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Abstract Hidden factor analysis (HFA) has been widely
used in age invariant face recognition systems. It de-

composes facial features into independent age factor
and identity factor. Age invariant face recognition sys-
tems utilize identity factor for face recognition; how-

ever, the age factor remains unutilized. The age compo-

nent of the hidden factor analysis model depends on the

subject’s age, hence it carries a significant age related

information. In this paper, we propose the HFA model

based discriminative manifold learning method for age
estimation. Further, multiple regression methods are
applied on low dimensional features learned from the

aging subspace. Extensive experiments are performed

on a large scale aging database MORPH II and the ac-

curacy of our method is found superior to the current

state-of-the-art methods.

Keywords Age estimation · Hidden factor analysis

(HFA) · Aging manifold · Regression

1 Introduction

Human face conveys significant information for human-

machine interaction. Estimating various facial attributes

such as age, gender and expression plays a vital role in

various forensic, multimedia and law enforcement ap-

plications. Among various attributes such as gender,
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age and expression, age plays an important role in so-

cial interations and health care systems. Children and

senior citizens require special attention and care in so-

cial interactions. Various organizations such as immi-

gration department, driving licence office and forensic

department requires knowledge of the applicant’s age.

Due to the various applications in health care, law en-

fircement and governance, analysis of facial aging has

gained major attention in computer vision and machine

learning community. Facial aging related research is

broadly classified into three categories: age estimation,

age progression and cross age face recognition. Age es-

timation and progression mainly focuses on aging in-

formation that changes due to aging. Whereas, in the

cross age face recognition major emphasis is on iden-

tity information that does not change with aging. Re-
cent works on face recognition [12,13,24,34,35,42,45,
48] adopt hidden factor analysis [12] and probabilistic
linear discriminant analysis (PLDA) [34] to separate

within subject and between subject information from

facial images. These methods build a probabilistic lin-

ear model and iteratively learn optimal model param-

eters using expectation-maximization (EM) [31] algo-
rithm. Such decomposition of facial features has also
been used to separate age and identity components to

achieve cross-age face recognition [12,13,24,45,48] and

age progression [28,42,48]. Aging face recognition uti-

lizes the identity factor, whereas, both age and identity

factors are used for rendering age progressed images.

It is clear from the performance of these methods that
identity factor provides identity information that is sta-
ble across age progression. However, the information

conveyed by the aging component remains unutilized;

this work utilizes the same.

Apart from significant research on cross-age face

recognition [12,13,24–26,32,45], relatively few publica-
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tions have been reported on age estimation [5,8,11,17,

33,43,49]. This is due to various factors such as facial

aging is a complex biological change that affects the

shape and texture of the face. Different aging patterns

are observed (even in the people of same ethnic origins)

due to diversity in climatic conditions and lifestyle.

Hence, it is difficult to precisely predict a persons age

from the facial appearances, even for humans.

Key components in automatic age estimation meth-

ods are facial feature representation and age prediction.
Performance of the age estimation system varies with
the quality of the facial feature representation. In lit-

erature, we find various local feature descriptors that

are used for extracting appearance features from an

image. Guo et al. [17] proposed Bio-Inspired Feature

(BIF) to extract age related facial features for age es-

timation. BIF and its variants have been used in [15,

16,19] for age estimation. Various existing histogram

based local features have also been widely used in age

estimation [9,33,46,50]. Pontes et al. combined local

and global features in [33], where Active Appearance

Model (AAM) [6] is used as a global feature and Lo-

cal Binary Pattern (LBP)[1], Gabor and Local Phase

Quantization (LPQ) [2] are used as local features. His-

togram of Oriented Gradients (HOG) is used in [20,

50] for age estimation. Scale Invariant Feature Trans-

form (SIFT) [29] and LBP are used as feature vectors

in [47] for global age estimation approach. Apart from

existing local feature descriptors, a few local feature de-

scriptors specially designed for age estimation include
Directional Age-Primitive Pattern (DAPP) [22] and Lo-
cal Direction and Moment Pattern (LDMP) [38].

Age estimation has been considered either as a clas-
sification problem or a regression problem. In classifi-
cation, age label is considered as a class, whereas, in

regression it is treated as a continuous value. While

classification tries to learn from age variations in the

training data, regression utilizes the label information.

