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ABSTRACT

Motivated by the fact that age information can often be

observed from local evidence on the human face, we con-

tribute to the age estimation problem in two aspects. On the

one hand, we present a new feature descriptor, called spa-

tially flexible patch (SFP), which encodes the local appear-

ance and position information simultaneously. SFP has the

potential to alleviate the problem of insufficient samples ow-

ing to that SFPs similar in appearance yet slightly different in

position can still provide similar confidence for age estima-

tion. One the other hand, the SFP associated with age label

is modeled with Gaussian Mixture Model, and then age es-

timation is conducted by maximizing the sum of likelihoods

from all the SFPs associated with the hypothetic age. Exper-

iments are conducted on the YAMAHA database with 8,000

face images and ages ranging from 0 to 93. Compared with

the latest reported results, our new algorithm brings encour-

aging reduction in mean absolute error for age estimation.

Index Terms— Age Estimation, Gaussian Mixture Model,

Spatially Flexible Patches.

1. INTRODUCTION

Age is a significant characteristic of humans, yet only a few

works have been dedicated to the age estimation problem [6]

[7] [10]. This problem is challenging due to the complex ef-

fects caused by living conditions, cosmetics usage, personal

specialties, gender differences, and so on.

1.1. Backgrounds

Kown et al. [7] presented a method for age classification based

on cranio-facial development theory and skin wrinkle analy-

sis, with human faces finally classified into three groups: ba-

bies, young adults and senior adults. Hayashi et al. [6] pro-

posed to classify age and gender based on the wrinkle and

geometry relationships between different parts of a face, with

the human ages divided into multiple groups at the five year

intervals. Lanitis et al. [8] utilized Active Appearance Mod-

els [2] to extract the combined shape and texture parameters,

and then compared the age estimation accuracies of the al-

gorithms including simple quadratic fitting, shortest distance

classifier, and Neural Network. Geng et al. [5] [4] proposed

to conduct age estimation by modeling the statistical proper-

ties of aging patterns, namely a sequence of personal facial

age images, based on the assumption that multiple images of

different ages are available for each person. Recently, Yan

et al. [12] proposed an algorithm for age estimation with the

consideration of uncertainty of the age labels.

1.2. Motivations and Solutions

Research on age estimation is still at a preliminary stage, but

has attracted much attention in the past few years. A detailed

comparison of the previous algorithms is summarized in Ta-

ble 1. In this work, we tackle the age estimation problem on

the challenging YAMAHA database with 8,000 images, 1,600

subjects, and ages ranging from 0 to 93.

As listed in Table 1, most previous research was based

on holistic appearance related features. However, an intuitive

observation is that the age information can be even obtained

only from a local patch on the face, and so it is natural to en-

code information by patches instead of holistic appearance.

Another motivation for patch based age estimation is as fol-

lows. Due to the varieties of races, the geometric structures

are different for different subjects, and there often does not

exist exact semantic pixel-wise correspondence between faces

images. Patch based representation can solve this geometric

inhomogeneity issue.

In this paper, we contribute to the age estimation problem

from two aspects. On the one hand, we present a new feature

descriptor for face representation. A face image is charac-

terized as an ensemble of spatially flexible patches, which

encode the local appearance and relative position informa-

tion simultaneously. The advantage of spatially flexible patch

(SFP) is that SFPs with similar appearance yet slightly differ-

ent positions can still provide similar confidence for age esti-

mation. Moreover, compared with direct patch without posi-

tion information, SFP well utilizes the spatial information in

a soft manner and without the requirement that pixels should

be aligned with fixed correspondence. On the other hand, we

utilize the Gaussian Mixture Model (GMM) [3] for charac-
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Table 1. A summary of the information on database size, age

precision, and main features used for different age estimation

algorithms. Note that GR here means the features describing

the geometric relationship between different facial parts and

Wk means the wrinkle features.

Algorithm Faces Subjects Precision Features
Kown [7] 47 - Three groups GR+Wk

Hayashi [6] 300 - 5y/group GR+Wk

Lanitis [8] 400 40 0-35y Appearance

Geng [5] 1002 82 0-69y Appearance

Yan [12] 8,000 1,600 0-93y Raw Image

terizing the distribution of the aged SFP, namely the variable

combining the features from SFP and the associated age la-

bel. Finally, the age estimation is conducted by comparing

the sum of the likelihoods from all the aged SFPs associated

with the hypothetic age.

