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Abstract Age estimation plays an important role in
human-computer interaction system. The lack of large num-
ber of facial images with definite age label makes age estima-
tion algorithms inefficient. Deep label distribution learning
(DLDL) which employs Convolutional Neural Networks (C-
NN) and label distribution learning to learn ambiguity from
ground-truth age and adjacent ages, has been proven to out-
perform current state-of-the-art framework. However, DLDL
assumes a rough label distribution which covers all ages for
any given age label. In this paper, a more practical label
distribution paradigm is proposed: we limit age label distri-
bution that only covers a reasonable number of neighboring
ages. In addition, We explore different label distributions to
improve the performance of the proposed learning model. We
employ CNN and the improved label distribution learning to
estimate age. Experimental results show that compared to the
DLDL, our method is more effective for facial age recogni-
tion.

Keywords Deep learning, Convolutional Neural Networks,
Label distribution learning, Facial age estimation

1 Introduction

It is difficult to estimate a person’s age by some of his ex-
ternal features accurately, such as facial features, dressing,
hair, walking posture, etc. With the rapid progress of ma-
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chine learning technique, a machine can do a lot of jobs, and
it does better than man. It is faced with huge challenge that
make a machine estimate a personąŕs age accurately. The
accuracy of age estimation largely depends on a sufficient
and compete training set and the external features of facial
images. Unfortunately, since collecting photos and labeling
ages from one’s childhood to later adulthood is difficult, ex-
isting available face datasets only have inadequate facial im-
ages. In another aspect, a person’s facial appearance could be
almost the same in two successive years.

Label ambiguity is a hot topic in machine learning and data
mining in recent years[1-5]. Although multiple labels can
represent the ambiguity of the instance, these multiple labels
are as important as it at the instance. It is not appropriate
in some application areas, such as age estimation. Geng et
al.[1-2] propose Label distribution learning (LDL) in order to
learn important correlation and ambiguity from the ground-
truth age and adjacent ages. However, Geng et al. only utilize
the correlation of neighboring labels in classifier learning, but
not in learning the visual representations.

CNN has been successfully applied to various computer
vision tasks[6-7], e.g. object detection [8], facial landmark
detection [9], semantic segmentation [10], human pose es-
timation [11], speech recognition [12], emotion recognition
[13], object tracking [14]. In these areas, CNNs perform even
better than humans in processing images. Gao et al.[3] ap-
ply LDL with CNNs called deep label distribution learning
(DLDL) to train and predict age. However, the method is sub-
optimal because they utilize the label distribution covering
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all range of ages instead of a certain number of neighboring
ages. Age label distribution learns age ambiguity from it’s
chronological age and reasonable number of adjacent ages.
We simplify label distribution that only covers a fixed and
reasonable number of neighboring ages. In addition, we be-
lieve that a approximate distribution will directly affect the
accuracy of age estimation. Experimental results show that
the results of our method are better than DLDL.

The contributions of this study are summarized as follows:
1. We improve the deep label distribution learning meth-

ods for age estimation by introducing a simple label distribu-
tion which only covers a reasonable number of neighboring
ages.

2. We explore different distributions to improve the per-
formance of the proposed learning model.

3. We extend and improve existing deep convolution net-
work to learn age label ambiguity and classify age. Compared
with other age estimation algorithms, it is faster in training
and performs better.

The remainder of the paper is organized as follows. First-
ly, we discuss the related work. Secondly, we introduce label
distribution learning and age classification in our network.
Thirdly, we will introduce our experiments and results. Fi-
nally, we discuss the conclusion of our work.

2 Related Work

Facial age estimation is a hot topic, which has been wide-
ly used in various fields, e.g. human-computer interaction,
access to important sites, preventing younger from visiting
adult websites and helping to solve criminal cases.

Aging is very complex and uncontrollable. It is influenced
by a variety of factors, such as genetics, health status and
living environment. It is difficult to find a simple method
estimating age. Based on face structure analysis, automat-
ic age estimation technology has been gradually developed
from 1994, which is the earliest research about face age esti-
mation.

Most of age estimation methods belong to two fundamen-
tal streams: (1) traditional hand-crafted methods, (2) deep
learning methods. Age estimation based on traditional hand-
crafted can be divided into two phases: (1) feature extraction,
(2) regression [15-16] or classification [17-18].