Recently proposed learning algorithms for age estima-
tion include support vector machine (SVM)/regression
(SVR) [19], Partial Least Squares (PLS) [16] along with

its kernelized version (KLPS) [15] and Canonical Cor-

relation Analysis (CCA) [16]. Ordinal hyperplane rank-

ing algorithm (OHRank) [5] utilizes the relative order

information among age labels. Apart from above men-

tioned regression methods, multi-task Warped Gaus-
sian Process (WGP) regression has been proposed [49]
for personalized age estimation. Computationally effi-

cient extension of WGP has been proposed in [50] us-

ing Orthogonal Gaussian Process (OGP). To further

improve computation complexity and age estimation

performance, a two level hierarchical Gaussian process

regression was proposed in [39].

As discussed earlier in this section, hidden factor

analysis is a probabilistic model which separates iden-
tity and age components from the facial features. The
HFA and its modified versions are widely used in many

state-of-the-art age invariant face recognition systems

[12,24,45]. All these methods use identity factor and

ignore the information present in the second hidden

factor i.e. age factor. The age component contains im-

portant information about the subjects age. Therefore,

the age component of the HFA model is hypothesized

to accelerate the age estimation performance. Also the

age component on the feature space is low dimensional.

Therefore, to estimate age from the face images, we

propose a novel manifold learning method derived from

the HFA model. We learn the low dimensional aging

features from the learned aging subspace. The aging

features learned from the aging subspace carries age dis-

criminative information. Thus the regression algorithm

can fit the data better and is expected to improve the

age estimation performance.
In this paper, we propose a novel scheme for aging

feature extraction from discriminative aging manifold

for automatic age estimation. The basic idea is to learn

a low-dimensional embedding of the aging manifold us-

ing the HFA based subspace learning method. Further

we use multiple regression techniques for subsequent

age estimation. The efficiency of the proposed method

has been demonstrated with extensive experiments on

multiple regression algorithms using a large scale age
database. The contributions of this paper are given as
follows. First, our method is the first to present the
HFA based discriminative aging subspace. Second, we

empirically show that our method provides a robust dis-

criminative aging subspace, which provides consistent

results on multiple regression methods.

This paper is organized as follows. We provide de-

tailed related work in section 2. Proposed age estima-

tion framework and manifold learning is presented in

section 3. The experimental setup and results are dis-

cussed in section 4. We conclude the paper in section

5.

2 Aging Manifold

Manifold based feature extraction has gained a consid-
erable interest over a past few years. The basic idea of

manifold features extraction is that high-dimensional
data lie on or close to a smooth low-dimensional man-
ifold. Some representative works on manifold learning

include Locally Linear Embedding (LLE) [37], ISOMAP

[40], and Laplacian eigenmaps [3]. However, it has been

observed that, these methods can only work well on the

training samples and not on test data.



Discriminative Aging Subspace Learning for Age Estimation 3

In age manifold, a common aging pattern is learned

from images of many individuals with different ages.
Several face images are adopted to represent an age.
Each subject may be represented by one image or sev-

eral images at different ages. These images make a set

referred to as a manifold which makes up points in a

high dimensional vector space. Several facial images are

utilized to learn a non-linear low-dimensional aging pat-
tern. It is assumed that the faces with close ages are
located closely on the manifold, as the aging face im-

ages are distributed on to an intrinsic low-dimensional

manifold. Individuals may have as low as one image

at each age in a database. Once the low dimensional

aging manifold is learn, a regression is applied on the

embedded subspace to predict exact age.

In the recent years, many efforts have been devoted

to identify discriminant aging subspaces for age esti-
mation. A subspace called AGing pattErn Subspace
(AGES) is proposed by Geng et al. [9,10] to learn per-

sonalized aging process from multiple faces of an indi-

vidual. Discriminative subspace learning based on ag-

ing manifold and Locally Adjusted Robust Regressor

(LARR) was proposed by, Guo et al. [14]. In LARR,

the ages are first predicted by a regression function.

Then the predicted age value is fine tuned locally to

match with the true value within a specific bound. This

method shows that the facial images can be represented

on a manifold. The age manifold method does not re-

quire images at different ages of the same individual,

like the AGES method. But in order to learn the low-

dimensional manifold, it requires images of several sub-

jects at many ages. Later, Kernel Partial Least Square

Regression (KPLS) [15] has been used that simultane-

ously reduces the dimension and learns the aging func-

tion. The performance of these methods depend on how

well the manifold is learnt from the facial images to

precisely represent the age. Thus identifying a space

where aging manifold truly lies is still an open research

problem. The age manifold also requires large database

in order to satisfactorily learn the aging information.

