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Abstract

Automatic age prediction from facial images has received much attention. This is due to its various applications in security control, law
enforcement, and human computer interaction. In spite of its developments, age prediction becomes more challenging. This is because
the facial age procedure is specified not only by internal factors like genetic factors and external factors like lifestyle and environ-mental
factors. In this paper, an enhanced age prediction algorithm using Active Shape Model (ASM) with six classifiers is suggested. Support
Vector Machine (SVM), K-Nearest Neighbor (KNN), Support Vector Regression (SVR), Canonical Correlation Analysis (CCA), Linear
Discriminant Analysis (LDA), and Projection Twin Support Vector Machine (PTSVM) are adopted in order to enhance the accuracy of
age prediction. In this work, traits of the facial images are extracted via ASM as the trait vector. The classifiers are utilized and compared

to predict the age. The experimental results indicated that CCA has the highest accuracy while KNN has the lowest.
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1. Introduction

Automatic age prediction receives much attention due to its exten-
sive applications in areas such as Human Computer Interaction
(HCI), electronic customer relationship management, surveillance
monitoring [1]. Age prediction methods based on the usage of
machine learning algorithm to predict human age rely on traits
elicited from face pictures.

Age prediction undergoes several face recognition processes such
as face detection, face alignment and traits elicitation. Traits elic-
ited from facial pictures representing age connected apparent data
is a key operator in the performance of age prediction methods [2].
Much research on age prediction has been conducted across age
traits elicitation, such as ASM [3], Active Appearance Model
(AAM)[4], age pattern subspace and age manifold [5], Age pattern
Subspace (AGES) [6], and anthropometric model [7]. In these
algorithms, the traits are usually elicited in low level accuracy.
Age prediction could be to develop a reliable age prediction
framework dependent upon elicited traits. The age predictors can
use machine learning algorithms to train a model for elicited traits
and make age prediction for facial images. Age prediction is seen
as a multiclass classification issue [8, 9] and a regression issue [10,
11]. In age classification, face picture is typically allocated to a
class label that achieves the age value, and multi-class classifica-
tion method is generally utilized. In age regression tasks, the
methods yield an exact predicted age value. In this research, we
concentrate on the classification task which allocates the face
picture to an age label value.

In recent years, a much effort has been directed toward human
picture age prediction methods. The previous works can be classi-
fied under two different issues: how the age traits could be elicited
and how the age could be predicted based on the elicited traits. For
age traits elicitation, Wang et al. [12] proposed deep learning
strategies based on Convolutional Neural Network (CNN). They

proposed a new algorithm for facial traits elicitation based on deep
learning model. In contrast with past models developed using
CNN, they utilized traits maps acquired in distinctive layers. Igtait
et al. [13] proposed additional details regarding AAM and ASM
algorithms for facial traits elicitation. They tested their perfor-
mance on one dataset of the faces. This method revealed that ASM
is faster and gains more accurate trait points than AAM, but AAM
gains a better match to the texture. Dibeklioglu et al.[14] showed
that for age prediction along with the appearance data, facial dy-
namics can be leveraged. They recommended a strategy to collect
and utilize dynamic traits for age prediction using a person’s smile.
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Fig. 1: Overview of the suggested age prediction algorithm

For age prediction using extracted traits, Lai et al. [15] proposed a
modern technique to predict the age from facial picture under a
dynamic range or a discrete age situated as opposed to solitary age
or age set. They presented another measurement, i. e. Confidence
Interval/Confidence Level to assess the performance of claiming
recommended strategy. Furthermore, Mohamad et al. [16] pro-
posed an enhanced age estimation framework. They utilized
AAM model and three machine learning algorithms, SVM, KNN,
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and SVR with enhance the accuracy of age estimation dependent
upon the introduced strategies. Sai et al. [17] classified age into
four predefined classes. They used quick and effective machine
learning methods to solve the age categorization issue. Local Ga-
bor Binary Patterns, Biologically Inspired Feature, and Gabor
were incorporated to represent face image.

