previously. Tables 2 and 3
show the accuracy results for the various features along with SVM and SVR
classifications on the IMDB-WIKI dataset. As shown in Tables 2 and 3 the human
age estimation from facial images based on the combined feature fusion
PZM+AMM+BIF is the best feature. Besides, the fusion features PZM+AMM work
together and work well; whereas, BIF works with lower performance than other
features. Fig. (6) shows the best results that have been obtained in a database IMDB-
WIKI for different age groups.

Tables 4 and 5 show the accuracy results of the various features mentioned
previously with SVM and SVR classifications on the WIT-DB dataset. Tables 4
and 5 show the human age estimation from facial images based on the
PZM+AMM+BIF features fusion which is the better feature. Also, the fusion feature
of PZM+AMM and the PZM both work well whilst, BIF works with lower
performance than other features. Fig. 7 shows the best results that have been obtained
in a database WIT-DB for different age groups. According to the above tables, it is
clear that the SVM method is more successful than the SVR method.
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Table 2. Percentage accuracy in three age groups with SVM classification and IMDB-WIKI age database

Age groups  |PZM |AMM | BIF | PZM+AMM | PZM+BIF | AMM+ BIF | PZM+AMM+BIF
0-15 938 | 931 |844 96.3 94.8 94.1 99.1
16-25 943 | 92.7 852 97.8 93.4 93.7 98.8
26-35 94,1 | 915 [848 97.2 93.9 93.9 98.9
35-45 936 | 91.6 |87.8 97.3 94.4 92,2 98.3
46-60 94,1 | 915 |848 97.2 93.9 93.9 98.9
61-100 93.6 | 91.6 |87.8 97.3 94.4 92,2 99.3
Table 3. Percentage accuracy in three age groups with SVR classification and IMDB-WIKI age database
Age groups|PZM  |AMM BIF |[PZM+AMM| PZM+BIF | AMM+ BIF |PZM+AMM+BIF
0-15 96.8 94.1 91.4 96.3 94.8 93.1 98.6
16-25 95.3 95.7 91.2 97.8 93.4 92.7 98.4
26-35 95,1 94.5 89.8 96.2 94.9 94.9 97.3
36-45 96.6 95.6 91.8 96.9 95.4 93,2 97.5
46-60 94,1 91.5 84.8 97.2 93.9 93.9 98.2
61-100 93.6 91.6 87.8 97.3 94.4 92,2 98.6
Age PZM+AMM+BIF
61-100 99.30%
46-60 98.90%
35-45 98.30%
26-35 98.90%
16-25 98.80%
0-15 99.10%

Fig. 6. The best results with the database IMDB-WIKI and for different age groups

Table 4. Percentag

e accuracy in three age groups with SVM classification and WIT-DB age database

ggﬂ‘;s PZM |[AMM | BIF | PZM+AMM | PZM+BIF | AMM+ BIF |PZM+AMM+BIF
3-20 96.8 95.9 86.7 98.2 95.3 93.9 99.2

21-40 | 94.6 93.8 86.4 97.0 93.6 94.7 98.6

41-60 96,9 96.2 87.8 97.8 94.9 94.8 98.4

61-85 95.9 96.4 85.7 97.9 96.8 94,8 994

Table 5. Percentage accuracy in three age groups with SVR classification and WIT-DB age database

gﬁ)ﬂ;s PZM |[AMM | BIF | PZM+AMM | PZM+BIF | AMM+ BIF |PZM+AMM+BIF
3-20 93.8 94.1 94.4 96.3 96.8 95.1 98.7

21-40 | 93.3 93.7 94.2 95.8 96.4 95.7 98.4

41-60 | 93,1 94.5 95.8 95.2 96.9 94.9 97.5

61-85 93.6 93.6 94.8 95.3 97.4 95,2 98.1
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Age groups PZM+AMM+BIF
61-85 99.40%
41-60 98.40%
21-40 98.60%
3=20 99.20%

Fig. 7. The best results with the database WIT-DB and for different age groups

5. Conclusion

The purpose of this article is to find an ideal and effective method to detect people's
chronological age from facial photos. To achieve this aim, firstly, we have defined
the facial features of people imposed for this purpose, and secondly, we implemented
the proposed features to achieve the best performance. PZM, AMM, and BIF have
been selected and combined to detect the appropriate features from them. It is
necessary to reduce the dimensions of the features appropriately for this purpose.
Reducing the dimensions of the problem and improving the classification accuracy
of the algorithm analysis has been carried out for the extracted features using PCA.
Finally, we have used the appropriate and robust classifiers, SVM and SVR in the
human age estimation. In general, we have found this method to have the least errors
for human age estimation from all the results obtained in the experiments.