Existing manifold based methods extract manifold fea-

tures from the gray intensity or image space. However,

the image space is inefficient to model the large age

variations. The texture features such as LBP, HOG,
SIFT and LPQ are used to capture the textural vari-
ations due to aging. But the manifold of such feature

space has not been explored for age estimation so far. In

this paper, we propose a subspace learning scheme for

aging feature extraction for automatic age estimation.

The basic idea is to learn an aging manifold embedding

using the HFA based aging subspace learning method.

3 Proposed Work

The traditional age estimation approaches basically use
generalised local feature descriptors used in facial anal-
ysis [9,33,46,50], or design the age-related character-

istics by extracting edge and directional information

from the training samples [17,22,38], without consider-

ing age group specific aging patterns. A few methods

design person specific age estimation schemes [10,49],

which assume that every person ages in a different way.

Such assumption makes accuracy of the system, iden-

tity dependent and poses restriction on the age estima-

tion system. These facts and an objective of discrimina-

tive aging feature motivate us to design an approach to

accurately learn low dimensional identity independent

aging features. The proposed method, learns low di-
mensional aging features by separating person-specific
component. It necessarily separates identity informa-
tion and the age-related component that conveys the

age from the local feature descriptor. In the proposed

method only the latter component plays an important

role.

In this section, the framework of the proposed man-
ifold learning is introduced. Given a set of local fea-

tures of face images from diverse age groups, for man-

ifold learning, a hidden factor analysis method, is in-

troduced in this work. Training set images are used to

learn the bases of the age and identity subspace. Once

the parameters are well trained, by projecting the train-

ing and test faces onto the aging subspace, the age-
discriminative features can be achieved for every face
image. It is well known that, histogram based local fea-

ture representation often leads to high dimensionality

which may result into the failure of regressors. There-

fore, an appropriate manifold learning algorithm is re-

quired to reduce redundancies in the feature dimension.

In this paper, we propose a discriminative aging sub-
space learning procedure using hidden factor analysis.

3.1 Aging Subspace Learning based on HFA

Hidden factor analysis [12] is a linear probabilistic model

that separates identity specific variations from the age

for age invariant face recognition. The probabilistic lin-

ear factor analysis model presented in [12] is as follows:

f = µ+Qx+Py + ε (1)

The major notations used are defined as follows:

– Observable feature vector f is denoted by a D × 1

vector, where D is dimension of feature vector.

– Mean of the face features µ is denoted by a D × 1

vector.
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– Hidden identity factor x is a r × 1 random vector.

A prior distribution of identity factor is defined as,
p (x) ∼ N (0, Ir), where N (µ,K) denotes multivari-

ate Gaussian distribution with mean µ and covari-

ance matrix K.

– Hidden age factor y is a s × 1 random vector. A
prior distribution of age factor is defined as, p (y) ∼
N (0, Is).

– Cross-identity variations are captured by a D × r

identity factor loading matrix Q.

– Cross-age variations are captured by a D × s age

factor loading matrix P.

– Observation noise denoted by ε follows an isotropic
Gaussian distribution i.e. ε ∼ N

(
0, σ2I

)
.

The HFA model in (1) decomposes the observed feature

into identity, age and noise components. EM algorithm

is used to estimate the model parameters
{
µ,Q,P, σ2

}
.

Such a decomposition model has been effectively used

for age invariant face recognition [12,13,24,45,48].

We decompose facial features fk
i into linear combi-

nation of identity, age and noise component using HFA

model. Suppose that fk
i represents the feature vector of

the individual i at age-group k, then the discriminative

aging subspace is learned from (2).

fk
i = µ+Qxi +Pyk + ε (2)

Since the observed feature space does not provide effi-

cient representation for age estimation, we offer a robust

representation with fine properties. The second compo-

nent of HFA model in (2) depends only on the subjects

identity, whereas the third component depends only on

the age of the subject. MatrixP in (2) is age factor load-
ing matrix that captures the cross-age variations. The

columns of the matrixP are the bases for cross-age vari-

ations; therefore we term matrix P as aging subspace.

The age factor yk can be viewed as the position of the

fk
i i.e. observation variable in the aging subspace. The

relationship between the observation space fk
i and the

identity and aging subspace is indicated in Fig. 1.