This paper proposed a hierarchic algorithm that collects a solitary
group of traits vectors dependent upon ASM model. For age pre-
diction process, we utilized SVM, SVR, KNN, CCA, LDA, and
PTSVM machine learning algorithms with MORPH database. The
database contain 38533 pictures, we choose 2600 on a chance to
be a training group to learn the proposed algorithm. Also, 400
pictures are chosen to test the proposed algorithm.

2. Age Prediction Method

This part demonstrates the strategies and algorithms utilized in
this paper. Part one shows the description of the suggested algo-
rithm. Part two depicts a database used. Part three summarizes the
traits elicitation process. Part four shows the ASM model search-
ing process while Section five demonstrates the utilized machine
learning algorithms.

2.1. Suggested Method Summary

We proposed an enhanced algorithm for age estimation which
combines of two stages: training stage and prediction stage. These
stages are illustrated in Figurel:

The training stage consists of two main steps:

e  Traits elicitation using ASM model which includes three
steps:

~ Face detection: At this step, the face region is de-
tected.

~ Image normalization: This consists of traits calibra-
tion and handling where a disparity of the picture
can be improved.

- Traits elicitation: At this step, the shape properties
related to facial images are collected in traits matri-
ces.

e  Machine learning: the entered features are trained under
different ages based on six machine learning algorithms.

The prediction process includes two main steps:
e  Traits elicitation using ASM model.
e Classification model: the entered pictures of faces are
classified under diverse ages in view of six machine
learning algorithms.

2.2. Database

In this research, MORPH database was utilized, this is a facial
pictures database associated with particular data in regards to the
sex also age to each picture in the database. The suggested data-
base has been transformed using Pinellas country Sherrif’s office
(PCSO) [18]. MORPH contains information like born date, and
incorporates face portraits of the adults in distinctive ages. A
bigger part in the MORPH contains pair groups. Group 1 incorpo-
rates 1690 pictures of 515 individuals while Group 2 consists of
15204 pictures of 4000 individuals. The detailed information of
the portraits alongside gender, weight, ethnicity, age and tallness
are all accessible. Furthermore, we choose 2600 pictures to be
training set at same time we choose 400 pictures to be testing set.

2.3. Trait Elicitation and Normalization

In the suggested algorithm, ASM is used to gather facial traits
from facial pictures. ASM model incorporates two processes:

model construction and searching [3]. In the following section, we
provide a short overview of the ASM model, which confirms its
applications in facial traits elicitation.

The model structure technique for ASM aims to assign k key faci-
al trait points to each face picture in the training group. For exam-
ple, {(x1, y1) and (xk, yk)} are the k facial trait points marked on
the picture shown in Fig. 2. A trait point is the point of the same
index number in various pictures. All the k points checked on a
picture develop an extraordinary shape which can be performed by
a shape vector

s = (X1, Y1, o0 X, Yic)- @)

After creating the shape model separate of the volume, location
Furthermore direction of the face, we adjusted the shape vectors to
support the rotation, scaling and interpretation. The measure of the
arrangement may be on minimizing the entirety of the adjusted
distances of the trait points. Subsequently, Principal Component
Analysis (PCA) could be used in relation to the aligned shape
vectors. The mean might be expressed as.

= %Z Si @)

i=1

And the corresponding covariance can be expressed as

©)

The eigenvalues (A,As) and the corresponding eigenvectors
(p1,...,ps) of the covariance matrix S, where. Ai> Ai+1, could subse-
quently be acquired. The first t eigenvectors are selected based on
the following equation:

t S
ZA /ZA o

The definition of the worth about o varies of distinctive applica-
tions. However we assign o as 0.95. The subsequent t eigenvectors
could be formulated as P = (pa,...,pt). Then, the shape vectors can
be approximated by utilizing the following equation:

s ~ 5§+ Pb, (5)

s= %;(si — )T (s; —5).
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Fig. 2: Facial traits points

Where b is a weight vector which could be calculated as follows:
b=PT(s — 3). ®)

After updating the reshaped location of the traits landmarks in a
repeated way, nearby construction ought to be structured in im-
provements. The local structure might be built toward calculating
those pixel profiles which would be sampled around every traits
landmark along the ordinary way of the shape. A point nearby
(xi,yi) is provided based on the sampling. An M pixel on two sides
of the point along the ordinary bearing of the shape prompts the
profile length being 2m + 1. Also, the neighborhood structure of
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the points could be structured toward the initial arrangement de-
rivatives about these profiles.

