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ABSTRACT

In this paper, a novel approach is proposed for age classification
of face images. In consideration of the difference of adolescents
and adults in aging mode, we utilize the facial feature ratios to
classify face images into two groups: juveniles and adults. To
eliminate the uncertainty lying in the face images, we elaborate a
preprocessing procedure to the face images. Then, the Local
Binary Pattern (LBP), which is a powerful texture description
methods, will be used to describe the appearance of face images
based the preprocessed images. Finally, a back-propagation (BP)
network is learned automatically by facial LBP features and
predetermined outputs. Through this method, we accomplish the
task of age classification well, which is a problem of nonlinear
system. Given a face image of an uncertain age, the age group will
be predicted by the learned BP network. Our experimental results
indicate that our approach can achieve the goal of age
classification well. Besides, the influence of gender is studied and
we find that considering gender independently in age
classification is advisable.

Categories and Subject Descriptors

1.5.1 [Pattern Recognition]: Models—Statistical; 1.2.10
[Artificial Intelligence]: Vision and Scene Understanding—
Texture

General Terms
Algorithms, Experiment, Theory

Keywords
Age Classification, Local Binary Pattern, Back-Propagation
Network

1. INTRODUCTION

Age classification of face images plays an important role in face
image analysis, such as face recognition, human-computer
interaction, video retrieval and intelligent data statistics.
Furthermore, age classification has many potential applications in
real world, such as realizing automatic collection of market
information, determining whether to allow users to view some
web pages according to estimate user’s age, and preventing
juveniles from purchasing goods such as cigarettes, alcohol in
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supermarkets, convenience stores and vending machine.

Face recognition is a very hot area in last decade and has been
applied to many fields. Meanwhile, aging changes have an
important influence on the performance of face recognition. For
example, when somebody is in identity verification, his or her
look maybe changed with the lapse of time, it will increase the
difficulty of detecting the identity exactly. Thus it can be seen that
accurate age classification is a basis of face recognition.

Age classification is a complex problem and even humans
sometimes can’t easily tell the actual age of human faces.
Fortunately, there have been some studies associated with it.
Ramanathan and Chellappa [1] studied and modeled craniofacial
growth in young faces. Facial appearance information across years
could be estimated by the craniofacial growth model. Kwon and
da Vitoria Lobo [2] first presented an age classification theory,
and proposed practical method for this theory. They roughly
divided faces into three age groups (i.e., babies, young adults, and
senior adults) according to the ratios of craniofacial feature points
and facial skin wrinkle’s information. However, the skin wrinkle-
based method didn’t get good generalization performance due to
the limitation of the training set (only 47 samples). Hayashi et al.
[3] studied wrinkle texture method based on Hough transform,
and the skin analysis of face images is used for age and gender
estimation. They found that the position of wrinkles was diverse
among three races (i.e., yellow race, black race and white race)
and the number of wrinkles was different between male and
female. Iga et al. [4] developed a system for gender and age
estimation. They used Gabor wavelet to track facial features, and
support vector machine (SVM) as classifier to estimate age.
Lanitis et al. [5] proposed age-specific age estimation and
appearance-specific age estimation. In age-specific age estimation,
they first trained a global age classifier to roughly estimate the age
of face images on a large scale. Then a local age classifier was
trained to do age estimation from a fine age range. In appearance-
specific age estimation, they selected the pre-clustered character
group for pre-estimated face images and an age estimator would
be used to estimate the face’s age for the selected cluster. Fu et al.
[6] surveyed the complete state-of-the-art techniques for age
synthesis and estimation in face images. Choi et al. [7] combined
a hierarchical classifier and hybrid features for age estimation and
got a superior performance.

The above methods have achieved good performance in the public
datasets. However, age classification is still a very challenging
problem, and building a precise mathematical model for it is very
hard. To solve the difficult problem elegantly, we propose to
exploit the back-propagation (BP) network in this paper. BP
network simulates the mechanism of human brain and has
outstanding capability of intelligent information processing.
Given a face image, the BP network we obtained will classify it



into the appropriate age group. A block diagram of our approach
is shown in Figure 1.
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Figure 1. Block diagram of our age estimation approach,
which consists of four components, including region extraction,
appearance features, Back-Propagation Network, and age
classification.

The rest of this paper is organized as follows. In Section 2, the
extraction of facial features is discussed. In Section 3, the age
classification methods used in our experiments are introduced.
Section 4 reports the experimental results of our proposed method.
Finally, conclusions are drawn in Section 5.

2. FACIAL FEATURES EXTRACTION
To classify the human faces into the according groups,
discriminative facial features are desired. In this section, we first
present our image preprocessing method, and then explain what
appearance features we extracted and how to extract them.

2.1 Image Preprocessing

The uncertainty lying in the face images, such as face posture,
expression, and changes in illumination, has a great influence on
face pattern recognition. To eliminate the influence of uncertainty
above, we conduct a preprocessing operation for all face images
before age classification. The preprocessing stage consists of two
steps: (1) grayscale adjustment. We adopt the histogram
equalization method to enhance contrast, and then the amount of
visible detail will be increased. (2) Region extraction. Lanitis [8]
studied the significance of difference facial parts for age
estimation, the experimental result indicated that the internal face,
especially the eyes area, is the most significant part. In addition,
the low part face, which mainly includes area around the mouth,
proved to be the least. Based on this conclusion, five facial
regions shown in Figure 2 will be extracted according to the
position of facial feature points.