The learning objective is to estimate the model pa-
rameter θ =

{
µ,Q,P, σ2

}
using training data. We learn

the set of parameters by maximizing joint likelihood

pθ
(
fk
i , xi, yk

)
of the observed feature vector and asso-

ciated identity and age factors. Both the identity and

age factors are not observed directly. It is possible to

only infer them through their posterior distributions

for fixed set of model parameters. EM is used to solve
the optimization problem. EM algorithm is a maximum
likelihood method that iteratively updates set of pa-

rameters. The objective function for optimization is,

Lc =
∑

i,k

ln
(
pθ

(
fk
i , xi, yk

))
. (3)

Given the initial estimate of parameters θ0, in Expectation-

step (i.e. E-step) first two moments of the age factor are
computed as

µ =
1

N

∑

i,k

fk
i (4)

E (yk) =
PT ∑

−1

Nk

Nk∑

i=1

(
fk
i − µ

)
(5)

E
(
yky

T
k

)
=

I −PT ∑
−1

P

Nk

+ E (yk)E (yk)
T

(6)

where
∑

= QQT +PPT +σ2I, N is total training im-

ages, Nk is number of images at kth age group, and E [·]
is expectation. The estimate of the first two moments

of the identity factor is calculated in a similar way. In

Maximization-step (i.e. M-step), the model parameters

are computed using the estimate of age and identity

factors. The complete log likelihood in (3) is rewritten

as,

Lc =
∑

i,k

ln
(
p
(
fk
i |xi, yk

))
+ ln (p (xi, yk))

where p
(
fk
i |xi, yk

)
= N

(
µ+Qxi +Pyk, σ

2
)
and

p (xi, yk) = N (0, I) .

In M-step, first the derivative of the objective func-

tion is computed and the optimal parameters φ =
{
Q,P, σ2

}

are obtained at E
(

∂Lc

∂φ

)
= 0 . To calculate the optimal

parameters we solve (7), (8) and (9).

Q
∑

i,k

E
(
xix

T
i

)
=

∑

i,k

(
fk
i − µ

)
E (xi)−PE

(
ykx

T
i

)
(7)

P
∑

i,k

E
(
yky

T
k

)
=

∑

i,k

(
fk
i − µ

)
E (yk)−QE

(
xiy

T
k

)
(8)

The optimal solution for the noise variance is repre-
sented as

σ2 =
1

DN

∑

i,k

(
fk
i − µ

)T (
fk
i − µ−QE (xi)−PE (yk)

)

(9)

where D is the dimension of the mean feature and N

denotes total number of training images. After learning

parameters of the HFA model and corresponding low

dimensional representation of feature space, we can use

a regression technique to estimate the age of a query

image.
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3.2 Regression for Age Estimation

Let the local facial feature space F is represented as

F =
{
fi : fi ∈ R

D
}N

i=1
where N is number of face im-

ages and D is dimension of the data. The ground truth

age labels ai are represented as a = {ai : ai ∈ N}Ni=1
.

Our objective is to learn a low dimensional discrim-

inative manifold G embedded in F and subsequently

a low dimensional aging feature
{
ti : ti ∈ R

d
}N

i=1
with

d << D. Once the aging subspace P is learned from
the HFA training, our next task is to find low dimen-

sional age discriminative features. The low dimensional
aging features are obtained by projecting local feature
onto a D × d projection matrix i.e. T = PTF where

F = [f1, f2, · · · , fN ] ∈ R
D×N and P = [p1, p2 · · · , pd].

Having obtained the low-dimensional feature represen-
tations from the HFA model, we define the age estima-
tion as a multiple linear regression problem in the low-

dimensional manifold space. Various linear and nonlin-

ear regression methods are available in the literature.

To explore the discriminative power of the aging fea-

ture, we use multiple regression techniques such as sup-

Fig. 1: Illustration of the proposed aging subspace

learning scheme. Latent identity and age variables in

(1) have a prior distribution p (x) ∼ N (0, Ir) and

p (y) ∼ N (0, Is). Circles in the observation space repre-
sent observed data for a person at different age. Identity

factor is used for age invariant face recognition [12,13,
24]. We propose aging subspace for age estimation.

port vector regression, Gaussian process regression [50]
and hierarchical age estimation methods on the pro-
posed aging feature.