2. SPATIALLY FLEXIBLE PATCHES

For the human age estimation problem, the image set for model

training is denoted here as a matrix X = [x1, x2, . . . , xN ], xi ∈
R

m, where N is the image number and m is the feature di-

mension. The age label for the image xi is denoted as li and

li ≥ 0. The task is to predict the age label of a new image x.

As mentioned above, most previous algorithms for age es-

timation are based on holistic appearance features. This rep-

resentation greatly limits the robustness of the algorithms to

illumination, pose, and expression variation. In this work,

we propose a descriptor called spatially flexible patch (SFP)

as demonstrated in Figure 1 for encoding the information of

a face in a local manner. SFP integrates both local appear-

ance and position information. For a position within the im-

age plane p = (px, py)T , its corresponding SFP for sample xi

is represented as

P (xi, p) =
[

xi(R(p))
p

]
, (1)

where R(p) means the index set of the pixels within the rect-

angle centered by position p.

For the intensity feature of each patch, we first remove the

mean of the intensity values and then normalize the appear-

ance with unit variance, and finally we use the DCT transform

for extracting the local features. In this work, the position p
is densely sampled for all possible positions.

The advantages of SFP descriptor are as follows: 1) It is

flexible. It is often the case in real applications that the face

image cannot be pixel-wisely matched with explicit seman-

tics due to different geometric structures of different subjects,

and also there may exist misalignments when cropping faces.

In these cases, SFP can well alleviate the issue, and two SFPs

with similar appearance yet with slightly different positions

can still be matched and provide similar confidence for age

estimation. 2) It is robust. Each SFP is only portion of the

holistic appearance, and hence SFPs are relatively robust to

occlusion as an ensemble. Also, the final SFP appearance fea-

ture is normalized, so it is robust to illumination variation. 3)

It integrates both appearance and position information. Con-

ventional patch based algorithms [9] ignore the position in-

formation which may also be useful for classification since

human face is a kind of well structured object.

3. GMM MODELING AND INFERRING BASED ON
AGED SPATIAL FLEXIBLE PATCHES

After feature extraction, each face image is represented as an

ensemble of SFPs, and we use these SFPs as features for age

estimation. Each SFP will be considered as a unit for age

estimation, and the SFP is combined with the age label to

constitute the variable for modeling. Here, we assume that

z =
[

P (xi, p)
li

]
, (2)

and z represents the aged SFP.

In this work, we use the Gaussian Mixture Model for char-

acterizing the distribution of the variable z, namely,

p(z|λ) =
K∑

k=1

ωkpk(z). (3)

The density is a weighted linear combination of K unimodal

Gaussian densities, pk(z), each parameterized by a mean vec-

tor, μk, and a covariance matrix, Σk, namely,

pk(z) =
1

(2π)
m
2 |Σk| 12

exp{−1
2
||z − μk||2Σ−1

k

}. (4)

As conventionally, we use the Expectation Maximization ap-

proach for pursuing of the parameters. In this paper, we con-

strain the covariance matrices to be diagonal for computa-

tional efficiency.

When a new image comes, we first extract all the SFPs as

P = {P (x, p),∀p}, (5)

and its age information can be predicted by maximizing the

sum of likelihoods from all the SFPs,

arg max
l

∑
p

p(
[

P (x, p)
l

]
|λ). (6)

The objective function is nonlinear and theoretically there

does not exist closed-form solution. For the age estimation

problem, the estimation accuracy is enough when up to inte-

ger level, and hence we simply the problem as

arg max
l∈{0,1,2,··· ,M}

∑
p

p(
[

P (x, p)
l

]
|λ), (7)
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Fig. 1. Process of extracting spatially flexible patches.

where M is the largest possible age, and in this work M is set

as 93 since the largest age of the database is 93. As shown in

Figure 2, the distribution of
∑

p p(
[

P (x, p)
l

]
|λ) over l is

nearly unimodal around the range with the largest likelihood,

so we can also use multi-scale search approach for pursuing

more exact age information if required.