Let (g1,..,gn) is the normalized derivative profiles. Then the mean
profile g Also its covariance grid Sg might a chance to be helpful-
ly computed. We utilized the Mahalanobis distance scale to calcu-
late the contrast the middle of the new and the mean profiles,
which can be characterized as following:

flgd) = (g — @S5 (gi — " Q)

2.4. ASM Searching

The exploring strategy for ASM is summarized in the next two
repeated stages: (1) the scan of the modern location for every
point; (2) the refresh of the variable b and the variables of the
relative change.

In the main step, it is necessary to sample | (I>m) pixels around
jointly portions of the point and form a profile as expressed. Sub-
sequently, a sub-profile with the length from claiming m is decid-
ed and the relating Mahalanobis distances are calculated. The
focal point of the sub-profile can be the enhanced location of the
point where the Mahalanobis distance achieves its level. To calcu-
late the upgraded location repeatedly, we developed a displace-
ment vector dS = (dSu,...,dSk) the affine conversion variables and
b can be updated as:

S =M(s,0)[s] + S, (8)

2.5. Machine Learning Algorithms

In this research, we utilized six machine learning algorithms for
training and prediction: KNN, SVM, SVR, CCA, LDA, and
PTSVM. Let Y=(y1, y2, yi, yN) hold many training pictures; each
yi has a chance to be trait matrices of dimension n. The matrices
might have a chance to be modeled by linking bxc facial photo-
graph. The number bxc=0. o is the complete assortment for pixels
internal those pictures and o denotes all training pictures.

K-nearest Neighbor (KNN)

KNN is a machine learning algorithm for grouping parameters as
stated by the closest points of the zone inside traits [19]. KNN is a
standout amongst the well-known and clear machine learning
algorithms. The training approach aims to reserving trait vectors
and denoting the training pictures, as well as domestic grouping
processes. The unmarked location might be allocated for its k
nearest neighbors. This might be regularly sorted as stated by its k
nearest neighbors using controlling portion ballot respect to k=1.
The variables are grouped considering the forces of the variable
nearby them. These could be prerequisites for the best two seg-
ments. Subsequently, k might settle on an odd number. Also, k
makes it possible to create an odd number depending upon mul-
ticlass arrangements. At this point, we varied every photo of the
vector beginning to guarantee fixed-length to right values. We
used the celebrated interval equation as a reachable side of the
point detachment ability for KNN which is Euclidean distance.

)

The x and y are histograms with respect to X =Rm. The greater
part of training data are incorporated for these facial matrices and
the allotment over face matrices to each age in the age combina-
tion is portrayed.

dy) = ) (G =y NV?
i=1

Support Vector Machine (SVM)

In the proposed approach we used SVM to predict the ages in a
particular time [20]. Eventually by applying machine learning
algorithm with a specific age labels through the traits, the SVM
limitation was enhanced to purposely predict the age. Throughout

the training phase, we trained the SVM using the whole training
information. The age classifier holds labels for age ordering from
0-69 years. The algorithm apply SVM algorithm to do a classifica-
tion for the facial traits under age labels resolved using the train-
ing methods. The parameter xi is the traits matrices. For design the
SVM variables, we utilized Gaussian kernel K:

FE = ayk(s,0)+b (10)

Support Vector Regression (SVR)

Given a training set, L data proves X € Rm and their outputs Y €
R1. The level fixed of formation SVR is under the awarded
precise. ¢ [21]. Also, Slack parameters € are determined as:

L L
. 1 *
wr,Il},lil,li*EWtW +c (Z & + Z Ei)
i=1 =1

sstwld(x)) +b—y, <e +§

yi—wi () —b < e+ § 11

With &,& >0,i=1...L, where the kernel function @(x;) maps
the traits vector x; into a higher-dimensional space. SVR is des-
tined to train the facial traits matrices for these age labels. Thence,
it outfitted a fuzzy assembly of variables transformed throughout
the age prediction recognized for a single person in the corre-
sponding facial image. SVR might have been utilized to raise the
mathematical statement f(x) starting from the training pictures and
age labels (starting from 0 until 69) toward the same time traits
matrices xi. SVR method for right e-insensitive charge was uti-
lized to train the age formula f(x) determined as Age = f(x).

