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Figure 1: In automated age progression, a data-driven approach enables appropriate example images and age transformations to be selected
according to an input image (a). Different levels of localization (c)-(e) shows the relative merits over the use of a global model in previous
work. In addition, we can automatically evolve a full person-specific solution for the input by learning from existing age transformations (f).
In comparison with the actual aged individual (g), which is unknown to the computation process, the full solution offers the best results.

Abstract
Aging has considerable effects on the appearance of the human face
and is difficult to simulate using a universally-applicable global
model. In this paper, we present a data-driven framework for facial
age progression (and regression) automatically in conjunction with
a database of facial images. We build parameterized local models for face modeling, age-transformation and image warping based
on a subset of imagery data selected according to an input image
and associated metadata. In order to obtain a person-specific mapping in the model space from an encoded face description to an
encoded age-transformation, we employed genetic programming to
automatically evolve a solution by learning from example transformations in the selected subset. In order to capture various factors
that determine the influence of feature points, we developed a new
image warping algorithm based on non-uniform radial basis functions (NURBFs). A genetic algorithm was used to handle the large
parameter space associated with NURBFs. With evolutionary computing, our approach is able to infer from the input and the database
the most appropriate models to be used for transforming the input
face. We compared our data-driven approach with the traditional
global model approach. The noticeable improvement in terms of
the resemblance between the output images and the actual target
images (which are unknown to the process) demonstrated the effectiveness and usability of this new approach.
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Introduction

Visual modeling and simulation of facial age progression has applications in law enforcement, forensic science, visual psychology and
the entertainment industry. Age progressed images seen in the media today, such as those used for finding missing persons, typically
involve skilled manual work to a large extent. A completely automated approach, which is still an elusive goal in these applications,
presents an interesting challenge to computer graphics.
Previous work on the automatic generation of aged images
adopted the global model approach, where a generic aging model
was formulated, based on craniofacial growth patterns [Pittenger
and Shaw 1975; Mark and Todd 1983], average facial images [Burt
and Perrett 1995; Tiddeman et al. 2005] or a set of statistical parameters [Lanitis et al. 2002]. Aging is a relatively individual-specific
process and is influenced by factors associated with some generic
groupings such as gender, ethnic origin, growth phases and geoenvironmental conditions, as well as factors associated with the
lifestyle and health of individuals. The main shortcoming of relying on one or a few pre-defined global models is the difficulty for
the models to accommodate the complexity and diversity of individuals’ facial age progression. Furthermore, it is difficult for such
a model to improve itself by learning from the disparity between a
simulated aged image and a known target image.
The data-driven approach, which has been successfully deployed
in areas such as facial animation (e.g., [Pighin et al. 1998; Vlasic
et al. 2005]) can address the shortcomings of the global model approach. It is practically feasible to establish and expand a database
that contains facial images of a large number of individuals captured at different ages, together with some metadata about their
gender, ethnic origin, lifestyle, etc. Given an input image of a face

to be aged and some information about the person, our objective
is to device a system that can select a subset of individuals from
the database based on the given information, automatically generate
appropriate models that are optimized for the subset of individuals,
apply the person-specific models to the input image, and obtain a
simulated age progression image. Inevitably, it is more appropriate
to build a system around a 2D morphing algorithm, as acquiring 3D
facial data of a large number of individuals, each at different ages,
poses a completely different problem in terms of practicality.
In this paper, we present a data-driven framework for facial age
progression (and regression) automatically in conjunction with a
database of about 1500 facial images. Our approach differs from
previous work on facial age progression in several ways. (i) We do
not rely on a global model, and instead, we build person-specific
models for face modeling, age-transformation and image warping
based on a subset of imagery data selected according to an input
face and associated metadata. (ii) Instead of spatial and frequence
domain methods, we compute age progression primarily through
two parameterized models, namely morphable face model for encoding faces, and morphable aging model for encoding differential
specifications of age-transformation, both constructed using principal component analysis. (iii) In order to obtain a person-specific
mapping in the model space from an encoded face description to an
encoded age-transformation, we employed genetic programming to
automatically evolve a solution by learning from example transformations in the selected subset. (iv) In order to capture various
factors that determine the influence of feature points, we developed
a new image warping algorithm based on non-uniform radial basis
functions (NURBFs). The genetic algorithm technique was used to
handle the large parameter space associated with NURBFs.
With evolutionary computing, our approach is able to infer from
the input and the database the most appropriate models to be used
for transforming the input image. As shown in Figure 1, by employing local models, we can achieve noticeable improvement over
the global model approach in terms of the resemblance between the
output images and the actual target image, which is unknown to the
process. Furthermore, by using a person-specific mapping obtained
using genetic programming, we can obtain better models that encode more person-specific characteristics in age progression. We
will give further examples in the paper to demonstrate the effectiveness and usability of this new approach.

