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Abstract—Modeling the long-term face aging process is of great importance for face recognition and animation, but there is a lack of

sufficient long-term face aging sequences for model learning. To address this problem, we propose a CONcatenational GRaph

Evolution (CONGRE) aging model, which adopts decomposition strategy in both spatial and temporal aspects to learn long-term aging

patterns from partially dense aging databases. In spatial aspect, we build a graphical face representation, in which a human face is

decomposed into mutually interrelated subregions under anatomical guidance. In temporal aspect, the long-term evolution of the

above graphical representation is then modeled by connecting sequential short-term patterns following the Markov property of aging

process under smoothness constraints between neighboring short-term patterns and consistency constraints among subregions. The

proposed model also considers the diversity of face aging by proposing probabilistic concatenation strategy between short-term

patterns and applying scholastic sampling in aging prediction. In experiments, the aging prediction results generated by the learned

aging models are evaluated both subjectively and objectively to validate the proposed model.

Index Terms—Face aging, aging model evaluation, long-term aging, short-term aging, ANOVA

Ç

1 INTRODUCTION

FACE aging is attracting increasing interest from research-
ers due to its grand challenge in real-world applications

(e.g., looking for lost children or wanted fugitives,
recognizing age-separated faces [7], [29], [48], [36], [57],
facial template renewal [10]). In recent years, a lot of effort
has been devoted to face aging modeling [39], [40], [15],
building face aging databases [1], [42], and aging model
evaluation [23], [22]. Despite these encouraging advances,
modeling face aging is still a quite challenging task for some
specific reasons, e.g., complex aging mechanisms, lack of
training data, and the intrinsic uncertainty of aging.

1.1 Related Works

Researchers have made great efforts on face aging modeling
and proposed a variety of approaches; refer to [15], [39], [40]
for surveys on state of the art in face aging. Generally, these
approaches fall into two groups: the physical model-based
approach and the example-based approach. The former builds a
face aging model to simulate physical aging mechanisms,
while the latter attempts to fit available real aging

sequences and can be further classified into three types:
prototyping method, function-based method, and evalua-
tion targeted method.

1.1.1 Physical Model-Based Approaches

Physical model-based approaches simulate face aging by
modeling the biological structure and aging mechanisms of
the cranium [55], muscles [5], [38], or facial skin [3], [8], [26],
[58], etc. Due to the subtleness of both facial structure and
face aging mechanisms, physical model-based methods are
often complex and computationally expensive. These
disadvantages make it difficult to obtain realistic results from
physical modeling.

1.1.2 Prototyping Approaches

Prototyping approaches [9], [17], [27], [43], [53], [54] first
divide age range into discrete age groups and define the
average face of each group as its prototype, and then the
difference between prototypes is defined as an axis of aging
transformation. This approach can be easily extended to
PCA space [57] and 3D face data [31]. Apparently, the high-
frequency facial details are lost and no individuality is
considered in the prototyping approach. Although some
other researchers specially work on rendering high-resolu-
tion aging results [16] or introducing individuality of face
aging [44], [19], [18], lack of individuality is still the biggest
disadvantage of prototyping approaches. However, the
learned average aging patterns of a specific group can be used
as priors of personalized aging models.

1.1.3 Function-Based Approaches

Function-based approaches describe the relationship be-
tween facial parameters and corresponding age label with an
explicit or implicit function. In the process of child growth,
the shape change due to cranium growth is prominent;
therefore, researchers proposed various methods to simulate
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this change [35], [37]. In contrast, both remarkable texture
change and subtle shape changes [2], [4], [59] occur during
adult aging. So, most researchers study shape and texture
changes simultaneously in adult aging modeling. Large
varieties of functions are proposed, including quadratic
function [24], [32], [27], support vector regression [22], [56],
[45], kernel smoothing method [20], or an implicit function
[6], [30], [28], [46]. Differently, Jiang and Wang [21] directly
built a mapping function between a young face and its
appearance in later ages. For the feasibility of inverse
function computation, the functions are usually of simple
forms and insufficient for modeling large appearance
changes over long periods. In spite of these drawbacks, the
method can be applied to short-term face aging of specific facial
subregions.

1.1.4 Evaluation Targeted Approach

The evaluation targeted approach was proposed by Lanitis
[22], who proposed two criteria for aging model evaluation,
according to which he defined an objective function and
proposed three optimizing methods. This approach is
intuitively reasonable and gives plausible results on child
growth, but its effectiveness on larger databases requires
better understanding of face space and the aging process. In
addition, both defining objective function and fusing two
criteria are nontrivial problems. However, this approach sheds
light on studies of aging model evaluation.

In all, physical model-based approaches are constrained
by the complexities and example-based approaches suffer
from a lack of sufficient training data for modeling the
complex aging process. In addition, a common drawback of
existing algorithms is that the intrinsic uncertainty of face
aging is not modeled.

1.2 Motivation and Basic Ideas

The aging mechanism is complex both spatially and
temporally, but currently available face aging databases
contain mostly short-term aging sequences (we refer to
them as partially dense data sets) since collecting long-term
dense face aging sequences is time consuming. To handle
this problem, we propose a concatenational graph evolution
face aging model, which makes good use of spatial and
temporal locality of face aging to learn long-term aging
patterns from partially dense databases.

From the spatial viewpoint, the face is a highly complex
structure composed of hard and soft tissues, both of which
undergo large changes during aging process. Since the
tissues have different physical properties and bear different
aging mechanisms, a global face aging model is certainly of
high dimension and demands a large training data set.
However, lack of training data makes learning a global
aging model especially challenging.