Hand-crafted methods extract facial features from the
shape, skin color and textures, such as anthropometric model
[19], active appearance model [20], manifold model [21] and
aging pattern subspace model [22]. These approaches main-

ly use low-level hand-crafted features to encode facial age
related visual information and train an age estimation model.
Based on method with features extracted above, many regres-
sion methods such as SVR [23], PLS [24] and CCA [25] are
used to predict age.

Deep learning algorithm has developed rapidly in recen-
t years and has been successful in many pattern recognition
tasks. Experiments show that CNN can extract high-level fea-
tures from objects and it is better than hand-crafted character-
istics. Through supervised learning, the whole image input
into CNN, CNN automatically learns effective image features
which are suitable to tasks. At the same time, deep learning
can also provide a convenient end-to-end solution.

Recently, some strategies are incorporated into CNNs to
improve age estimation accuracy. Yi et al. [26] establish a
simple model with CNN and classify facial ages. Yang et al.
[5] train datasets with two different CNNs architecture, and
then combine them to predict age. Chen et al. [27] apply a
framework containing multiple CNNs to aggregate their out-
put into the final result, which improves the accuracy of sin-
gle CNN. Hu et al. [28] investigate the facial age estimation
with CNNs which are used to exploit the different informa-
tion from labeled and non labeled images. Duan et al. [29]
use three CNNs to exploit features of age, gender and race,
then estimate age by extreme learning machine (ELM).

CNN usually requires a large amount of training data.
These CNNs do not make use of ambiguity in the training
set. We focus on how to exploit the label ambiguity of label
distribution from CNN (e.g., Inception v4) and a approximate
age label distribution in this paper.

3 Proposed Approach

In this section, we will describe label distribution, label dis-
tribution learning, facial image pre-processing and evaluation
criteria.

3.1 Label Distribution

Label distribution is used for label ambiguity, which extends
multiple labels learning. Let x indicate the instance, i indicate
the number of labels for x, Yx= {y1, y2, ..., yi} is labels corre-
sponding to the x, dyi

x ∈ [0, 1] indicates the description degree
which yi describes x. The higher of the value dyi

x , the greater
capacity of describing the instance, and it satisfies

∑
i dyi

x = 1.
Fig.1 shows three forms of label distribution. For case

(a), the instance x only include one label y2, the descrip-
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Fig. 1 Example label distributions for single label, multiple labels and gen-
eral case.

tion degree dy2

x = 1. For case (b), there are two labels y2

and y4 to describe the instance, the two description degrees
dy2

x = dy4

x = 0.5. (c) represents a general case of label distribu-
tion, which satisfies the constraints dyi

x ∈ [0, 1] and
∑

i dyi

x = 1.
In particular, single label and multiple labels are the forms of
label distribution. In this way, the label set can be convert-
ed to label distribution. The problems of single label and
multiple labels learning can be converted to label distribution
learning.

In age estimation, the adjacent age looks similar in appear-
ance. A person’s age can be labeled with the adjacent age at
the same time. The problem of facial age estimation can be
converted to label distribution. The description degree of the
ground-truth is highest, and the description degree of other
ages decreases with the increase of the distance away from
ground-truth.

It is reasonable to set a person’s minimum age of 1 and the
maximum age of 85 years old, m ={1, 2, ..., 85} as age label,
Yx= {y1

x, y
2
x, . . . , y

85
x } is labels corresponding to facial x. The

training set T = {(x1,Dx1 ), (x2,Dx2 ), ..., (xN ,DxN )}, N denotes
the number of facial images, Dxn = {dy1

xn , d
y2
xn , . . . , d

y85
xn } denotes

the label distribution of the nth facial image. The purpose of
the age label distribution learning is to learn a condition prob-
ability distribution function D∗ = p(D|x; θ) from the training
set T , D is the real distribution and D∗ is the predicted dis-
tribution. The fine parameter vector θ needs to be learned so
that D∗ is similar to D.