2

Related Work

Facial Age Progression. The traditional approach to generation
of age progressed images typically involves the skills of an artist
working from photos of the individual concerned. Semi-automated
techniques are now common, which allow forensic artists trained in
facial anthropometry to modify existing photographs using interactive software tools and impose appropriate facial changes based on
a known aging trend. For example, for generating an aged image of
a missing child, a forensic artist normally uses photographs of the
close relatives of the child to identify a common aging trend. Such a
process is time consuming and the quality of the results depends on
the skills and interpretations of the artist as well as the availability
of suitable information for identifying an aging trend.
Early attempts at age progression used geometric transformations
to model craniofacial growth. Pittenger et al. [1975; 1979] applied
affine shear and cardioidal strain transformations to facial outlines
to determine the effects of the transformations on the perceived age.
Mark and Todd [1983] extended this method to face images and 3D
facial data, showing that growth transformations were applicable to
more detailed facial representations. Burt and Perrett [1995] em-

ployed image morphing for age progression that facilitates both geometric deformations and texture changes. The method is based on
a composite face created from a set of images. Further extensions
to this work [Tiddeman et al. 2001; Tiddeman et al. 2005] investigated wavelet-based texture enhancement to compensate for fine
texture detail which is often lost in the composite images. Lanitis et al. [2002] proposed a statistical approach to age progression,
which allows face images to be encoded as parameters of a statistical model. Aging is the simulated by manipulating parameters in
model space using a weighted average. In addition, attempts were
made for capturing typical aging features such as wrinkles and spots
from examples and superimposing such features onto a model (e.g.,
[Bastanfard et al. 2004; Mukaida et al. 2002; Lee et al. 1999]).
Nevertheless, the focus on these attempts was normally placed on
visual realism of an artistic image transformation or surface details
of a 3D virtual human.
Metamorphosis of Imagery Data. Our work is also related to a
collection of previous work in image and volume metamorphosis,
which is used extensively in computer animation and for manipulating 2D and 3D imagery data. The existing 2D algorithms (e.g.,
[Wolberg 1990; Beier and Neely 1992]) provided us with a set of
valuable considerations in algorithm design and feature specification, while their 3D extensions (e.g., [Lerios et al. 1995; Seitz and
Dyer 1996; Blanz and Vetter 1999]) prompted us to consider the
non-uniform effects of 3D shape transition in the projective image
space. The existing techniques for image and volume metamorphosis fall into the following three main classes [Chen et al. 1996].
In cross dissolving (e.g., [Payne and Toga 1992; Hughes 1992; He
et al. 1994]), the metamorphosis between two imagery datasets can
be performed in spatial and frequency domains. It does not require
much human interference, but has little control over the deformation. In mesh warping (e.g., [Wolberg 1990]), the 2D or 3D imagery transformation is defined by the deformation of a planar or
spatial subdivision. As transformation is local to each control element in a subdivision mesh, it is computationally efficient, but a
desired warping usually requires a large number of elements that
are distributed somewhat uniformly to avoid the so called ‘foldover’ condition. In field morphing (e.g., [Beier and Neely 1992;
Ruprecht and Müller 1995; Lerios et al. 1995]), the imagery transformation is defined by the displacement of a set of control features such as points and lines. This approach requires a relatively
small number of control features which are normally correlated to
the key visual features in the imagery data, though the computational cost is normally more than the other two approaches. A
hybrid method was proposed in [Lee et al. 1995]. In both mesh
warping and field morphing, the metamorphosis between two imagery datasets is achieved by first a controlled warping of the two
datasets then a cross dissolving of the warped datasets.
Evolutionary Computing. Evolutionary computing is a branch of
Artificial Intelligence [Back et al. 1997], and has been successfully
deployed in many areas of science, engineering, and industrial design. In computer graphics, there has been a series of investigations
into the use of evolutionary computing methods for model creation
and optimization. These include optimizing procedurally generated
images [Sims 1991], designing sculptures [Todd et al. 1991] generating motion for articulated figures [Ngo and Marks 1993; van de
Panne and Fiume 1993; Auslander et al. 1995], solving sampling
problems in global illumination [Lange and Hornung 1993], creating virtual creatures [Sims 1994], and modeling facial expression
[Lim 1995]. Genetic programming [Koza 1992; Koza 1994] was a
common method employed in such development (e.g., [Sims 1991;
Watabe and Okino 1993; Lim 1995]).
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Figure 2: A data-driven framework
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A Data-Driven Framework