Figure 2. The five extracted facial regions. The area in yellow
polygon is forehead, the left and right corner of the eye are
located in two red polygons, and the two cheeks included in
the green polygon respectively. For the sake of distinction, the
brightness of the five regions is enhanced.

When face images are processed by above mentioned methods, we
can extract appearance features from them.

2.2 Facial Feature Ratios

In general, face appearance, mainly the craniofacial ratio, changes
significantly with respect to ages. After 18 years old, the change
will stop [1]. According to the actual statistics of physiology, the
proportion of five senses between different human is much
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difference. Therefore, the craniofacial ratio can be used for age
classification, especially for children.

To classify faces into two age groups (i.e., juveniles and adults),
the following five facial feature ratios proposed in [2] are
computed according to the labeled feature points.

. Ir_eye . Ir_eye
ratiol = o , ratio2 = _ree
eye_nose eye_mouth
. Ir_eye . eye nose
ratio3 = ——— Y - , ratiod = Lyenose.
eye_chin eye_mouth
. eye_mouth
ratio5 = o= o -
eye_chin

where Ir_eye is the distance within two eyes, eye nose is the
distance from the center of two eyes to nose, eye mouth is the
distance from the center of two eyes to mouth and eye_chin is the
distance between the center of two eyes and chin. Once the five
facial feature ratios are obtained, they will be aligned into a

feature vector of a given face image, and the feature vector will be
inputted into an age classifier for training and testing.

2.3 Appearance Features

To describe the appearance of faces, Local Binary Pattern (LBP)
is used on gray face images. The original LBP operator, which is
introduced by Ojala et al. [9], is a powerful texture descriptor and
often used to represent facial feature. Moreover, it has many
excellent characteristics, such as grayscale invariance, and
irrelevant to lightings. In the following, we give an outline of LBP
operator. For each pixel in an image, compare the pixel to each of
its 8 neighbors in 3>3 area. Following the pixels along a circle, i.e.
clockwise or counter-clockwise, where the center pixel’s value is
greater than or equal to the neighbor, write “1”, otherwise, write
“0”. After that we will get an 8-digit binary number, and then
convert it to a decimal for convenience. The basic LBP operator is
illustrated in Figure 3.

3 6 4 1 1 1

Threshold=4 Binary: 11101100
3 4 3 —_) 0 0 Decimal: 236
1 8 7 0 1 1

Figure 3. The basic LBP operator: compare the pixel to each
of its 8 neighbors in 3>3 area along a clockwise circle, and we
can get an 8-digit binary number, and then convert it to a
decimal for convenience.

When all pixels in a face image are calibrated by LBP value, the
face image’ histogram can be defined as:

H; =X2yl{f(x,y):i},i=O,1,---,255 (4)
where
(A} = 1, Als true
B 0, A'is false

The histogram of this LBP value then can be used to describe the
texture of the faces. In age classification, the LBP feature vectors
of face images are an important basis. For a face image, there are



256 dimensions in its LBP feature vector. In order to speed up the
training process and get a better classification performance, we
transform the 256 dimensional features into m dimensional
features in accordance with their value in histogram, and we call it
m-LBP features. The value of m will be determined by
experiment. Finally, age classifier will take the m-LBP features as
input.

3. AGE CLASSIFICATION

Age classification is a problem of nonlinear system, and it is very
hard to build a precise mathematical model. To solve the
nonlinear problem elegantly, we adopt the Artificial Neural
Network (ANN). Artificial Neural Network is a nonlinear system
which composed of a large number of computing unit. It simulates
the process by which nervous system of human brain receives,
processes and stores external signal. Therefore, ANN has
formidable function of intelligent information processing. For age
classification, the back-propagation (BP) network is been used,
which is the most widely used algorithm model in ANN. Next, we
first make a brief introduction of BP network. And then explain
how BP network is employed to accomplish the task of age
classification.

3.1 Back-Propagation Network

Back-propagation (BP) network algorithm is based on the error
back-propagation theory, and is first proposed by Rumelhart et al.
[10]. BP network builds on the foundation of multilayer
feedforward network, and is composed of input layer, hidden layer,
output layer. Artificial neuron is the basic element of BP network.
Its basic idea is presented in Figure 4 [11].
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Figure 4. The schematic diagram of artificial neuron.
In Figure 4, xi,i =1,2,---n is the input signal from other

neurons, Wij indicates the link weight from neuron j toi, @ is

a threshold or bias, y; is the output and function f (e) is called

activation function. The relation between neuroni’s input and
output can be expressed as follows [11]:

y; = f(net) =D w;X; (5)
j=0

Input signals transfer between neurons in each layer, and achieve
forward propagation by the effect of activating function in each
layer. According to the signal of forward propagation, BP network
do supervised back-propagation learning. Finally, an intelligent
network model for processing nonlinear information will be
established successfully. A typical three-layer BP network is
shown in Figure 5.
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Figure 5. A typical three-layer BP network, which includes
input layer, hidden layer and output layer.