Linear Discriminant Analysis (LDA)

LDA is a broad method for dimensionality reduction and ar-
rangement. We prepared a dataset for n samples 77 = {(x;, )}V, |
where xi € IR%and li€ {1, 2,., k} prove independently, the vec-
tor and the co-partnered number name of the i-th sample, d is the
data dimensionality, and Kk is the amount from claiming classes.
Lesvos (¢) " shows this transpose driver. For discriminant analysis
[22], three scramble matrices are defined as follows:

k

1 ,
SW =N. Z . (X—Cj)(X—Cj), (12)
Jj=1{x€T x:1=j}

K
1 .
S = N;Nj(c,- -G <), )

K
1 .
S, =N;(x,- —c)(x;—c), (14)

Where N;j and cj show the number of points and the centroid of the
j-th class, and c is the selected centroid of the whole information.
It takes the designation (Sw) and (Sb) that calculate the within-
class union also among class divisions independently. The total
scatter grid is acquired similarly as St = sp + sw. LDA computes a.
straight change for U € IR™9, mapping the vector xi € IR? to the
vector xi' € IR!, Ux;, (I<d). In the minimal dimensional space
coming because of the linear transformation U, the scatter matri-
ces turn into

sL,=u%y, St=U's,U, St=U's.U

The better transformation U'PA is computed by the following
equation:

ULPA = max,trace (5117(5%)_1)
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The matrix UXP4 is identified by the vectors Si™ Sg corresponding
to the target k-1 value.

Canonical Correlation Analysis (CCA)

CCA wias first proposed in [23]. It is an algorithm for multivariate
measurable analysis. It is utilized within two sets of multivariate
data under a subspace, such that correlation between the anticipat-
ed data is maximized.

In the method of age estimation, provided pictures from the data-
base and appearance traits with dimension are first elicited from
the pictures. These trait vectors are sorted out under two data ma-
trices: S= {(x11 ,X12),...,(Xn1 ,Xn2 )}, Where xjj € R}, j=1,2 repre-
sents the ith sample starting with the jth view of p; dimension.
Two matrices X1 =[xu1 ,..., xm] and Xz2=[X12 ,..., Xn2] are recog-
nized to exhibit the majority of the data from the two perspectives.
Two straight transforms w1, w2 are provided to project the sam-
ples, beginning from two perspectives under the general subspace
and at last by developing the connection w'1X1 and w'2Xz as:

max wi X; XTw, (15)
wl,w2
sctowl X XTw, = L, wliX, XTw, =1 (16)

For the Lagrange multiplier, mathematical equation (16) can be
utilized to solve the eigenvalue decomposition. For wl and w2,
the tests from two perspectives may be compared, projecting the
relatable point space. In unconfirmed approaches, CCA could be
identified as two-view advancement to PCA. CCA is prepared for
two-view case, and the pairwise method might be applied at the
point of the multi-view circumstance. In turn, the prerequisite for
asserting CCA is that the prepared data for CCA must be given
previously. View-pair mode, i. e. the number of specimens for
both views has a chance to be on X1XT2 process.

Projection Twin Support Vector Machine (PT-SVM)

The primary function of linear projection twin support vector [24]
machine is to search for a projection axis for every class, so that
within-class contrast of the predicted information points is mini-
mized after the anticipated data points of the distinctive classes
are identified. Thus, the primal issues in regards to straight
PTSVM are from QPPs.