We adopted a data-driven approach for modeling and simulation
of facial age progression. We found that the design principles
of some existing data-driven frameworks (e.g., [Blanz and Vetter
1999]) could be adapted for this work. Figure 2 illustrates the major functional components of the software framework developed in
this work.
Database. The collection of a large volume of suitable facial images and associated metadata is an inherently difficult task to be
undertaken within a relatively small research project. The database
was thereby designed in flexible and extensible manner, accommodating incompleteness in data entries. The current database contains approximately 1500 facial images of 100 individuals at various ages. For each person, photographs are stored as an age progressive image set and tagged with the associated age in year. The
database contains entries from both genders, and of individuals
from various ethnic origins, with age ranging between 1 and 70
years. Unsurprisingly, none of the image sets collected has a complete cover over the 70 year span. As we rely heavily on family
photographs, they inevitably vary in quality, resolution, illumination, 3D head pose, and facial expression, and often contain occlusions from hair, glasses, makeup, clothing and other people or
objects in the scene. Some images are in grayscale.
Modeling. Modeling provides a means of image coding, with
which a face can be represented by a combination of basis images
and can therefore be reduced to the parameters of the model. Principal Component Analysis (PCA) [Jollife 1986] is an image coding
scheme widely used for constructing a set of basis faces in facial
image processing and animation (e.g., [Blanz and Vetter 1999]). In
this work, we adopt this technique in specifying two types of models, namely morphable face model and morphable aging model.
The former allows the encoding of each face as a set of parameters, while facilitating dimension reduction through eigenanalysis.
The latter acts as a generative model for age-transformations. In addition, we also build a person-specific image warping model based
on a set of non-uniform radial basis functions.
Evolving. We pursue the data-driven approach further by using aging examples selected from the database as a training set to optimize
the morphable aging model and the image warping model. Two
evolutionary computing methods, the genetic programming and genetic algorithm techniques, were used to evolve the two models re-

Aging. Given a previously unseen face to be aged (i.e., input image), we apply the morphable face and aging models to derive the
most appropriate age-transformation. Image warping is then used
to realize the transformation, creating an age progressed image.
The framework is data-driven in two respects. Firstly, the models, which are used in a particular aging simulation for face modeling, age-transformation and field-based warping, depend on the
input facial image to be aged and associated information. They are
constructed from a subset of data selected from the database specifically for the input data and are parameterized locally according to
the input facial image. Secondly, the morphable aging model and
the NURBF-based warping model also depend on the data stored
in the database. The more and better quality imagery and metainformation available in the database, the better accuracy can be
achieved in terms of evolutionary computation of the models.