There are several criterions that can be used to mea-
sure similarity of two distributions, such as cosine, Jensen-
shannon divergence, Kullback-Leibler divergence. In this pa-
per, we chose Kullback-Leibler divergence. Suppose A and

B are two distributions, distance between A and B can be de-
scribed by

DKL(A|B) =
∑

i

Aln
A
B

(1)

According to Kullback-Leibler divergence and the optimal
parameter vector is determined by

θ∗ = arg min
θ

∑
i

∑
j

(dy j

xi ln
dy j

xn

p(Di|xi; θ)
)

= arg min
θ
−

∑
i

∑
j

(dy j

xi lnp(Di|xi; θ))
(2)

When DK is a ground-truth distribution, D∗K is predicted
label distribution. To simplify the formulation of Eq.1, the
best θ∗is determined by

θ∗ = arg min
θ

∑
i

DK ln
DK

D∗K

= arg min
θ
−

∑
i

DK lnD∗K
(3)

Algorthim:1 The overall algorithm framework
Input: Training set T = {(x1,Dx1 ), (x2,Dx2 ), ..., (xN ,DxN )}
Output:p(D|x; θ)
1.initialize the parameter vector θ0

2.j←0
3.do
4. j←j+1
5. solve eq.2 by gradient descent method
6. θ j←θ( j−1)+∆

7.while D-D∗≤ε
8.p(D|x; θ)←D∗

In order to obtain the optimized θ∗, we can deduce that θ∗

is determined by the min θ and the
∑

k DK lnD∗K . We define
the loss function as L = −

∑
DK lnD∗K .

And the gradient descent function is used to minimize the
objective function, the gradient is determined by derivative,

∂L
∂D∗K

= −
DK

D∗K
(4)

The aim of the gradient descent function is to obtain the op-
timal θ∗, and the pseudo code of the overall algorithm frame-
work is shown in Algorithm 1.

3.2 Details of Label Distribution Learning in Our Work

Fig. 2 gives two label distributions of chronological age a,
i.e., triangle distribution and Gaussian distribution. As ages
are discrete points and distribution is a continuous function,
we transform the probability distribution of continuous ran-
dom variables into description degree.
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Fig. 2 Two label distributions at age a

Fig. 3 simplified label distribution at real age a based on Gaussian distri-
bution

The experimental results show that the Gauss distribution
is superior to the triangular distribution in age estimation
[30]. We simplify Gaussian distribution to simulate age la-
bel distribution. Suppose that the age of one person is be-
tween 1 to 85, Definition of Dxn = {dy1

xn , d
y2

xn , . . . , d
y85

xn } is age
label distribution of the facial image xn. Dxn satisfies two
conditions: (1) The probability distribution should be based
on ground-truth age as the center spread outward, the proba-
bility of ground-truth age is highest, and others decrease with
the increase of difference far away from the ground-truth age.
(2)

∑
i dyi

x = 1 and dyi

x ∈ [0, 1]. Suppose the ground-truth age
is a, the Gaussian function is

p(dyi
x |α;σ) =

1
σ
√

2π
exp

(
−

(yi−α)2

2σ2

)
∑

p(dyi
x |α;σ)

(5)

It is impossible for us to learn the correlated information
from a 65-year-old person who is indeed 25 years old. In oth-
er words, when the difference between the two ages is large,
there is no correlation. If the absolute value of a person’s
ground-truth age and the predicted age is greater than five,
it is usually unacceptable. Therefore, we simplify age label
distribution as Fig.3. Compared with Fig. 2 (b), which shows
Gaussian distribution of the real age a, Fig.3 presents the sim-
plified label distribution that we consider. It can be seen from
Fig.3 that such simplified label distribution can be viewed as
an approximation of Gaussian distribution, but the distribu-
tion of the age is fixed in the range [a − 5, a + 5], and the
probability of age beyond this range is assumed to be zero.
In order to choose reasonable age distribution, different σ are
chosen, such as 0, 0.5, 1.0, 1.5, 2.0, 2.5, 3.0, 3.5, 4.0. By
comparing training results, we choose a more suitable distri-
bution.

Fig. 4 Facial image preprocessing, (a) original image, (b) face is detect-
ed,(c) five facial landmarks, and(d)face is aligned .

3.3 Dataset

In our experiment, we employ two open age database
MORPH [31] and FG-NET. MORPH is collected by the face
aging group of University of North Carolina-Chapel Hill. It
contains 55,132 face images, recording a variety of personal
information, such as age, sex, height and weight. FG-NET
contains 1,002 face images from 82 persons.