Fortunately, anatomical studies give the following two
inspirations: First, face aging of a specific subregion is
mostly controlled by the behaviors of a subgroup of
muscles, i.e., face aging is spatially local; second, the human
face is a global structure in spite of the spatial locality, so
the aging of one face region is related to those of the other
ones to some extent, i.e., the aging patterns of different
regions are not absolutely independent. Considering the
above two inspirations, this work proposes to decompose a

face into subregions and learn the aging patterns of each
subregion under soft constraints from the other ones.

From the temporal viewpoint, the long-term face aging
process (i.e., across 3-4 decades) is highly nonlinear because
a face undergoes different changes in different stages and
the aging rate is also time variant. Therefore, learning long-
term aging patterns apparently demands long-term aging
sequences, and thus faces considerable difficulties due to
the lack of training data. Consider that face aging (here, we
only refer to natural aging) can be looked at as a smooth
Markov process composed of short-term patterns (i.e., age
span smaller than 10 years), i.e., face aging is temporally
local, and one can infer the aging pattern sequentially.
Therefore, we formulate face aging as a Markov process in
the granularity of short age spans.

With the above analysis, the proposed CONGRE aging
model first builds a graphical face representation, then
learns long-term aging patterns from partially dense data
sets (see Fig. 1). Specifically, the model learning is
composed of the following two steps.

Step 1. Learning short-term face aging patterns. With a large
number of short-term face aging sequences from publicly
available face aging databases such as FG-NET [1] and
MORPH [42], our model extracts short-term aging patterns
from the real aging sequences. A function-based approach
is exploited for this purpose since the short-term appear-
ance changes of facial subregions are relatively small.

Step 2. Concatenating learned short-term aging patterns into
long-term patterns. By formulating long-term aging as a
Markov process, we concatenate partially overlapping
short-term aging patterns sequentially into long term ones
based on predefined criteria. The uncertainty of aging can
be modeled by sampling different subsequent patterns
probabilistically, with the probability computed from the
above criteria.

The proposed model bears some similarity to one of our
previous works [52], in which a compositional dynamic face
aging model is learned from large ID photo databases.
However, the proposed model differs remarkably from and
improves upon this previous work in two main aspects:
First, the dynamics of face aging are learned from real aging
sequences instead of similar faces across age groups, so the
learned aging patterns are much closer to real aging paths;
second, here we model the continuous aging process, which
is more accurate than the discrete model in [52].

2 COMPOSITIONAL AGING-ORIENTED FACE MODEL

In this section, we describe the compositional face represen-
tation. Briefly speaking, first, a human face is decomposed
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Fig. 1. Illustration of spatial and temporal decomposition in the proposed

CONGRE aging model.



into multiple subregions from anatomical results; for each

subregion, we then build a local aging-oriented model,

which in our implementation is an extension of the Active

Appearance Model (AAM) [11]; finally, to introduce integ-

rity constraints among the subregions, we build a graphical

face model with subregions being the vertex and the

statistical correlation among them as edges.

2.1 Anatomy-Based Region Decomposition

Due to its simplicity and effectiveness in face representation,

AAM is widely used in face analysis, including aging-related

studies, such as [24], [57], [34], [47], etc. However, the holistic

AAM representation has some limitations for the purpose of

face aging modeling: 1) A holistic AAM model capable of

describing both large and subtle appearance changes across

decades is often of high dimension and statistical learning

approaches suffer from the curse of dimensionality problem,

which is especially severe in face aging modeling; 2) aging

mechanisms of different regions are specifically related to

their biological structures and display large varieties in both

visual cues and aging rate, which implies a nonlinear global

model be desirable for modeling these complex process. In

addressing the above two problems, we adopt a region-

based AAM model which targets reducing data dimension

and the nonlinearity of aging problem.
Since the behaviors of facial muscles have large effects on

face appearances during the aging process (e.g., facial
contour droops gradually because of the loss of muscle
tone, wrinkles emerge due to the contraction of expression
muscles), we take into account anatomical evidence when
building our region-based face representation. Ekman and
Rosenberg [12] conducted a deep study on the structure and
function of facial muscles, and applied it to the Face Action
Coding System (FACS) successfully. Adopting a similar
muscle model, Ramanathan and Chellappa [38] simulate
the face shape changes caused by aging of facial muscles.
On the basis of these two previous analysis on facial
muscles, we select the muscles most related to face aging
and build a compositional face model (see Fig. 2a). In this
model, the muscles cluster into groups based on their
physical positions, orientations, and functionalities. Guided
by the muscle clustering, a face image I is divided into
15 subregions (intersections exist on the boundaries of some
neighboring subregions), as shown in Fig. 2. Formally,

I ¼ �
r2R

Ir: ð1Þ

Here,R is the set of all the facial subregions and�denotes the
composition of subregions, with blending operations intro-
duced along the subregion boundaries to avoid the artifacts.

2.2 Aging-Oriented AAM Model

After face decomposition, we build an AAM model for each
subregion. However, considering that the aging sequences
are usually affected by external factors (e.g., pose, illumina-
tion, expression, and resolution), the original AAM model is
not appropriate for aging modeling. Here, two schemes are
exploited to build an aging-oriented face model.

2.2.1 Database Purification

Evidently, face images largely influenced by nonaging
factors are improper for learning aging models. Furthermore,
most preprocessing is not effective enough for excluding
their influences because many non-age-related appearance
variations are far from being additive. Therefore, we
proposed the following method to remove badly contami-
nated short-term aging sequences (i.e., outliers) before model
learning.

Our method is inspired by this basic idea: Although
aging patterns learned by prototyping method might lose
some crucial facial details and neglect individualities, it is
possible to learn an average aging trajectory of a specific
group, which can be used as prior constraints for selecting
high-quality aging sequences from aging databases. With
this basic idea, we propose an improved prototyping
method to compute a continuous average aging trajectory
and then remove the sequences deviating largely from this
trajectory as outliers. Algorithm 1 displays the procedure of
removing outliers, i.e., data purification.