4

Modeling

A facial image F is represented by two elementary components,
namely geometry component G and texture component T . G is a
set of annotated 2D points, which specifies the key geometrical features of a face, and is stored in the database as a vector with the
corresponding face F.
A reference geometry is a standard geometry vector GR associated with the database, and it normally remains unchanged throughout the lifecycle of the database. Its main use is for defining a normalized texture space, and can be obtained from an abstract facial
representation, a typical human face, or as the average of a set of
face geometry vectors. For our database, GR was calculated as the
mean face geometry vector of a set of well-formed facial images
selected manually.
The texture component, T , is a texture image generated by warping the original facial image F from the corresponding geometry
component G to the reference geometry GR . The texture component, which is a color image, is also stored alongside the original
face F. For consistency in the database, all grayscale textures are
converted to color textures, via the HSV color space. We use the
grayscale texture as the V component, and take the H and S components from a mean color texture computed from a set of wellformed face images selected for the corresponding ethnic group.
We then transform the HSV texture backed to the RGB color space,
and normalize the RGB texture using histogram equalization, resulting in an approximated color texture.
It has been shown that encoding G and T in a parameterized
model provides a highly effective means for modeling and transforming shapes and textures [Blanz and Vetter 1999]. In particular,
Principal Component Analysis (PCA) enables us to build a parameterized morphable face model, for geometry and texture respectively, from a set of basis facial images, and to build a parameterized morphable aging model, for modeling age-transformation of
facial geometry and texture, from a set of basis transformations.

4.1

Morphable Face Model

Let the geometry component of a facial image be a column vector of k feature points, that is, G = (x1 , y1 , . . . , xk , yk )> ∈ R2k , and
the texture component be a column vector of l pixels, that is,
T = (r1 , g1 , b1 , . . . , rl , gl , bl )> ∈ R3l . Let hGi , Ti i, i ∈ [1, n] (always
assuming i ∈ N) be a set of n basis faces, and hG, T i be the mean
of these basis faces. We can apply PCA to hGi − G, Ti − T i, re-

sulting in two sets of n eigenvectors, {φg,i ∈ R2k | i ∈ [1, n]} and
{φt,i ∈ R3l | i ∈ [1, n]}, both in the column form.

Without losing generality, we assume that eigenvectors in each
set are in descending order according to the corresponding eigenvalues. We select the first m < n eigenvectors from each set, resulting in a parameterized face model, with reduced dimension, in the
form of a tuple hΦg , Φt i, where


Φg = φg,1 , φg,2 , . . . , φg,m ,



Φt = φt,1 , φt,2 , . . . , φt,m

correspond to geometry and texture respectively. An arbitrary face
hGa , Ta i can thus be encoded using the face model as:

αg = Φ >
g · (Ga − G),

αt = Φt> · (Ta − T ).

The model is morphable as it allows continuous metamorphosis of
facial images in the model space. In other words, a ‘numerical’
morph from hαg , αt i to an arbitrary parameter set hβg , βt i resulting
in a morph from hGa , Ta i to hGb , Tb i, where
Gb = G + Φ g · βg ,

4.2

Ga = T + Φt · βt .

Given two facial images, Ft1 and Ft2 at ages t1 and t2 respectively, a
transformation from Ft1 to Ft2 can be defined by the corresponding
geometry and texture transformation, that is, ∆G = Gt2 − Gt1 and
∆T = Tt2 −Tt1 . Given a set of n example transformations captured in
the database, h∆Gi , ∆Ti i, i ∈ [1, n], we can construct an aging model,
from these basis transformations, for modeling the geometry and
texture transformation respectively.
Let h∆G, ∆T i be the mean of these basis transformations. Similar
to the construction of the morphable face model, we first apply PCA
to h∆Gi − ∆G, ∆Ti − ∆T i, i ∈ [1, n], resulting in two sets of eigenvectors, {ψg,i ∈ R2k | i ∈ [1, n]} and {ψt,i ∈ R3l | i ∈ [1, n]}. We then
reduce the dimension of the model by selecting m < n eigenvectors
with the largest eigenvalues from each set, which yields a parameterized aging model, hΨg , Ψt i, where


Ψg = ψg,1 , ψg,2 , . . . , ψg,m ,





Ψt = ψt,1 , ψt,2 , . . . , ψt,m .