3.4 Facial Image Pre-processing

Pre-processing of facial image is the foundation to feature
extraction. Image pre-processing can reduce the interference
of unrelated information. We employ the DPM model [32]
which is used in [3] to detect facial region. The process is
divided into four stages, including the original image, deter-
mining the effective face area, checking point and alignment.
According to face region, five key points are detected, includ-
ing two eye centers, nose tip and two mouth corners. With
the five key points, the face is aligned with upright posture.
As shown in Fig.4, the face image is detected, located and
cropped. We removed several bad faces after pre-processing,
such as no face, no chin. In order to feed into CNNs, all facial
images are adjusted to a uniform size, which is represented by
three channels and the dimensions is 224*224*3.

3.5 Evaluation Criteria

We use MAE (Mean Absolute Error) to estimate the perfor-
mance of the model,

MAE =
1
N

N∑
n=1

| y − y∗ | (6)

y is represented the ground-truth age which is labeled in the
facial image, y∗ is represented the estimated age.

4 Experiments and Results

Our experiment randomly splits every dataset with 80% for
training and 20% for testing. The dropout rate is set to 0.8.
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Fig. 5 MAE of different σ on MORPH

Fig. 6 MAE of different σ on FG-NET

For MORPH the mini-batches is set to 80 and FG-NET is set
to 2. The initial learning rate is set to 0.001. The total number
of epochs is set to 80. We select different label distribution
with a set of σ values 0, 0.5, 1.0, 1.5, 2.0, 2.5, 3.0, 3.5, 4.0,
5.0.

Fig.5 and Fig.6 show MAE of different σ on MORPH
and FG-NET respectively. For MORPH, σ=3.0, MAE=2.15,
σ=3.0 is a good option parameter to generate the appropriate
label distribution. For FG-NET, σ=1.5, MAE=3.14, σ=1.5
is a good option parameter to generate the appropriate label
distribution.

The performance of proposed method is compared with d-
ifferent methods in Table 1. The MAE value of the proposed
method on MORPH and FG-NET is 2.15 and 3.14, respec-
tively. The results of proposed method and DLDL are better
than other methods, because DLDL and proposed method use

Fig. 7 Examples of facial images and their predicted ages from MORPH
and FG-NET

Table 1 Comparison of MAE based on MORPH and FG-NET
Method MORPH FG-NET
IIS-LLD 5.67±0.15 5.77 ± 0.15
CPNN 4.87±0.31 4.76 ± 0.31
BFGS-ALDL 4.34±0.10
IIS-ALDL 4.43±0.05
AGES 8.07 6.22
DLDL 2.43±0.01 3.76 ± 0.01
The Proposed 2.15±0.01 3.14 ± 0.01

Table 2 MAE based on different sex/races
Sex/Races Female Male Race(B) Race(H) Race(W)
NO. of
Images 8400 46600 42500 1700 10500
MAE 3.06 2.17 3.72 3.91 3.63

deep learning and LDL, but others use hand-crafted method.
The results of proposed method are superior to DLDL. We
can conclude that simplified label distribution learning and
reasonable sigma is important to age estimation. From Fig.5,
Fig.6 and Table 1, we can see that no matter which sigma we
choose, the results of our method are better than DLDL. We
test people of different sex/races on MORPH, and the results
are shown in Table 2. The performances of our experiment
on different sex/races are unsatisfactory. The potential rea-
sons can be: (1) it is related to the number of facial images,
(2) the model trained by single data is not as effective as the
model with multiple types of data.

Compared with other methods, the proposed model
achieves excellent results: (1) The CNN of Inception v4 can
learn complex face features automatically and effectively. (2)
We employ simplified label distribution learning. Our la-
bel distribution learning is based on correlation of adjacen-
t ages. Reasonable label distribution learning not only effi-
ciently learns information of ground-truth age, but also learn-
ing information from adjacent ages.

In Fig.7, we list several facial images with ground-truth
ages from MORPH and FG-NET, corresponding to the pre-
dicted ages and label distributions by the proposed method.
The estimated ages are close to ground-truth ages.

5 Conclusion

Without large amount of training data, deep learning method
is not able to generate good results. Using label distribution
learning can effectively resolve the issues of insufficient data
because of it’s ability of learning label ambiguity from adja-
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cent ages. The appropriate label distribution is important to
improve learning efficiency. Furthermore, it is not easy to ob-
tain a ground-truth label distribution because the importance
of description degree is difficult to define. But we can utilize
reasonable label distribution to improve the efficiency in age
estimation. Next, we will study suitable distribution learning
for other kinds of recognition tasks.
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