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ABSTRACT

Aging face recognition refers to matching the same person’s faces across different ages, e.g. matching a person’s
older face to his (or her) younger one, which has many important practical applications such as finding missing
children. The major challenge of this task is that facial appearance is subject to significant change during the aging
process. In this paper, we propose to solve the problem with a hierarchical model based on two-level learning. At
the first level, effective features are learned from low-level microstructures, based on our new feature descriptor
called Local Pattern Selection (LPS). The proposed LPS descriptor greedily selects low-level discriminant patterns
in a way such that intra-user dissimilarity is minimized. At the second level, higher-level visual information is
further refined based on the output from the first level. To evaluate the performance of our new method, we conduct
extensive experiments on the MORPH dataset (the largest face aging dataset available in the public domain), which
show a significant improvement in accuracy over the state-of-the-art methods.
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I. INTRODUCTION directly on aging face recognition. A typical aging face
recognition approach is to use face modeling to
synthesize and render the face images to the same age
as the gallery image before recognition. Due to the
strong parametric assumptions and the complexity of
the algorithm, these methods are expensive to compute
and the results are often unstable for real world face

recognition. Recently, discriminative methods are

Automatic face recognition is an important yet
challenging problem, and has gained great progress in
recent years due to better feature representation
methods and feature classification models. An
emerging research topic in face recognition community
is aging face recognition, which has many useful real-

world applications, e.g., finding missing children and
identifying criminals based on photographs or
identity 'mug shots’. While considerable progresses
have been made on face recognition, aging face
recognition still remains as a major challenge in real
world application of face recognition systems. This
challenge is mostly attributed to the significant intra-
personal variations caused by the aging process. As
illustrated in Figure 1, the cross-age faces (for one of
the subjects in MORPH database) contain significant
intra-personal variations. Actually, age related face
image analysis has only been studied in recent years.
Most existing works focus on age estimation, and aging
simulation. There are very limited amount of works
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proposed for aging face recognition. The method uses
gradient orientation pyramid (GOP) for feature
representation, combined with support vector machine
for verifying faces across age progression. The method
in combines both Scale Invariant Feature Transform
(SIFT) and Multi-scale Local Binary Pattern (MLBP)
with a random sampling based fusion framework to
improve the performance of aging face recognition.
Some variants of random sampling LDA approach has
also been proposed in to address the face aging
problem in face recognition. They are shown to be
much more robust with fewer requirements on
parameters and the training data and have demonstrated
better results than previous methods. More recent
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works on aging face recognition include, which has
notably improved the performance of aging face
recognition.

Aging face recognition mentioned to matching the
similar person’s faces across different ages, e.g.
matching a person’s older face to his (or her) younger
one, which has many important practical applications
such as finding missing children. In this work, we
propose to solve the problem with a hierarchical model
based on two-level learning. At the first level, effective
features are learned from low-level microstructures,
based on our new feature descriptor called Local
Pattern Selection (LPS). The proposed LPS descriptor
greedily selects low-level discriminant patterns in a
way such that intra-user dissimilarity is minimized. At
the second level, higher-level visual information is
further refined based on the output from the first level.
The Matlab tool is used for the implementation. The
results are evaluated in this environment.

II. Related Work

The authors [1] have shows the performance of
biometric authentication systems is affected by
discrepancies between data stored in biometric
templates and corresponding data derived from the
actual owners of biometric templates. Such
discrepancies are mainly attributed to within-person
variations of biometric features. Among all types of
within-person  variations, aging-related variation
displays unique characteristics that make the process of
dealing with aging a challenging task. In this paper we
discuss how aging affects different types of biometric
features and discuss possible approaches that aim to
eliminate the effects of aging so that deterioration in
the long-term performance of biometric authentication
systems is minimized.The authors [2] Facial aging, a
new dimension that has recently been added to the
problem of face recognition, poses interesting
theoretical and practical challenges to the research
community. The problem which originally generated
interest in the psychophysics and human perception
community has recently found enhanced interest in the
computer vision community. How do humans perceive
age? What constitutes an age-invariant signature that
can be derived from faces? How compactly can the
facial growth event be described? How does facial
aging impact recognition performance? In this paper,
we give a thorough analysis on the problem of facial

aging and further provide a complete account of the
many interesting studies that have been performed on
this topic from different fields. We offer a comparative
analysis of various approaches that have been proposed
for problems such as age estimation, appearance
prediction, face verification, etc. and offer insights into
future research on this topic.