The model is also morphable as it allows continuous metamorphosis of differential representations of age-transformation. Using
hΨg , Ψt i, we can encode a given age-transformation h∆G, ∆T i as
a parameter set, hδg , δt i, in the model space. In reverse, we can
decode a given parameter set hδg , δt i into an age-transformation
h∆G, ∆T i. Hence, an arbitrary parameter set hδg , δt i can be used to
age-transform a face hGt1 , Tt1 i to hGt2 , Tt2 i as:
Gt2 = Gt1 + ∆G = Gt1 + ∆G + Ψg · δg ,
Tt2 = Tt1 + ∆T = Tt1 + ∆T + Ψt · δt .

Input-Driven Local Models

As mentioned in Section 2, forensic artists commonly use appropriate photographs of close relatives of a person to be aged to identify an age progression trend. This suggests that using a local
model appropriate to the input data, including imagery and metainformation, should normally result in more accurate age progression images. Hence we adopt an approach to enable the dynamic
computation of localized models based on input data.
Local Face Model. Given an input facial image, the input age and
target age, and a set of metadata (e.g., gender, ethnic origin, etc.),
we select a subset of persons from the database using a comparison
metric that measures the notional distance between the input and
a person in the database. Taking the facial images in this subset at
(and around) the input age, we build a local face model for the input
facial image.
Local Aging Model. For the transformation from an input age t1
to a target age t2 , we form a local aging model by using the example
transformations from t1 ± ε to b ± ε in the selected subset. As the
search is normally not restricted to matching t1 and t2 exactly, ε is
used to control the tolerance window for ages.
Local Warping Model. We also compute a local warping model
based on the selected subset, which allows for more accurate specification of influence of each feature. This will be further detailed
in Section 6.

Morphable Aging Model



4.3

(1)

Nevertheless, in applications of age progression, both hδg , δt i and
h∆G, ∆T i are usually unknown. We will discuss Section 5 the
process of obtaining an appropriate hδg , δt i for a given input face
hGt1 , Tt1 i. Since we are interested in age progression, we place a restriction on each face pair, such that they are the facial images of the
same person at two different ages, though the model defined in this
section can in general be used in conjunction with other differential
specifications of facial transformation.

Pre-computed Global Models. In addition to dynamically constructed local models, we also pre-compute a number of global
models for aiding the subset search process as well as for comparative evaluation. These include, for instance, a global face model,
hΦR,g , ΦR,t i, which is constructed using the same set of facial image for defining the standard geometry GR . There are also models
for male and female, and individual ethnic groups.
The morphable aging model described in 4.2 defines an age transformation from an input age t1 to a target age t2 . Almost all existing
work on facial age progression focused on the use of a global mean
differential specification of a face (e.g., [Mark and Todd 1983; Tiddeman et al. 2005]). In the context of our morphable aging model,
such an approach would meant replacing Eq. (1) with:
Gt2 ≈ Gt1 + ∆Gglobal ,

Tt2 ≈ Tt1 + ∆T global .

(2)

Using our data-driven approach discussed in 4.3, we can easily improve this approximation by using a local mean differential specification h∆Glocal , ∆T local i which is computed based on a subset
of image pairs selected according to hGt1 , Tt1 i. In Figure 1, (b)-(e)
indicate the improvement of age progression results through localization. As shown in (b), the image resulting from the use of a
global model (i.e., Eq. (2) exhibits few facial features of the target,
which is unknown to the aging simulation process. Using a smaller
subset consisting of images of those who are a closer match with
hGt1 , Tt1 i, we can obtain age progression images that are closer to
the target image.