Algorithm 1. Detecting and Removing outliers from

database
Input: Face aging data set S

Output: Inlier set S0 and outlier set S00

Procedure:

1. S0 :¼ S, S00 :¼ �;

2. Repeat following steps Until S00 ¼ �.

2.1 Build an AAM model from training data S0;

2.2 Compute the average aging trajectory and its

floating range (detailed below this algorithm);
2.3 S00 :¼ the images causing its sequence exceeding

the floating range of the average trend;

2.4 S0 :¼ S0 � S00;
For each AAM parameter of a specific face region, such as

the projection coefficients on the first principal components
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Fig. 2. The compositional face model inspired by facial muscle structure. (a) The facial muscles and their grouping [25]. (b)-(d) The divided
subregions based on the grouping rules in (a), with (b), (c), and (d) displaying muscular and bony regions respectively.



(pc) of the eye-bag area (as visualized in Fig. 3a), its

progression direction (solid arrow in Fig. 3b) at age t and

corresponding floating range (angles between two dashed

arrows in Fig. 3b) are computed as follows:

1. Sampling a number of parameter sets in age span
½t��t; t� and ½t; tþ�t�, respectively.

2. Computing a series of prototype candidates from the
parameter sets in two age spans (denoted as gray
dots in Fig. 3b) which follow near-Gaussian dis-
tribution Nð�t�; �t�Þ and Nð�tþ; �tþÞ, as shown in
Fig. 3b.

3. Similar to the prototyping method, computing the
mean aging direction as �t�; �tþ

�����! (solid arrows in
Fig. 3b).

4. Adopting the three-sigma rule to compute floating

range, whose upper and lower boundary are

�t� � 3�t�; �tþ þ 3�tþ
����������������!

and �t� þ 3�t�; �tþ � 3�tþ
����������������!

, re-

spectively (dashed arrows in Fig. 3b).

We display the average trajectory of the first principal

components of the eye-bag area within the whole age range

in Fig. 3b with thick arrows, from which one can see that the

trajectory computed by improved prototyping method

approximately consists with that by traditional prototyping

method, but is largely refined.

2.2.2 Model Purification

The above database purification can only eliminate part of
the non-age-related variations. In this section, we further
modify the original AAM [11] model by selecting the age-
related dimensions. The extended model includes a global
active shape model and a shape-free texture model for each
subregion. Since the principal components of the original
AAM models describe both age-related and non-age-related
variations, for the aging modeling purpose we analyze the
components statistically to select those components sig-
nificantly related to face aging.

Specifically, we first group the face images in the training

data set into several age levels, and denote their projection

coefficients on a specific principal component as ws;tðsÞ;pc,

with s being the index of the sample and tðsÞ being the age

level of the sth sample. Since the statistical results tell us that,

for each age groupT , the AAM parameter fws;tðsÞ;pc; tðsÞ ¼ Tg
can be reasonably assumed to follow Gaussian distribution,

we conduct the widely used ANalysis Of Variance (ANOVA)

[14] on these coefficients. Here,F -ratio is used to measure the
correlation between this principal component and aging:

Fpc ¼
1

NT�1

PNT

t¼1 ntðwt;pc � wpcÞ2

1
NS�NT

PNS

s¼1ðws;pc � wtðsÞ;pcÞ2
: ð2Þ

Here, NT and NS are, respectively, the number of age levels
and training samples, wt;pc is the mean coefficients of all nt
samples at age level t, and w is the mean of all wt;pc. Since
ws;tðsÞpc is near-Gaussian, Fpc follows F-distribution with
degrees of freedom NT � 1 and NS �NT .

With the above analysis, the components with higher
F -ratio are mostly aging related while the other ones mainly
reflect other non-age-related variations. Setting the signifi-
cance threshold at p < 0:05, we preserve the components
significantly related with face aging and rearrange them in
descending order according to their correlations with face
aging. We name the model after rearrangement the aging-

oriented AAM model, which is quite different from the
original AAM model, as shown in Fig. 4a. In this model, a
specific face shape Ishp is described as

Ishp ¼ Ishp þ
XNshp

i¼1

wshp
i � v

shp
i þ Ishp

res : ð3Þ

Similarly, a specific shape-free sub image of the rth region
Ir is described as

Ir ¼ Ir þ
XNr

i¼1

wri � vri þ Irres; ð4Þ

where I, v, and w are mean vector, principal components,
and corresponding projection coefficients, respectively. N is
the number of preserved components and Ires is the residue
containing both non-age-related variations and noise.

To intuitively validate the effectiveness of the aging-
oriented AAM model, we compare its reconstruction results
with those of original AAM, as shown in Fig. 4. The
examples in Fig. 4c show that, some nonage-related
variations (e.g., glasses and hair occlusions, pose) are
excluded by the proposed model.

2.3 Graphical Face Model

As described above, our compositional face representation
builds an aging-oriented AAM separately for each sub-
region. However, the human face is a holistic structure and
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Fig. 3. Illustration of computing the general aging trajectory of the eye-bag region.



there exist subtle internal relationships among the facial

regions due to the common underlying biologic structure,

so their aging processes should also be correlated mutually

to some extent. To address this problem, in this paper we

build a graphical face model to account for the relationships

among the subregions obtained according to the aforemen-

tioned decomposition rule in Section 2.1, as shown in Fig. 2.
A face is formulated as a graph G with vertex set V

corresponding to all the subregions and edge set E

connecting all the vertex pairs with certain strengths.

Formally, we have G ¼ fV ;Eg, V ¼ fvr : r 2 Rg, and

E ¼ f�r;s : vr; vs 2 V g. Here, v denotes a vertex which

corresponds to a subregion; �r;s denotes a graph edge with

connecting strength representing the correlation between

aging processes of regions r and s.
As for the graphical model learning, we do not study the

complex interaction in terms of biologic mechanism.