3.3 Age Estimation Framework

Our age estimation framework mainly incorporates four

modules: face preprocessing, feature extraction, discrim-

inative aging subspace learning, and regression. In the

training stage, face images undergo normalizations such

as geometric alignments and illumination normalization
(basically histogram equalization). Then, the histogram-
of-oriented-gradient (HOG) [7] feature is extracted on
each image. The extracted feature is of very high dimen-

sion. Next, the age manifold is learned from the hidden

factor analysis model (presented in section 3.1), to map

the features into a low-dimensional subspace. We fur-

ther learn a regression function to fit the manifold data.
In the test stage, an input face image goes through the
same preprocessing and local feature extraction stage.

Then the high dimensional local feature is transformed

to the low-dimensional aging feature by projecting it

on the learned aging manifold. Finally, the age of the

input face image is estimated by fitting the regression

on the learned low-dimensional aging feature.

4 Experiments

In this section, we first present evaluation metric and

evaluation protocol used for performance analysis of

the proposed work. Next, in the result section we first

demonstrate the robustness of the proposed discrimi-

native aging feature by using it along with the multiple

regression schemes. Next, we perform age estimation

experiments to to verify the effectiveness of the pro-
posed approach and to compare the proposed work with
the state-of-the-art methods.

Our approach of aging manifold based age estima-
tion has been evaluated on MORPH-II [36] database.
It contains 55,314 face images of 12,936 subjects in the
age range 16 to 77 years. For training HFA model us-

ing MORPH-II dataset, we followed similar settings as

in the recent works [12,13,24] where 12,000 images of

6,000 subjects are used for training HFA model. Re-

maining images from the MORPH-II dataset are used
for age estimation experiments. Note that we first train
HFA model to learn discriminative aging subspace and

then extract aging feature for regression from the learned

subspace. In the preprocessing, an input face image is

first aligned and then cropped to size 200 × 160. The
cropped face image is converted to a gray-scale image

and then histogram equalized. We divide preprocessed
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face image into overlapping patches and extract HOG

feature from each patch. The extracted feature results

into a very high dimension therefore we apply widely

used principle component analysis (PCA) + linear dis-

criminant analysis (LDA) prior to learn the HFA model.

As per our settings the feature space dimension is 6000.

4.1 Evaluation Metrics and Protocol

Performance of age estimation techniques is assessed us-
ing two evaluation metrics, Mean Absolute Error (MAE)

and Cumulative Score (CS). The smaller the MAE,
the better the age estimation performance. MAE shows
the average performance of the age estimation tech-

nique and is an appropriate measure when the train-

ing data has many missing images. MAE indicates the

mean absolute error between the predicted result and

the ground truth for testing set, and is given by,

MAE =

N∑

k=1

∣∣ŷk − yk
∣∣

N
(10)

In addition to MAE, CS is another performance metric

which computes the overall accuracy of the estimator

and is defined as:

CS (k) =
Ne<k

N
× 100% (11)

where Ne<k is the number of test images for which

the absolute error by the age estimation algorithm is
not higher than k years. The higher the CS value, the

better the age estimation performance. CS is a use-

ful measure of performance in age estimation when the

training dataset has samples at almost every age. How-

ever, in age estimation, due to imbalanced and skewed

databases both MAE and CS are used for evaluation.

4.2 Result

4.2.1 Analysis of the Proposed Subspace

To demonstrate the effectiveness of the proposed man-

ifold learning scheme, we perform regression on the ag-

ing features extracted from the discriminative aging

subspace. We selected standard regression techniques

such as support vector regression (SVR), orthogonal

Gaussian process (OGP) regression [50] and hierarchi-

cal SVM-SVR [18,19] for age estimation. In SVR and

SVM learning, LIBSVM [4] is used to evaluate the ap-

proaches. The SVM and SVR employ radial basis func-

tion kernel and their parameters were found by a grid

search using 5-fold cross validation. Table 1 lists the

Fig. 2: MAE versus dimensionality of proposed aging

subspace.

MAE and CS of three regression methods on the pro-

posed aging manifold. We observed that hierarchical

regression yields best performance on the proposed sub-

space. Note that the performance of proposed subspace

along with SVR and OGP are also competent with the

state-of-the-art age estimation methods.