5

Evolving Age Transformations

Although localization clearly shows its advantage over the global
model approach, it still represents a coarse approximation by omitting the last term in Eq. (1). It is thereby highly desirable to have
a full solution to Eq. (1) by finding a way to obtain a parameter
set hδg , δt i such that it is specific to the input facial image (i.e.,
hGt1 , Tt1 i) and input and target ages (i.e., t1 and t2 ).
Given hGt1 , Tt1 i, which is encoded as hαg , αt i using model
hΦg , Φt i, we want to find a relation between hαg , αt i and hδg , δt i,

input

initial

η = 100

η = 200

η = 500

target image

Figure 3: A morphable aging model is evolved based on 22 examples, and applied to transform the input image. Four stages are shown,
including the initial generation, and the best of three example generations, η = 100, 200, 500. The target image is unknown to the evolution.
that is, δg = Fg (αg ), δt = Ft (αt ), such that Fg and Ft are two computable functions. Considering that such a relation is not yet well
understood, and there is no suggestion for any computable formulae
in the literature, we make no assumption about the precise format of
Fg and Ft . Instead, we use generic programming to evolve suitable
functions, driven by the example relations in the subset of image
pairs selected according to hGt1 , Tt1 i.

5.1

Relation between Face and Aging

Tset = {R, ug,1 , ug,2 , . . . , ug,m },

Fset = {+, −, ∗, ÷, sqrt, log, abs, @2 , @3 }.

F = {(Fa,1 , Fb,1 ), (Fa,2 , Fb,2 ), . . . , (Fa,n , Fb,n )}.

Here, as an example, we consider only a terminal set for subfunctions in Fg . The same process can be applied to Ft . To ensure
that each generated and evolved tree is semantically valid, the arity
of the functions are also defined.

hαg,i , αt,i i 7−→ hδg,i , δt,i i, i = 1, 2, . . . , n.

Initialization. The process begins by building an initial population
of trees by randomly selecting elements from Tset and Fset and by
setting a user-definable tree depth limit, Dmax . Two methods for
constructing the trees are possible. Beginning at the root, the Full
method selects nodes from Tset until depth Dmax is reached, and
then nodes are taken from Fset . The Grow method stochastically
chooses nodes from Tset and Fset at all depths before Dmax . Here,
we used the ramped half-and-half method [Koza 1992], where each
individual tree of the initial population is constructed by choosing
either of the two methods with equal probability.

Consider a subset of image pairs selected according to hGt1 , Tt1 i,
We use indices a and b instead of t1 and t2 intentionally, as it is
not necessary to restrict the search to make an exact match for the
input and target ages. Using {Fa,1 , Fa,2 , . . . , Fa,n }, we build a local
morphable face model, which is subsequently used to encode Fa,i
as hαg,i , αt,i i, ∀i ∈ [1, n]. Meanwhile from F , we derive a local
morphable aging model, which is then used to encode the difference
between each image pairs as hδg,i , δt,i i, i ∈ [1, n]. We thus have n
pairs of example mappings,
We can learn from these example mappings, and evolve an appropriate mapping hαg , αt i 7−→ hδg , δt i for hGt1 , Tt1 i, which is defined
by two computable functions Fg and Ft . Let:

αg = {ug,1 , ug,2 , . . . , ug,m },
δg = {vg,1 , vg,2 , . . . , vg,m },

αt = {ut,1 , ut,2 , . . . , ut,m };
δt = {vt,1 , vt,2 , . . . , vt,m }.

m < n is the reduced dimension of the two models concerned (see
4.1 and 4.2). We define Fg and Ft by using a set of sub-functions:
vg, j = fg, j (ug,1 , ug,2 , . . . , ug,m )

vt, j = ft, j (ut,1 , ut,2 , . . . , ut,m ),

where j = 1, 2, . . . , m. As each fg, j is a scalar function, we can formulate the sub-function as a arithmetic expression of m variables
{ug,1 , ug,2 , . . . , ug,m }. We also define ft, j in the same manner. Therefore, the task for obtaining each sub-function becomes the evolution
of an expression tree that represents the sub-function. The example
image pairs provide the evolution with a training set for evaluating
the generated Fg and Ft in the process.

5.2

Terminal and Function Sets. Each individual of the population
is a tree built from a user defined set of terminals Tset and functions
Fset . The terminal set, which is used for defining leaves of the tree,
consists of the variables of the problem, and random constants. Elements of the function set can be assigned to internal nodes of the
tree. For our application, Tset and Fset are defined as:

Genetic Programming

Genetic Programming [Koza 1992; Koza 1994] is one of the most
effective methods for evolutionary computing, and differs most noticeably from other evolutionary methods by allowing the automatic
evolution of computer programs in the form of trees.