Instead, we just learn the correlation among the parameter

evolutions in different regions in a statistical manner.

Formally, given N training samples, with wr
i ¼ fwrn;i; n ¼

1; 2; . . . ; Ng and ws
j ¼ fwsn;j; n ¼ 1; 2; . . . ; Ng denoting the

ith parameters in region r and jth parameters in region s,

the correlation between two regions is computed as the

weighted summation of Pearson’s correlation coefficients

between wr
i and ws

j :

�r;s ¼ sigmoid
XNr

i¼1

XNs

j¼1

Fr
i � Fs

j � P
�
wr
i ;w

s
j

� !
: ð5Þ

Here, Nr and Ns denote the number of principal compo-

nents in AAM of subregions r and s, respectively; Fs
i and Fr

j

denote the F -ratio (correlation with aging process) of the

ith principal component of region r and the jth principal

component of region s, respectively. In addition, we

normalize it using Sigmoid function.

Fig. 5 visualizes the above-defined correlations among
facial regions, with line thickness representing the intensity
of the correlation. From the figure, one has the following
observations: There exists a strong correlation between two
half faces, e.g., eye pair, brow pair; the correlation between
two nearby regions is a little weaker; the asymmetric regions
located far away are rarely correlated. This consists of the
properties of biologic face structure: Human faces are
approximately symmetric and the muscles behave in a local
manner to some extent.

3 SHORT-TERM AGING MODEL

As mentioned previously, short-term aging modeling aims
to generate functions that can approximate the evolution of
aging parameters within a shorter age range for each face
subregion. Formally, given a real image sequence including
K face images fIk; k ¼ 1; 2; . . . ; Kg and their age labels
ftk; k ¼ 1; 2; . . . ; Kg in ascending order, we denote Irk as the
rth region of the kth face image and its aging-related AAM

SUO ET AL.: A CONCATENATIONAL GRAPH EVOLUTION AGING MODEL 2087

Fig. 5. The visualization of relationships between aging of subregions,
with the line thickness denoting the correlation.

Fig. 4. Comparison between the original AAM and aging-oriented AAM. The top two rows visualize the top five principal components of face shape,
their correlation with face aging, and reconstruction results in the original AAM and aging-oriented AAM. In the figure, the line segments, along with
the landmarks, illustrate the shape variations modeled by the specific component. Similarly, the middle two rows and the bottom two rows,
respectively, compare the shape-free texture of the around-eye region and forehead region in two models. The results in this figure are learned from
500 African-American males from the MORPH database [42].



parameters as wr
k ¼ fwrk;i; i ¼ 1; 2; . . . ; Nrg. So, the target of

the short-term aging modeling is to learn a curve set Cr
� ¼

fCr
i;� ; i ¼ 1; 2; . . . ; Nrg over � � ½t1; tK � to approximate the

evolution of face parameters wr
k.

To achieve this function approximation operating di-
rectly on the data seems feasible, which is, however, not
desirable as the data unavoidably contains noises/outliers.
Therefore, we present an algorithm for learning short-term
aging patterns. Basically, our algorithm exploits RANdom
SAmple Consensus (RANSAC) [13] for outlier removal and
cubic B-spline for the function fitting the evolution of the
parameters. The whole procedure is summarized in
Algorithm 2, and explained in the rest of this section.

Algorithm 2. Learning a short term aging pattern for rth

region from image sequence fIrk; k ¼ 1; 2; . . . ; Kg
Input: fwr

k; tkg: face parameters and age labels

Nð��r; ��rÞ: distribution of wr’s gradient

n: sample size for an initial model

d%: minimum percentage of consensus data

Output: A curve set Cr
��½t1;tK � approximating fwr

kg
Procedure:

1. Initialize candidate-models :¼ fg;
2. for loop ¼ 1 to Cn

K do

2.1 maybe-inliers :¼ n samples randomly selected

from fwr
kg;

2.2 maybe-model :¼ A cubic B-spline model fitted to

maybe-inliers;

2.3 consensus-set :¼ All the wr
ks fitting the model

under error threshold ½��r � 3��r; ��r þ 3��r�;
2.3 if # consensus-set > d% �K do

� better-model :¼ A cubic B-spline model fitted

to consensus-set;

� Add better-model to candidate-models;

3. Output the model Cr
�2½t1;tK � from better-model with

minimum prediction error for fwr
kg.

Although we have purified the data and the model as
described in Section 2.2, in some extreme cases non-age-
related variations are still highly mixed with those age-
related ones and cannot be excluded by the aging-oriented
face model (e.g., expression lines are quite similar to wrinkles
in appearance). Therefore, we further treat these data as
outliers and use RANdom SAmple Consensus [13] to remove
them, as the circled star marks illustrated in Fig. 6. Statistical
analysis results show that for a specific facial region r, the
gradients of projection coefficients on the ith principal
component follow Gaussian distribution Nð�ri ; ð�ri Þ

2Þ. With

this observation, for a pretrained aging model, we assume
that the samples outside ½�ri � 3�ri ; �

r
i þ 3�ri � of its prediction

are outliers in step 2.3 of Algorithm 2, where ��r ¼ f�ri ; i ¼
1; 2; . . . ; Nrg and ��r ¼ f�ri ; i ¼ 1; 2; . . . ; Nrg.

Considering that the complexity of face aging has been
reduced by spatial and temporal decomposition, we adopt a
function-based method to model the short-term aging
patterns. In our implementation, Cr

�2½t1;tK � is defined as a
set of cubic B-spline curves fitting the inliers of fðwr

k; tkÞ; k ¼
1; 2; . . . ; Kg (uncircled star marks in Fig. 6) with interpola-
tion step �t being 1 year. Please note that, although a large
variety of functions were proposed for aging modeling, we
do not use these empirical functions for the following
reasons: First, the aging trajectories indicate that short-term
face aging is still highly nonlinear, and there is no evidence
that one specific function is sufficient for this task; second, a
function with a fixed form is not flexible enough for
handling the large variances in aging data.