Yun Fu and Thomas S. Huang, [3] recently considered
extensive studies on human faces in the human-
computer interaction (HCI) field reveal significant
potentials for designing automatic age estimation
systems via face image analysis. The success of such
research may bring in many innovative HCI tools used
for the applications of human-centered multimedia
communication. Due to the temporal property of age
progression, face images with aging features may
display some sequential patterns with low-dimensional
distributions. In this paper, we demonstrate that such
aging patterns can be effectively extracted from a
discriminant  subspace learning algorithm and
visualized as distinct manifold structures. Through the
manifold method of analysis on face images, the
dimensionality redundancy of the original image space
can be significantly reduced with subspace learning. A
multiple linear regression procedure, especially with a
quadratic model function, can be facilitated by the low
dimensionality to represent the manifold space
embodying the discriminative property. Such a
processing has been evaluated by extensive simulations
and compared with the state-of-the-art methods.
Experimental results on a large size aging database
demonstrate the effectiveness and robustness of our
proposed framework.

Xin Geng, Zhi-Hua Zhou, and Kate Smith-Miles,[4]
while recognition of most facial variations, such as
identity, expression and gender, has been extensively
studied, automatic age estimation has rarely been
explored. In contrast to other facial variations, aging
variation presents several unique characteristics which
make age estimation a challenging task. This paper
proposes an automatic age estimation method named
AGES (AGing pattErn Subspace). The basic idea is to
model the aging pattern, which is defined as the
sequence of a particular individual' s face images sorted
in time order, by constructing a representative subspace.
The proper aging pattern for a previously unseen face
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image is determined by the projection in the subspace
that can reconstruct the face image with minimum
reconstruction error, while the position of the face
image in that aging pattern will then indicate its age. In
the experiments, AGES and its variants are compared
with the limited existing age estimation methods (WAS
and AAS) and some well-established classification
methods (kKNN, BP, C4.5, and SVM). Moreover, a
comparison with human perception ability on age is
conducted. It is interesting to note that the performance
of AGES is not only significantly better than that of all
the other algorithms, but also comparable to that of the
human observers.

The authors Guodong Guo, Yun Fu, Charles R. Dyer,
and Thomas S. Huang, [5] estimating human age
automatically via facial image analysis has lots of
potential real-world applications, such as human
computer interaction and multimedia communication.
However, it is still a challenging problem for the
existing computer vision systems to automatically and
effectively estimate human ages. The aging process is
determined by not only the person’s gene, but also
many external factors, such as health, living style,
living location, and weather conditions. Males and
females may also age differently. The current age
estimation performance is still not good enough for
practical use and more effort has to be put into this
research direction. In this paper, we introduce the age
manifold learning scheme for extracting face aging
features and design a locally adjusted robust regressor
for learning and prediction of human ages. The novel
approach improves the age estimation accuracy
significantly over all previous methods. The merit of
the proposed approaches for image-based age
estimation is shown by extensive experiments on a
large internal age database and the public available FG-
NET database. Index Terms—Age manifold, human
age estimation, locally adjusted robust regression,
manifold learning, nonlinear regression, support vector
machine (SVM), support vector regression (SVR).

III. PROPOSED SYSTEM

In this paper, we propose a two-level hierarchical
learning model to address this problem. In this model,
effective features are first learned from low-level pixel
structures, based on our new feature extraction
algorithm called Local Pattern Selection (LPS). Low-
level common information is widely believed to be

very beneficial to cross-age face recognition, and the
LPS algorithm maximizes this information between
cross-age faces. At the second level, higher-level visual
information is refined by learning subspace analysis
algorithms. The advantage of this model is that, when
compared with traditional paradigms where learning
happens only in higher levels via classification
algorithms, our model has better learning capabilities
and is thus able to adaptively capture more useful
information. Also note that strong model learning
capability is essential to a successful face recognition
algorithm, as confirmed by the recent success in deep
learning. Extensive experiments are conducted on the
MORPH dataset (Album 2), the largest publicly
available facial aging dataset, to validate the
effectiveness of our new approach over the state-of-the-
art ones.

IV. Implementation
Modules Description:
1. Input older face image is given

To start with the process, the input image that is older
face image is passed as a input to the program. Here we
have not put any condition to the user to pass any
specific kind of image. The user can pass any image

type.