Genetic Operators. The crossover genetic operator takes two parents and produces two offspring. Offspring are formed by randomly
selecting nodes and by the exchange of subtrees. Mutation takes a
single parent and produces one offspring. Mutation is by replacing
randomly chosen nodes or by growing a new subtree rooted at the
chosen node.
Fitness Evaluation. The evaluation function determines the fitness of each individual in the population. Selection is proportionate
to fitness, giving fitter individuals a higher probability of becoming
a parent of the next population. We form fitness cases from the
subset of image pairs F . The fitness evaluation is carried out in
the model space constructed from {Fb,1 , Fb,2 , . . . , Fb,n }, we take the
error between two parameter sets as the fitness value.
Figure 3 demonstrates the evolution process with a training set of
22 fitness cases. The example shows the application of Eq. (1) with
three different generations of hδg , δt i, to an input image, indicating
a gradual improvement of the results.

6

Non-Uniform Radial Basis Functions

We adopted the feature-based field morphing approach in this work,
which provides us with the necessary flexibility — in specifying a
warping with a small set of key control features, and controllability

— in directing the geometric deformation according to the defined
control features. As the focus of existing work in image warping
has largely been placed on the smooth transition from one image
to another, the influence of each feature is normally uniformly defined in all directions proportionally to the proximity to the feature.
The precise influence of each individual feature upon nearby pixels
in a facial image is critical to the accurate modeling of age progression. Such influence depends on many factors, including the
camera position and parameters corresponding to the image, and
the 3D geometry of the face featured in the image.
As our work is constrained to 2D projective image space by the
practicality of collecting a large number of facial images, most of
which are family photographs taken over several decades, it is not
feasible for obtaining a projection matrix for each image (as in view
morphing [Seitz and Dyer 1996]), or a 3D surface or volume (as in
[Vlasic et al. 2005; Lerios et al. 1995]). We thereby developed a
new morphing algorithm that facilitates non-uniformly influence of
each control feature, which provides a generic means to encode the
combined effect of various factors that determine the distribution of
an influence function.
Let {C1 ,C2 , . . . ,Cu } be a set of points each defines a control feature, and {D1 , D2 , . . . , Du } be the corresponding displacement of
each control points. A traditional approach to the specification of
the forward mapping of a point p in E2 under the combined influence of all control points is:
n

p0 = p + ∑ ωi ΘRBF (p,Ci )Di ,
i=1

n

∑ ωi = 1,

i=1

ωi ≥ 0,

where ωi indicates the weight of each control point, and ΘRBF is a
radial basis function (RBF), typically defined by a Gaussian function as:


k p −Ci k2
, R > 0.
ΘRBF (p,Ci ) = exp
R2
R is the characteristic radius which affects the smoothness of the
warping. It is common to assign different radii to individual control
points to include additional nonlinear control over the weighting
of each feature. Nevertheless, the influence of each control point
remains uniformly distributed in all directions. In order to facilitate
a non-uniform influence of each control point, we replace ΘRBF
with a non-uniform radial basis function (NURBF), ΘNU RBF , by
using a Catmull-Rom spline in polar form.
Note that in image warping, we normally use backward mapping
from pixels in a destination image, while the description of forward
mapping is more intuitive. For the forward mapping functions given
in this section, it is relatively trivial to derive the corresponding
backward mapping functions.