4 LONG-TERM AGING MODEL

As discussed above, a long-term aging pattern is composed
of some sequential short-term aging patterns. In this paper,
we formulate the long-term face aging as a Markov process
in the granularity of age spans, based on which we can infer
a sequence of temporally overlapping short-term aging
patterns in latter ages for the input face. After the inference,
a long-term aging pattern is computed by concatenating
short-term aging patterns under constraints. In addition, we
consider the holisticness and diversity of aging process in
long-term aging modeling.

4.1 Long-Term Aging Prediction by Concatenating
Short-Term Aging Patterns

From the intrinsic characteristics of the face aging process,
pattern concatenation should conform to two constraints:
smoothness constraints and consistency constraints. The former
means that face aging should be a smooth process to avoid
abrupt changes. The latter implies that aging pattern of
different regions should be kept consistent, as the face is an
organic structure; thus, the aging of different regions is
correlated with the others. In this section, we first formally
defined measurements for these two constraints, based on
which a conditional probability concatenating two short-
term aging patters is defined. Finally, an algorithm is
proposed to predict long-term aging patterns by sampling
with the defined concatenating probability. The whole
procedure is summarized in Algorithm 3.

Algorithm 3. Predicting a long term aging pattern
Input: face parameters at current age t0
Output: predicted parameters Cr

� over older ages �

Procedure:

for t ¼ 1 to T do

for 8r 2 R do

1. Let �1 ¼ ½t0; t0� and Cr
�1
¼ fg;

2. while there exist candidate patterns do

2.1 Sample an aging pattern Cr
�2

satisfying �2 \
�1 6¼ � and sup �1 < sup �2 from the

following probability (defined in Eq. 10):

Cr
�2
�p
�
Cr
�2

��Cr
�1
;Cs 6¼r

�2

�
;
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Fig. 6. Modeling of short-term face aging. The star marks denote the
parameters of a given image sequence; among them, the circled ones
are outliers excluded by RANSAC. The solid curve represents the
learned aging pattern, with filled circles being interpolated parameters at
time steps of �t.



2.2 Concatenate Cr
�1

and Cr
�2

at the time point
defined in Eq. 11 to generate Cr

�1[�2
;

2.3 �1 :¼ �1 [ �2.

4.1.1 Smoothness Constraints

Suppose Cr
�1
¼ fCr

i;�1
; i ¼ 1; 2; . . . ; Nrg and Cr

�2
¼ fCr

i;�2
; i ¼

1; 2; . . . ; Nrg are two short-term aging patterns of the

rth region over two overlapping time spans �1 and �2,

respectively, the distance between two curve sets is defined

as

D
�
Cr
�1
;Cr

�2

�
¼ 1

j�1 \ �2j

Z
�1\�2

XNr

i¼1

Fi �
��rCr

i;�1
ðtÞ � rCr

i;�2
ðtÞ
�� !
dt:

ð6Þ

In this equation, Fi is the F -ratio of the ith principal

component. Here, we assume that an aging pattern is

reflected by the “changes” of face parameters over time

instead of parameters themselves, so gradient operator r is

introduced for computing the distance between patterns.
Considering that natural face aging is smooth, we favor

connecting the neighboring aging patterns with similar

trends in the overlapping time span:

p
�
Cr
�1

��Cr
�2

�
/ exp

�
�D

�
Cr
�1
;Cr

�2

��
: ð7Þ

Note that for the initial pattern selection, where

j�1 \ �2j ¼ 0, we neglect r and the denominator in (6) and

favor the patterns with similar appearances to the input face

at initial age.

4.1.2 Consistency Constraints

As mentioned before, the aging of multiple facial regions is

relevant, so we adopt an iterative approach to select proper

aging paths for all the regions jointly.
Formally, let r and s denote two facial regions; Cr

� and

Cs
� are, respectively, their corresponding aging patterns

over � , with cri;� ¼ fCr
i;� ðtÞ; t 2 �g and csi;� ¼ fCs

i;� ðtÞ; t 2 �g
being the pattern parameters on the ith principal compo-

nent. We first compute the correlation between Cr
� and Cs

�

according to (5):

�r;s� ¼ sigmoid
XNr

i¼1

XNs

j¼1

Fr
i � Fs

j � P
�
cri;� ; c

s
j;�

� !
; ð8Þ

and then the consistency measurement between C� and Cs
�

is computed as follows:

E
�
Cr
� ;C

s
�

�
¼ exp

�
�
���r;s� � �r;s���: ð9Þ

The above equation favors the pattern pairs with similar

correlations to that on training data, i.e., �r;s.

4.1.3 Probabilistic Concatenation

The two aforementioned constraints defined in (7) and (9)
are then combined together in order to select aging patterns.
For this purpose, we define a conditional probability by
probabilistic sampling. Specifically, the probability of
concatenating curves Cr

�1
and Cr

�2
into a long-term pattern

is computed as

p
�
Cr
�2

��Cr
�1
;Cs 6¼r

�2

�
/ p
�
Cr
�1

��Cr
�2

�
�
Y
s6¼r
E
�
Cr
�2
;Cs

�2

�
: ð10Þ

In the right side of the equation, the first term penalizes
abrupt appearance changes in a specific facial region, while
the second term penalizes inconsistency among different
regions.

After sampling two sequential short-term aging patterns
Cr
�1

and Cr
�2

according to the probability in (10), we
concatenate them smoothly along the time axis. For this
purpose, the time point with the minimum gradient
difference is used to concatenate two overlapping patterns,
as illustrated in Fig. 7.

t� ¼ arg min
t2�1\�2

XNr

i¼1

Fi � rCr
i;�1
ðtÞ � rCr

i;�2
ðtÞ

��� ���: ð11Þ

To sum up, the steps of building long-term aging
patterns are described in Algorithm 3.