3.2 Age Classification Based on BP Network
For a set of training face images F , they can be represented in
rM by m-LBP feature-vectors {f;},i=12,---,m which are

described in section 2.3. As we know, samples’ input value which
is large in amplitude of variation will increase the difficulty of
weight adjustment, and data normalization can improve the
efficiency of algorithm splendidly. For this reason, m-LBP

feature-vectors{f; } will be normalized into [-1, 1] before training

the BP network. Besides, there are three factors that have
significant impact on BP network we must consider and
respectively are selection of activation function, number of notes
in hidden layer and option of learning rate. In this paper, we
employed the sigmoid function as activation function. As for the
number of notes in hidden layer and option of learning rate, they
will be determined by specific experiments.

In the phase of training, to make learning error converge to the
preset accuracy, BP network algorithm must undergo many times
the iterative computation. After that, the particular model of BP
network is obtained. Given some unseen face images for testing,
we first extract m-LBP features mentioned above and do
normalized operation. Then the model of BP network will judge
which age group they should belong by simulating.

4. EXPERIMENTS AND DISCUSSION

In this section, we evaluate the capability of our method and
discuss some important factors that influence the performance of
age classification.

Figure 6. The positions of 68 landmarks FG-NET aging
database gives.

4.1 FG-NET Aging Database

We use the FG-NET Aging Database [12] to train and test our
method. In the FG-NET Aging Database, there are 1002 face
images of Caucasian descent. The number of subjects is 82 and
the average number of per subject is about 12 images. The age in
the database ranges from 0 to 69, in which 687 images for



juveniles (younger than or equal to age 18) and 315 images for
adults (older than age 18, 168 males and 147 females) among the
rest. In addition, 68 landmarks located on each face are given. The
positions of the landmarks are shown as green spots in Figure 6.

4.2 Effect from Facial Feature Ratios

To study the effect from facial feature ratios, the five facial feature
ratios described in Section 2.2 are used separately for classifying
face images into two groups (juveniles and adults). For the
experiments, 602 face images are selected randomly for training
the BP network and the other 400 face images for testing. To get a
persuasive result, we conduct the experiment 50 times
independently and take the average. The classification accuracy of
different ratios is shown in Table 1.

Table 1. The classification accuracy of different ratios.

ratiol ratio2 ratio3 ratiod ratio5 All

Accuracy | 82.25% | 79.75% | 83.25% | 81.25% | 80.25% | 83.75%

As shown in Table 1, the classification accuracy of ratio3 is the
highest in the five ratios. It indicates that the ratio3 has the
strongest classification ability, and reflects that ratio3’s change is
more drastic than the other ratios. Furthermore, a slightly better
result can be achieved by combining all five ratios.

4.3 Age Classification

In our experiments, to get rid of any distractions in the
background, all face images will be preprocessed before
extracting appearance features from facial images. In addition, if a
given face image is an RGB mode, we first convert it from RGB
to gray image and the descriptive information won’t be lost.
Afterwards, the feature vector will be extracted from face region.
Then, the feature vectors we got are used to train BP network and
test the performance of our approach.

In practice, age classification of juveniles just related to facial
feature ratios. Meanwhile, there is a correlation between age
classification of adults and skin texture to a very great extent. For
this reason, we do age classification in grown-ups based on the
skin texture information. The images are divided into four age
categories and 189 adults’ face images are selected for training,
others for testing. The four age categories and experimental
results are revealed in Table 2. It indicates that our approach has a
promising performance.

Table 2. The four sorted age categories and experimental results.

class 1 2 3 4 all
age 19-28 29-38 39-48 49-69 19-69
accuracy 77.42% | 72.73% 70% 72.73% | 74.60%

4.4 Researching Influence of Gender

To assess the influence of gender on the estimation accuracy of
our approach, we conduct two experiments of different gender
separately. In the males’, 101 adult face images are selected to
train BP network, other 67 adult males’ face images for testing.
For females, we pick 88 adult face images for training, and other
59 for testing. The comparison of estimation accuracy for different
gender is reported in Table 3.

Table 3. Comparison of estimation accuracy to different gender.

Gender Male Female General

Accuracy 77.61% 79.66% 74.60%
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From Table 3, one can observe that the accuracy of gender-
specific age classification is higher than general described in the
above section. It can be concluded that gender difference has a
definite influence on the accuracy of age classification and
experiments considering gender independently is an advisable
way.

5. CONCLUSION

In this paper, we have proposed a novel approach for age
classification in face images. Five facial feature ratios are used to
divide face images into two categories (juveniles and adults). For
the purpose of age classification, we extract the LBP features from
face regions. A BP network will be structured by exploring
relationship between LBP features and their corresponding age
groups. Age classification is achieved by the obtained BP network.
We have conducted experiments for adults and different genders.
The results show that our method has a good performance and a
bright prospect.
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