References
1. Xie, J.-C., C.-M. Pun. Deep and Ordinal Ensemble Learning for Human Age Estimation from

Facial Images. — IEEE Transactions on Information Forensics and Security, Vol. 15, 2020,
pp. 2361-2374.

2. Cao, W, V. Mirjalili, S. Raschka. Rank Consistent Ordinal Regression for Neural
Networks with Application to Age Estimation. — Pattern Recognition Letters, Vol. 140, 2020,
pp. 325-331.

3. Liu, X, et al. Face Image Age Estimation Based on Data Augmentation and Lightweight
Convolutional Neural Network. — Symmetry, Vol. 12, 2020, No 1, 146.

4. Bekhouche, S. E, etal. A Comparative Study of Human Facial Age Estimation: Handcrafted
Features vs. Deep Features. — Multimedia Tools and Applications, Vol. 79, 2020, No 35,
pp. 26605-26622.

5. Zhu, H,, et al. Ordinal Distribution Regression for Gait-Based Age Estimation. — Science China
Information Sciences, Vol. 63, 2020, No 2, pp. 1-14.

6. Xia, M., et al. Multi-Stage Feature Constraints Learning for Age Estimation. — IEEE Transactions
on Information Forensics and Security, Vol. 15, 2020, pp. 2417-2428.

7. Tiwari, R. K. Human Age Estimation Using Machine Learning Techniques. — International
Journal of Electronics Engineering and Applications, Vol. 8, 2020, No 1, pp. 01-09.

8. Fayyad, U, G. Shapiro, P. Smyth. From Data Mining to Knowledge Discovery in
Databases. — Al Magazine, Vol. 17, 1996, No 3, pp. 37-54.

9. Suo,J, T.Wu,S.Zhu,S.Shan,X.Chen,W.G ao.Design Sparse Features for Age Estimation
Using Hierarchical Face Model. — In: Proc. of IEEE Conf. on FGR, 2008, pp. 1-6.

31



10.

11.

12.

13.

14

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

32

Stone, A. The Aging Process of the Face & Techniques of Rejuvenation, 2012 (Accessed
10/4/2015).
http://www.aaronstonemd.com/Facial Aging Rejuvenation.htm

Lanitis, A. A Survey of the Effects of Aging on Biometric Identity Verification. — International
Journal of Biometrics (IJBM), Vol. 2, 2012, No 1, pp. 34-52.

Ranjan,J,D.Datta, R.Saha. Age Estimation from Face Image Using Wrinkle Features. — In:
Proc. of International Conference on Information and Communication Technologies
(ICICT’14), 3-5 December 2014, Bolgatty Palace & Island Resort, Kochi, India.

Geng, X.,,Z. H.Zhou, Y. Zhang, G. Li, H. Dai. Learning from Facial Aging Patterns for
Automatic Age Estimation. — In: Proc. of ACM International Conference on Multimedia, New
York, NY, USA, 2014, pp. 307-316.

.Grd, P.,M. Bac¢a. Creating a Face Database for Age Estimation and Classification. — In: Proc. of

39th International Convention on Information and Communication Technology, Electronics
and Microelectronics (MIPRO’16), IEEE, 2016.
Rothe,R,R. Timofte, L. V.Gool. DEX: Deep Expectation of Apparent Age from a Single
Image. — In: Proc. of IEEE International Conference on Computer Vision Workshops, 2015.
Fu, Y., G. Guo, T. S. Huang. Age Synthesis and Estimation via Faces: A Survey. — IEEE
Transactions on Pattern Analysis and Machine Intelligence, Vol. 32, 2010, No 11,
pp. 1955-1976.
Lim, S. Estimation of Gender and Age Using CNN-Based Face Recognition Algorithm. —
International Journal of Advanced Smart Convergence, Vol. 9, 2020, No 2, pp. 203-211.
Shejul,A A, K.S.Kinage. Deep Appearance Model and Crow-Sine Cosine Algorithm-Based
Deep Belief Network for Age Estimation. — International Journal of Ambient Computing and
Intelligence (1JACI), Vol. 12, 2021, No 3, pp. 185-207.