4. EXPERIMENTS

In this section, we compare our proposed spatially flexible

patch (SFP) based algorithm with the state-of-the-art algo-

rithms for age estimation. The YAMAHA aging database is

used for the experiments. FG-NET [1] aging database is also

very popular, but it is commonly evaluated based on the shape

parameter and texture parameter from the active appearance

model [2], and hence we did not test our algorithm on it.

4.1. Experimental Configurations

As in [12], our algorithm was also compared with the tra-

ditional regression algorithms Quadratic Models (QM) and

supervised Neural Networks [8]; and all the parameters are

set as in [12]. Also we compared the proposed the algorithm

called RUN in [12], which is the latest reported algorithm for

age estimation.

Two measures are used to evaluate the algorithmic per-

formance. The first one is the Mean Absolute Error (MAE)

criterion used in [8] [5]. MAE is defined as the average of the

absolute errors between the estimated labels and ground truth

labels, i.e., MAE =
∑Nt

i=1 |âi − ai|/Nt, where âi is the es-

timated age for the i-th testing sample, ai is the ground truth

age and Nt is the number of testing images. Another pop-

ular measure is the cumulative score [5]: CumScore(θ) =
Ne≤θ/Nt × 100%, where Ne≤θ is the number of samples on

which the absolute errors are not higher than θ.

Yamaha1 aging database contains 8000 Japanese facial

images of 1600 persons with ages ranging from 0 to 93. Each

person has 5 images and the YAMAHA database is divided

1To protect the portrait rights of the participants, sample images of the

YAMAHA face database are not shown here.

Fig. 2. Typical distributions of log-likelihood outputs over

different ages for certain new face image: (A) a new image

from a young person, and (B) a new image from a senior per-

son.

into two parts with 4000 images from 800 males and another

4000 images for 800 females. Our experiments are carried out

separately on female and male subsets. For each subset, 1000
images are randomly selected for model training while the re-

maining 3000 samples are used for testing, and configurations

are the same as in [12].

4.2. Age Estimation Results

Figure 3 displays the cumulative scores of different algorithms,

and Table 2 lists the detailed MAEs of different algorithms.

From these results, we can have the observation: our SFP

based algorithm reaches the lowest MAEs across both exper-

iments, and averagely about 1.9 years’ (or 19%) reduction in

mean absolute error is achieved.

5. CONCLUSIONS AND FUTURE DIRECTIONS

In this paper, the age estimation problem was tackled with a

framework by combining spatially flexible patches and GMM

modeling of of the aged SFPs. Advantages of this framework

include the ability to handle the issues of geometric misalign-

ment and noisy patches. Encouraging experimental results

have been achieved on the YAMAHA aging database by com-

paring with the latest reported results in literature. One future

direction of this work is to conduct patch selection before the

GMM modeling, and another possible direction is to explore

different features for better characterizing the age information
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(a) Female@Yamaha. (b) Male@Yamaha.

Fig. 3. Cumulative scores of the age estimation for QM, MLP, RUN [12] and SFP based algorithm at error levels from 0 to 20
years for different configurations.

Table 2. MAEs of different algorithms on YAMAHA and over different age ranges.

Female@Yamaha Male@Yamaha

Range SFP RUN [12] QM MLP Range SFP RUN [12] QM MLP

0-9 7.20 11.21 11.97 14.33 0-9 4.51 9.86 13.42 14.08

10-19 4.55 6.23 9.58 8.85 10-19 5.43 7.52 10.33 9.46

20-29 4.79 7.95 9.29 9.70 20-29 6.53 8.85 10.21 9.35

30-39 8.43 8.17 9.85 9.66 30-39 8.27 7.76 9.35 8.60

40-49 9.49 8.64 10.45 8.78 40-49 11.62 8.67 11.71 9.10

50-59 7.42 9.43 10.15 9.53 50-59 10.44 11.10 13.38 10.08

60-69 12.12 11.12 13.49 10.88 60-69 7.50 12.49 15.99 13.44

70-93 14.27 15.56 19.66 16.52 70-93 8.21 16.60 20.44 19.69

Average 8.53 9.79 11.80 11.03 Average 7.82 10.36 13.10 11.72

within each SFP.
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