4.2 Holisticness of Face Aging

As known, face aging patterns in different facial regions are
highly relevant. Therefore, under the guidance of the
graphical model learned in Section 2.3, the consistency
constraint defined in (9) addresses the dependency among
aging trajectory of different subregions by iteratively
concatenating sequential patterns for one region under
conditional constraints from the others ones. To validate the
effectiveness of our strategy, we conduct an experiment to
compare the difference between using and not using the
region dependency, i.e., the consistency constraint in
concatenation. The results are shown in Fig. 8, which shows
that neglecting the relationship among the aging of different
regions leads to aging progression violating the aging
mechanisms, e.g., there exist asymmetries between two half
faces; while the graphical model rectifies these inconsisten-
cies implicitly.

4.3 Diversity of Face Aging

Intuitively, face aging has uncertainty, as both internal
factors (probably genes) and external factors (e.g., nutrition,
lifestyles, and health) affect the aging process. By analyzing
the short-term aging patterns in Section 3, we can also find
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Fig. 7. Illustration of concatenating short-term aging patterns into a long-
term pattern. The dash-dotted curves fCr

i;�1
g and fCr

i;�2
g represent two

partially overlapping (shadowed area) short-term aging patterns of
region r. The solid curve set is the concatenated long-term pattern, and
the filled circle is the concatenating time point.



that there exist certain differences in the slopes of curves
describing them, and this diversity indicates the intrinsic
variability in both aging pattern and aging rate.

Therefore, it is desirable that a face aging model should
have the capacity to simulate the uncertainty. Attributed to
the probabilistic sampling procedure in Algorithm 3, our
aging model naturally simulates the intrinsic diversity of
aging process. For an input young face, as shown in the
leftmost column of Fig. 9, we compute its facial parameters
and predict their evolution according to (10). The multiple
plausible aging results reconstructed from the predicted
parameters are displayed in 2 � 4 columns.

It is worth noting that facial hair is indicative of the face
ages in male training databases; thus, its appearance
changes are also learned by the proposed aging model,
although no explicit facial hair model is built in our method.

5 EXPERIMENTAL DATA

This section describes the adopted aging databases for
model training, as well as the synthesized aging data by the

learned aging models. These datasets are used for aging
model evaluation in the next section.

5.1 Real Aging Data

In our experiments, we use two publicly available face
aging databases: FG-NET [1] and MORPH [42].

We use images from FG-NET to form child growth
models. After removing the adult faces over 20 years old
and picking out 40 images as test data, we have 702 child
faces of 48 boys and 32 girls. In consideration that there
exist apparent differences between the growth patterns of
boys and girls, two gender specific growth models are built
separately.

We use faces in the MORPH database for adult aging
modeling. One of its extended versions [41] includes 16,894
face images from 4,664 adults. To learn the long-term aging
model, we use image sequences including photos snapped
at more than two different ages between 18 and 54 years.
The maximum and average age span are, respectively, 33
and 6.52 years. There are, altogether, 130 African-American
male sequences, 133 African-American female sequences,
147 Caucasian male sequences, and 44 Caucasian female
sequences in our training data set.

For each face image in both data sets, we labeled
83 landmarks for model training. The percentage of inliers
selected by data purification is listed in Table 1, from which
we can see the uneven distribution of non-aging variations
both among ethnic groups and facial regions. For example,
data in African-American groups are, on average, superior
to those in Caucasian groups because of less hair occlusion
and overexposure, and a large portion of the forehead and
eyebrow regions in the Caucasian adult group is excluded
due to heavy hair occlusion.

Since a child’s face appearance changes much faster than
an adult’s with age increasing, we show dense prediction
results (every other year) for children, while for adult aging
we give results around every 10 years.

5.2 Synthetic Aging Data

In this section, we conduct aging prediction using the
learned aging models.

For child growth, since shape change is the most prominent
feature while texture is relatively stable and the texture of
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Fig. 9. The diversity of age progression.

TABLE 1
Percentage of Inliers Selected by Data Purification (Percent)

Fig. 8. Comparison between the graphical face model and the region-
independent compositional model.



training data is highly contaminated by non-aging varia-
tions, we learn only shape growth models in this experiment.
A given face with age and gender labels known can be
transformed to target ages by the corresponding growth
model. Some example results are shown in Fig. 10a.

In contrast, for adult aging, the variations among
individuals from different genders and ethnic groups are
prominent, so the subjects in the MORPH data set are
divided into four groups: African-American males, African-
American females, Caucasian males, and Caucasian fe-
males. Then, we build a face aging model for each gender-
race group separately. For an input face image, we perform
aging prediction by applying the aging model of his/her
ethnic and gender group. Fig. 10b shows eight synthetic
sequences, from which one can see the large diversity in the
aging of different groups. There exist apparent artifacts in
the forehead region of Caucasian females. It is worth
pointing out that this is caused by insufficiency and heavy
hair occlusions of the training data.

In aging prediction, the input images might be con-
taminated by nonaging features, similar to outliers in the
model learning stage, due to pose or expression variations,
specular highlights, glasses, or hair occlusion. To handle
this problem, we reconstruct the input images with aging-
oriented AAMs before aging prediction. Due to the
procedure of data purification (Section 2.2.1) and model
purification (Section 2.2.2), non-aging variations can be

excluded statistically. Some representative aging prediction
results are shown in Fig. 11. In this figure, the leftmost face
in each group is the input image and the one emphasized
with a dotted rectangle is the reconstruction result with
nonaging variations excluded. The aging prediction results
on the right in each group are synthesized from the
reconstructed faces.