2. Low level features with Local Position Selection is
extracted

In this module, effective features are first learned from
low-level pixel structures, based on our new feature
extraction algorithm called Local Pattern Selection
(LPS). Low-level common information is widely
believed to be very beneficial to cross-age face
recognition, and the LPS algorithm maximizes this
information between cross-age faces.

3. High Level features with LFDA is extracted

In this module, we investigate the effectiveness of our
high-level feature refinement framework by comparing
it against the LFDA framework. The LFDA is a state-
of-theart approach to handle the high dimensional
feature vector. In the experiment, we fix the testing set
as 10; 000 pairs of images, and gradually enlarge the
size of training set from 1; 000 to 10; 000 with 1; 000
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increment at each step. For fair comparison, we use the  “Algorithm 1: Local Fatiems Selection
same low-level features extracted by LPS algorithm for Input: The number of kaf nodes L, the tradeoff factor a.

both frameworks. .:;mpuﬁnlf;'nm?::;g}&a% pairs {(F Ta)ln = 1., N},
J* Pixel features extraction. &

4. Both features are combined bﬁg::_\'ertllmnges into a set of pixel features as described

in Eqn 1:

The comparative results are reported in Table II. The A= {{fm . gm)lm = L... . Min =1,.... N}

LBP feature descriptor is the original LBP descriptor. /+ Encoding tree initialization.

The Multiscale LBP (MLBP) feature descriptor is an h‘“’]*:l'ill.mm encoding tree T by adding one leaf node 1w,

extension of LBP, by computing the LBP descriptor at whose indices of support pixel features are:

four different sampling radii f1; 3; 5; 7g. Note that for sL=M, . 10y = M x N}

fairness, we use the same sampling patterns with S =, 1Py = M x N}

MLBP for our method. The HOG features are extracted | w.a+ 0, wt+ 0, and w.Au + —inf.

with the suggested settings in this paper, where face f* Enceding tree learning

images are processed at three different scales. The bﬁ?{f’ step=2— L do

SIFT feature descriptor quantizes both the spatial f“rirf:f'g f:‘;f ”_";':‘-:__‘;'hﬁ

location and orientation of image gradient within an /+ Mode has been evaluated.

image patch, and computes a histogram in which each Ehﬂ““"‘“

bin corresponds to a combination of specific spatial for k=1—%do

location and gradient orientation. The SIFT-Rank
algorithm is a revised version of SIFT, which uses the

ranking of the SIFT values as features. Let maximum Aw* is achieved at (k°,z%).
Update: w.fu = Au*, wa + k', w.t+ z*

Let w* has maximum Aw over all leal nodes.

Evaluate increase of wtility Ax with

for = = min(5L, 52) — max(5L, 52) do
attribute = k and threshold

5. The above features are extracted for all training Split w* into two children nodes ! and r.
images. This is called training features La 0,1t 0, and LAx ¢ —ink.
ra+— 0, rt— 0, and rAu — —inf.
| Update S}, 57, SL. 52 based on Eqgn 3, 6.
In this module, we investigate the effectiveness of our | Assign distinct codes to leal nodes, and return 7.

high-level feature refinement framework by comparing
it against the LFDA framework. The LFDA is a state-

of-the art approach to handle the high dimensional V. RESULTS

feature vector. In the experiment, we fix the testing set ETTE—— s
as 10; 000 pairs of images, and gradually enlarge the Fle Edt View Insert Toos Deskiop Wndow Hep «
size of training set from 1; 000 to 10; 000 with 1; 000 Al bl i el D B

increments at each step. For fair comparison, we use
the same low-level features extracted by LPS algorithm
for both frameworks.

6. Random subspace classifier is applied for training
and input features to classify the input image

The input image is classified by applying Random
subspace classifier for training features and also for

input features. Figure 1. Input Image
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Figure 3. k-NN Classification with Random
Subspace

VI. CONCLUSIONS

In this paper we present a two-level hierarchical
learning model for aging face recognition. At the first
level, effective features are extracted by adaptively
selecting the local patterns that optimize the common
information. At the second level, the high-level feature
refinement framework to form a final powerful face
representation. Extensive comparison experiments
based on the MORPH Album 2 dataset reveals a
significant improvement over the state-of-the-art.
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