Table 1: Performance of The Proposed Method with

Different Regression Techniques

Regression Technique MAE CS

Proposed subspace+SVR 3.93 77

Proposed subspace+OGP 3.88 77

Proposed subspace+(SVM-SVR) 3.75 79

Furthermore, we have conducted experiments to demon-
strate the effect of subspace dimensionality on MAE of

three regression methods. Large parameter s implies

more age information of a face image. We choose 400

as the upper limit for the dimension of learned mani-

Fig. 3: Age estimation comparison of three regression

methods on proposed aging manifold in terms of CS
versus error levels.
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Table 2: Effect of aging subspace and identity subspace dimension on computation time and accuracy

Aging Subspace
Dimension (10)

Aging Subspace
Dimension (50)

Aging Subspace
Dimension (100)

Identity Subspace
Dimension

MAE
Identity Subspace

Dimension
MAE

Identity Subspace
Dimension

MAE

10 4.11 10 3.86 10 3.83
20 4.05 20 3.91 20 3.84
50 4.05 50 3.92 50 3.84
100 4.01 100 3.88 100 3.83
150 4.13 150 3.88 150 3.82
200 4 200 3.92 200 3.88
250 3.98 250 3.92 250 3.88
300 4.05 300 3.94 300 3.88

Aging Subspace
Dimension (200)

Aging Subspace
Dimension (250)

Aging Subspace
Dimension (300)

Identity Subspace
Dimension

MAE
Identity Subspace

Dimension
MAE

Identity Subspace
Dimension

MAE

10 3.78 10 3.82 10 3.74
20 3.81 20 3.75 20 3.79
50 3.79 50 3.75 50 3.79
100 3.78 100 3.74 100 3.82
150 3.80 150 3.76 150 3.84
200 3.86 200 3.79 200 3.79
250 3.86 250 3.83 250 3.79
300 3.85 300 3.85 300 3.80

fold subspace. Note that the original feature space has

dimension 6000. Fig. 2 compare MAE versus dimension-
ality of the proposed aging subspace on multiple regres-
sion methods. We observe in Fig. 2 that when subspace

dimensionality reaches 300, the age discriminative in-

formation extracted by the aging manifold saturates.

Comparative analysis in terms of CS is shown in Fig.

3.

To analyse effect of identity subspace dimension on

the age estimation performance we conducted one more

experiment, in which we fixed the aging subspace and

varied identity subspace dimension and recorded MAE

for that setting. The details of identity subspace di-

mension, aging subspace dimension and corresponding

MAE are shown in Table 2. For the given aging sub-

space dimension, as far as age estimation is concerned,

as already discussed the aging subspace dimension plays

major role. However, the identity subspace dimension

has hardly any role in the age estimation. It is clear from

Table 2 that for any given aging subspace dimension,

the MAE does not vary drastically with respect to the

corresponding identity subspace dimension. Thus the

MAE and identity subspace dimension are practically

independent

4.2.2 Age Estimation Experiments

We also compare the proposed approach with the state-

of-the-art age estimation algorithms such as appearance

Table 3: Comparison of The Proposed Age Estimation
Method To Previous Works in Terms of MAE (Years)
and CS (% )

Technique
Facial
Feature

MAE / CS

AGES [10] AAM 8.8 / 46%

OGP [50] SIFT 3.92 / –

KPLS [15] BIF 4.18 / –

Flexible
Overlap [33]

LPQ7×7 5.86 / 68%

Guo et. al [17] BIF 4.2 / –

LU and Tan [30]
Manifold of
raw intensity

White: 5.2/-
Black : 4.2/-

Han et. al. [18]
Demographic
informative features

5.10 / –

CNN [20] Deep Features 3.88 / –

CPNN [9] Deep Features 4.87 / –

Proposed

Method
Age discriminative
features

3.7 / 79%
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and age specific (AAS) [23], KPLS [15], hierarchical

age estimation using SVM-SVR [19,27,33,41], and a

few deep learning methods [21,44]. Table 3 shows the

comparison study among proposed approach and var-

ious state-of-the-art approaches in terms of MAE and

CS at 5 years error. Clearly, proposed method has a

better MAE and CS than the competing approaches.

This indicates that the proposed aging subspace pro-
vides discriminative aging feature and about 79% of
the age predictions from it do not differ more than 5

years from the ground truth. Therefore, the proposed

subspace learning from HFA model represents a robust

aging manifold.

5 Conclusion

In this paper, we have proposed a probabilistic HFA

approach to address the challenging problem of age es-

timation. The basic idea of the proposed model is to

pursue a more robust aging manifold and correspond-

ing aging feature descriptor from the age component

of the HFA model. Extensive experiments conducted

on MORPH Album II demonstrate that proposed sub-

space can extract discriminative aging features for age

estimation.
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