Please note also that, compared with child growth, adult
aging trajectories are affected by external factors to a larger
extent. For this aging diversity, please also refer to Section 4.3
and Fig. 9.

6 AGING MODEL EVALUATION

Evaluation of face aging model is nontrivial since that aging
is intrinsically uncertain. All the aging results under
different environments may lie on a complex “manifold,”
so direct comparison between synthetic faces and real aging
data does not make sense. These challenges motivate
researchers to explore indirect aging model evaluation,
e.g., Lanitis et al. [24], Ramanathan and Chellappa [37],
Patterson et al. [32] validate their aging model via induced
improvement in aging-robust face recognition, Lanitis et al.
[24] and Tiddeman et al. [53] compare the perceived age of
faces before and after age transformation, Tiddeman et al.
[54] evaluate the realism and age accuracy of aging results
subjectively. To analyze the literature, we utilize the two
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Fig. 10. Some aging prediction results generated by the learned aging models. In each group, the leftmost column shows the input images and the
following columns are synthesized images at later ages, with the age labeled in the bottom right corner.



most desirable criteria [22], [23], [52] for indirect aging
model evaluation, which are: 1) accuracy of age increase, i.e.,
whether the synthetic faces are perceived to be at the target
age; 2) preservation of face identity, i.e., whether the synthetic
faces can still be recognized as the original person.

Guided by these two criteria, we perform both subjective
and objective evaluation to the proposed method. First, we
conduct age estimation and face recognition on synthetic
aging results and real aging data, then quantitative analysis
is adopted to measure the relative difference between the
performances on the two data sets.

In this paper, we recruited 20 volunteers for subjective
assessment. Since we were attempting to build a model
consistent with the common sense, we recruited under-
graduate and graduated students instead of the experts
specialize in face aging studies. In all, 20 Asian students
(10 males and 10 females) participated in the subjective
assessment. The ages of the volunteers were between 22 and
30 and they all had normal (rectified) eyesight. One-third of
the volunteers had experience living in western countries.
We also add a training sequence to calibrate the volunteers’
aging sense on different races.

6.1 Verification of ANOVA in Quantitative Aging
Model Evaluation

Taking subjective age estimation as an example, we con-
ducted an experiment to validate the adoption of ANOVA for
aging model evaluation. First, we selected three front view
datasets of Asians, Caucasians, and African-Americans,
respectively, and invited the recruited volunteers (without
experience living in western countries) to estimate their ages. The

Mean Absolute Error (MAE) is shown in Table 2. Then, we
used ANOVA to analyze the estimation accuracy in the
following two ways: 1) compare the difference between
results on any two different data sets, i.e., the estimation
accuracies on two different ethnic groups; 2) divide each set
into two halves and compare the difference between them,
i.e., the estimation accuracies on two subsets from the same
ethnic group.

The ANOVA results are shown in Table 3, from which
we can see that the accuracies between Asian and the other
two groups are significantly different. This can be attributed
to the fact that the volunteers are Asians and lack familiarity
with other race aging patterns. The small difference
between two half sets of the same ethnic group indicates
that the age estimation performance is nearly the same on
two sets, i.e., the two sets are almost the same under the
criteria of age perception. The performance on Caucasian
and African-American does not display significant differ-
ence either; this indicates that the recruited volunteers are
not more familiar with one other race group than another,
in terms of age estimation.

It is worth noting that the F -ratio measures the relative
difference between performances on two data sets instead
of the absolute one. For example, in spite of the large
difference in estimation accuracies of Asians and that of
Caucasians or African-Americans in Table 2, the F -ratios
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TABLE 2
MAE in Different Ethnic Groups (Years)

TABLE 3
F -Ratio and p-Value of Dataset Factor on

Age Estimation Accuracy within/between Ethnic Groups

Fig. 11. Some aging prediction results of input images contaminated by non-age variations. In each group, the leftmost image shows the input face,
the second image with bounding box is the reconstruction result excluding non-aging variations, and the following columns are synthesized images
at later ages, with the age labeled in the right bottom corner.



within each ethnic group are all quite small (see Table 3).
The F -ratio is quite fit for aging model evaluation since the
measurement does not rely on the performance of aging
insensitive face recognition or face age estimation.

6.2 Evaluation of Proposed Aging Model

Using the proposed evaluation approach, we conduct a
series of experiments to measure the validness of the
learned aging models. For clarity, Table 4 lists the data sets
used in the following experiments.

6.2.1 Evaluation on Age Accuracy of Synthetic Face

In evaluation of the child growth model, we select 20 boy’s
photos and 20 girl’s photos (not in the training data set)
under three years of age and synthesize 10 images at latter
ages for each individual to compose set A, which thus
includes 400 images. For a comparative study, the same
number of real aging sequences are selected as set B. As for
the evaluation of adult aging models, we select 20 young
Caucasian female faces and 40 young faces from each of the
other three groups, not in training data either. We synthesize
five images across 3 � 4 decades for each individual. These
resulting 700 synthetic images compose set C. Similarly,
we also randomly select the same number of real images at
different ages to compose set D. After data preparation, we
perform both subjective and objective age estimation on
these four sets and adopt Mean Absolute Error as a
quantitative measurement of the age estimation accuracy.

Subjective age estimation. In this experiment, we compare
the accuracies of subjective age estimation on real and
synthetic data by the following procedure. After a training

procedure with 100 faces at different ages and in different
groups, the volunteers were asked to estimate the age of
each face image in set A � D. The MAEs on sest A and B are
both around 4 � 5 years and those on sets C and D are
around 5 � 7 years, as shown in 3 � 4 rows of Table 5.