Guehairia, O, et al. Feature Fusion via Deep Random Forest for Facial Age Estimation. —
Neural Networks, Vol. 130, 2020, pp. 238-252.

Micheal, A. A, P. Geetha. A Novel Hybrid Feature Framework for Multi-View Age
Estimation. — Applied Artificial Intelligence, Vol. 35, 2021, No 15, pp. 1361-1387.

Angulu,R,J R Tapamo,A.O. Adewumi. Age Estimation via Face Images: A Survey. —
EURASIP Journal on Image and Video Processing, VVol. 2018, 2018, No 1, pp. 1-35.

Shejul,A A, K.S.Kinage. Deep Appearance Model and Crow-Sine Cosine Algorithm-Based
Deep Belief Network for Age Estimation. — International Journal of Ambient Computing and
Intelligence (1JACI), Vol. 12, 2021, No 3, pp. 185-207.

Khajavi, M., A, Ahmadyfard. Human Face Aging Based on Active Appearance Model
Using Proper Feature Set. — Signal, Image and Video Processing, 2022, pp. 1-9.

Shejul,A.A,K.S.Kinage,B. E.Reddy. Facial Based Human Age Estimation Using Deep
Belief Network. — In: Proc. of EAI International Conference on Big Data Innovation for
Sustainable Cognitive Computing, Cham, Springer, 2020.

Wang,H,V.Sanchez C.-T. Li. Improving Face-Based Age Estimation with Attention-Based
Dynamic Patch Fusion. — IEEE Transactions on Image Processing, Vol. 31, 2022,
pp. 1084-1096.

Qian, W, etal. Label Distribution Feature Selection with Feature Weights Fusion and Local Label
Correlations. — Knowledge-Based Systems, Vol. 256, 2022, 109778.

L u, D., et al. Age Estimation from Facial Images Based on Gabor Feature Fusion and the CIASO-
SA Algorithm. — CAAI Transactions on Intelligence Technology, 2022.

Greco, A, etal. Effective Training of Convolutional Neural Networks for Age Estimation Based
on Knowledge Distillation. — Neural Computing and Applications, 2021, pp. 1-16.

Rwigema,J,J.Mfitumukiza, K. Tae-Y ong.AHybrid Approach of Neural Networks for
Age and Gender Classification through Decision Fusion. — Biomedical Signal Processing and
Control, Vol. 66, 2021, 102459.

Al-Dujaili, M. J, A  Ebrahimi-Moghadam. Speech Emotion Recognition: A
Comprehensive Survey. — Wireless Personal Communications, 2023, pp. 1-37.

Madhavi, A, et al. Human Age Estimation Using Support Vector Machine. — In: Machine
Learning Technologies and Applications, Singapore, Springer, 2021. pp. 273-286.

Micheal, A. A, P. Geetha. A Novel Hybrid Feature Framework for Multi-View Age
Estimation. — Applied Artificial Intelligence, Vol. 35, 2021, No 15, pp. 1361-1387.



33. Al-Dujaili,M.J.,, M. T. M ezeel. Novel Approach for Reinforcement the Extraction of ECG
Signal for Twin Fetuses Based on Modified BSS. — Wireless Personal Communications,
Vol. 119, 2021, No 3, pp. 2431-2450.

34. Al Dujaili,M. J, H. T.H. S. ALRikabi, I. R. N. ALRubeei. Gender Recognition of
Human from Face Images Using Multi-Class Support Vector Machine (SVM) Classifiers. —
International Journal of Interactive Mobile Technologies, Vol. 17, 2023, No 8.

35. Lee, J-S., et al. Age Estimation Using Correlation-Refined Features of Convolutional Neural
Network. — Journal of Information Science & Engineering, Vol. 37, 2021, No 6.

36. Al Dujaili,M.J,A.Ebrahimi-Moghadam,A.Fatlawi.Speech Emotion Recognition
Based on SVM and KNN Classifications Fusion. — International Journal of Electrical and
Computer Engineering, Vol. 11, 2021, No 2, 1259.

Received: 26.01.2023; Second Version: 12.04.2023; Third Verion: 04.05.2023;
Accepted: 12.05.2023

33