1
minEW{51W1 +celé,
wil (17)

1
s.t. Bwy ——eyel AW, + &, > ey, & =0
. €26
1

1 1
mln_W;SZWZ +Cze{€1 ( 8)
w2 2

1
s.t.— (sz —m—elezTBW2> +& >e, & =0
2

Where ¢1>0 and c2>0 are trade-off constants, e1 € R™ and e; €
R™ are both vectors of ones, and &; and &, are both non negative
slack variable vectors.S: and Sz are within-class variance matrix
which are expressed as

my ml ml T
s = o_1V o|fo_ LV o
1= iy YT L% (19)
i=1 13 1=

ms;

1 1
— 2) @ @ (2)
Sy = E X; —mz E x; X; —mz x; (20)
j=1

i=1

From equations (19) and (20), it is clear that the target function to
TWSVM and PTSVM is not considered as neighborhood geomet-
rical structure between the samples.
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Fig. 3: Cumulative Score curves for Machine Learning algorithms

3. Experimental Results

In this section, results of the selected algorithms are displayed.
Section 1 describes the precision and the execution of the machine
learning algorithms while section 2 demonstrates the efficiency of
the machine learning algorithms.

3.1. Experimental Setup

We utilized ASM model as traits elicitation method because of its
structure elicitation from facial pictures. ASM has been utilized in
a lot of methodologies as main or subaltern trait elicitation meth-
ods. However, a significant age prediction algorithm proposed
LDA and CCA over their frameworks. In this experiment, the
algorithms used are KNN, SVM, SVR, LDA, CCA, and PT-SVM.
Two standardization were utilized to determine the execution of
the proposed algorithm: com cumulative score and Mean Absolute
Error (MAE). MAE =X, |T, — ;| /N , The N is the total of exam-
ine images, and [; is the fact value while I, is related to the pre-
dicted age. The cumulative score equation is specified as prose-
cute: Cumulative-Score (L) = (Ne</N) X 100% , N, is the
number of examine photos that have absolute error minimal than
the error level L.

Table 1 demonstrates the results of the proposed algorithm using
MAE. We find that CCA get results better than other machine
learning algorithms. This can be an association between marks
due to regression. The suggested algorithm attains the lowest
MAE of 3.50 in CCA algorithm and the medium MAE of 4.64 in
PLSVM method, as well as the highest MAE of 8.43 in KNN
algorithm.

Table 1: Mean Absolute Error for machine learning methods.

Method SVM SVR | KNN LDA CCA | PT-SVM

MAE 4.85 4.61 8.43 5.13 3.50 4.64

Figure 3 demonstrates the cumulative score outcomes in the mul-
tiple error levels which could stretch with error level. At the time
that cumulative score is settled, more diminutive error level will
be superior. It has been observed that the CCA machine learning
algorithm has the highest precision contrasted with other tech-
niques in exclusive error levels.

3.2. Efficiency

The effectiveness has been made In light of time-measurements to
apply all algorithms to 400 pictures consecutively. Table 2 indi-
cates the time calculations for machine learning algorithms:
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Table 2: Efficiency for the used machine learning algorithms.

Meth- SVM SVR | KNN LDA CCA PT-
od SVM
MAE | 0.04701 | 0.04947 | 0.01907 | 0.08650 | 0.16688 | 0.07088
4 5 0 1 4 6

Table 2 summarizes the running time estimation for the machine
learning algorithms. Each technique run independently and has
been used for 400 pictures consecutively. the test have been di-
rected on MATLAB R2016a, computer with processor Intel(R)
Core(TM) i5, 4.00 GB RAM memory and Operating System Win-
dows 7 64-bit. The consequence indicates that KNN techniques
get the most reduced time in execution.

4. Conclusion

This paper proposed an age prediction algorithm for face images
based on traits elicited from facial pictures. The prescribed method
utilized ASM model for trait elicitation from facial images. The
proposed algorithm relied on each of Shape transforms that hap-
pened during aging moreover to the texture transformation which
are apparent and the greater part powerful in the age of person.
We also utilized six machine learning algorithms suitable for age
prediction from facial pictures: CCA, LDA, PTSVM, SVM, SVR,
and KNN.

For the experiment, CCA has the best accuracy results, despite the
reality that KNN was shown to have the best efficiency results.
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