Objective age estimation. Automatic face aging estimation
has been studied for years, and various algorithms were
developed [15]. Here, we adopt an age estimation algorithm
[51] with state-of-the-art performance to compare the
objective age estimation accuracies on real and synthetic
faces. To make a fair comparison, we first train a group-
specific age estimator on a separate training data set, then
perform age estimation on real images in sets B, D and
synthetic images in sets A, C. The estimation results are
shown in parallel with the subjective estimation results in
7 � 8 rows of Table 5, from which we can see that objective
estimation obtains a performance comparable to that of
subjective estimation, with the estimation error being around
six years. The maximum MAE is 6.88 years, the result on
adult Caucasian males. Such a larger estimation error may be
due to the larger appearance variations in this group.

Quantitative measurements of the difference between age
estimation accuracies on two sets are also shown in Table 5,
which concludes that real images and synthetic images have
similar appearances in terms of age perception, i.e., the
proposed model is able to synthesize faces of the target age.

6.2.2 Evaluation on ID Preservation of Synthetic Face

Subjective face recognition across ages. Due to the limitations of
short-term human memory, only 20 Caucasian females and
40 individuals from each of the other three groups are used
for both real and synthetic aging data. We conduct a
subjective face recognition experiment under the following
settings: the 140 input faces for set C and the same number
of distractors compose set E, from which the volunteers
are asked to identify the faces in set C. For real aging data,
we select from each group in the MORPH database the
same number of aging sequences with synthetic data. Their
photos at the initial ages and 140 distractors together
compose set F, and the photos at latter ages are denoted as
set G. Similarly, we ask the volunteers to recognize the faces
in set G, with set F being the gallery set.

The recognition results on four groups are plotted in
Figs. 12a and 12b, which show that the recognition rate
generally degenerates with increasing time span on both
sets. This is evidently consistent with the intuition that face
recognition across longer age periods is more challenging.
Please note that the missing data at larger age spans in
Fig. 12a is due to the limited real aging sequences. Another
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MAE (Years) of Subjective and Objective Age Estimation and the Quantitative Analysis

TABLE 4
Datasets Used in Model Evaluation Experiments



point worth noting is that the recognition rate shows certain
individual differences in face recognition abilities, as
illustrated by the error bars in Figs. 12a and 12b. The
among-individual variance on real data is larger than that on
synthetic data, which can be attributed to the large non-age-
related variations in real data.

Objective face recognition across ages. In this experiment, we
run automatic face recognition on 400 images in set C and all
the faces in the training data set using a face recognition
algorithm developed on Gabor features and LDA-based
classifier [49]. To keep the evaluation objective, the recogni-
tion algorithm is trained on an absolutely separate database
including data from different genders and ethnic groups.

Figs. 12c and 12d show the recognition results on real
and synthetic aging data, respectively. Although there exist
significant differences between recognition rates on real and
synthetic data and the those on four groups are also slightly
different, the trend of recognition rate degeneration with
increasing time span is generally consistent.

By comparing the face recognition rates on real data
(Figs. 12a and 12c) and those on synthetic data (Figs. 12b
and 12d), one can see that the recognition rate on synthetic
data is apparently higher. The quantitative comparison
between performances on real and synthetic data is
displayed in Table 6, which also shows a significant
difference between face identity performances on two data
sets. The large difference is attributed to the distinction
between synthetic data and real aging data: The former
reflects only aging-related variations, while the latter
includes many other non-age-related variations. In spite of
the large difference in recognition rates on real and
synthetic data, the high performance of subjective and
objective recognition on synthetic data indicates that our
aging model preserves face identity effectively.

Beyond the above evaluations of the proposed CONGRE
model, we also compare the CONGRE aging model with
the one we previously proposed in [52]. Since the previous
work classifies face ages into discrete groups with a time
step of 10 years and the evaluation results show that around
30 percent synthetic faces belong to a group other than the

intended age group, while the CONGRE model regards face
aging as a continuous process and the prediction results are
with an estimation error being around six years, nearly of
the same accuracy with that on real data, the CONGRE
model is thus much more accurate than the previous one.
Therefore, here we mainly compare two methods in term of
ID preservation quantitatively. We mix the aging results
generated by two models with the same number of
distractors and conduct a face recognition experiment
similar to Section 6.2. To make a fair comparison, we use
the same face recognition algorithm and volunteers and
crop out the hair region of the aging results generated by
previous model; the result is shown in Fig. 13. From the
results, we can see that the recognition rate of synthetic
results generated by the CONGRE model is higher; this may
be attributed to the fact that we learn aging trajectories from
real aging sequences instead of similar patches. In addition,
the age span is at a much finer scale than that of previous
work, so the evaluation results are more accurate.

7 CONCLUSIONS AND DISCUSSIONS

This paper proposes a CONGRE face aging model to
construct long-term face aging patterns from impure,
partially dense aging databases. The proposed model
addresses two rarely touched problems in face aging
modeling: 1) removing appearance variations due to
nonaging factors statistically, which exist widely in face
aging databases; 2) building credible long-term aging
patterns from currently available databases containing only
short-term aging sequences, which are close to the real
aging process in a short time span and smooth in a long
time span. The studies in this paper also reveal that large
diversity in aging patterns exists among individuals from
different races and genders; this implies that building
group-specific face aging models is indeed necessary.

Although the proposed method is able to synthesize
plausible aging sequences, there still exists much room for
improvement if compared with those generated by forensic
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TABLE 6
ANOVA of Face Recognition Rates on Real and Synthetic Data

Fig. 13. Comparison of ID preservation between the proposed model

and the approach in [52].

Fig. 12. Performance of subjective and objective face recognition.



artists [33], who are usually trained in facial anatomy, aging,
and forensic science, etc. For example, the decomposition rule
adopted is far from being precise enough to take into account
the complex functions of muscles in face aging. It is also clear
that the individuality of the input face is not considered
sufficiently during the aging prediction, etc.
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