6.1

Catmull-Rom Interpolation

For each feature point, Ci , i ∈ [1, u], we define a set of v sub-control
points {ci,1 , ci,2 , . . . , ci,v }, each ci, j = hθi, j , ρi, j i is defined in polar
coordinates relative to Ci . This enables us to replace the uniform R
in ΘRBF with a spline function. As illustrated in Figure 4, we define a closed Catmull-Rom spline [1974] over the sub-control points
sorted by θ . Other spline functions can also be used. However, the
point-on-spline property associated with Catmull-Rom splines provides us a visually instinctive means for inspecting the formation
process of each NURBF to be detailed in 6.2.
Given an arbitrary point p 6= Ci , we first calculate its polar coordinates hθ p , ρ p i relative to Ci , then identify four consecutive
sub-control points, hθi, j , ρi, j i, j = k − 2, k − 1, k, k + 1, such that

(b) hθ , ρ i in Cartesian

(a) a closed Catmull-Rom spline

Figure 4: A example Catmull-Rom spline. (a) Its control points
are specified in polar form. (b) The Catmull-Rom interpolation is
applied to the spline by treating hθ , ρ i as Cartesian coordinates.

θi,k−1 ≤ θ p < θi,k . The radius RCR (p,Ci ) associated with p is
thus the Catmull-Rom interpolation of ρi, j , j = k − 2, k − 1, k, k + 1
[1974]. Thus, the NURBF corresponding to control point Ci is:
ΘNU RBF (p,Ci ) = exp




k p −Ci k2
.
RCR (p,Ci )2

Figure 5 shows a simple example of a NURBF in comparison
with a RBF, demonstrating its flexibility and controllability in defining a non-uniform influence field.

6.2

Evolutionary Construction of NURBFs

Although NURBFs are able to capture the combined effect due to
various factors that affect the influence of individual feature points,
the number of sub-control points involved make it impractical to
specify them manually even for just one facial image. We again
adopted a data-driven approach, and utilized a genetic algorithm to
evolve NURBFs (i.e., their sub-control points) according to a subset
of images selected from the database based on an input image to be
aged.
Given a set of u × v sub-control points associated with u control
points, we constructed a chromosome with 2uv + u genes as:

θ1,1 , ρ1,1 , . . . , θ1,v , ρ1,v ; . . . ; θu,1 , ρu,1 , . . . , θu,v , ρu,v ; ω1 , . . . , ωu .
The chromosome of an NURBF is initialized to the values of an
RBF. All initial polar radii ρi, j , i ∈ [1, u], j ∈ [i, v] are set to some
constant radius R, while the initial polar angles θi, j , j ∈ [1, v] in
each subset are distributed evenly in a 2π period.
Unlike the evolution process in Section 5, the variables in the
chromosome are not expected to be related through a function.
Hence, we use a genetic algorithm to optimize the chromosome
with mutation and crossover. Figure 6 shows an example of evolving a set of 23 NURBFs, each with 6 sub-control points, from
a set of RBFs with the same radius. In this particular case, we
used a known target image of a slightly rotated head to evolve the
NURBFs. The results clearly show that the evolution process is able
to learn from the training image, and generates a set of NURBFs
that capture the 3D nature of the transformation. Normally, when
the target is unknown to the process, we use the same training set
for evolving the morphable aging model as in Section 5.

(a) input

(b) RBF, η = 0, ε = 6.97

(c) NURBF, η = 500, ε = 6.63

(d) NURBF, η = 1000, ε = 5.63

(e) target

Figure 6: Evolving an NURBF warping model for a specific input (a). Starting with a set of uniform RBFs in (b), the model gradually
optimize itself into a set of NURBFs, in (c) and (d), which captures various factors that determine the influence of feature points. There are
noticeable improvement after 1000 generation (η ) with reduced MSE (ε ) against the target (e).

target 1

input

←−−−−−−−−−−
age regression

year = 2

year = 5

target 2

−−−−−−−−−−−−−−−−−−−−−−−−→
age progression

year = 10

year = 15

year = 20

−−−−−−−−−−→
age progression

year = 30

year = 40

Figure 7: Age progression and regression for a given input of a male subject. Images of the two target ages are shown for comparison.
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Algorithm Summary

As described in the two previous sections, facial age progression
is a combination of geometric deformation and texture transformation. Given an input facial image F to be aged, the input age t1 , the
target age t2 and associated metadata, we applying the following
main algorithmic steps to F:
1. Decompose input F into its geometry and texture components
hG, T i with the aid of a global reference geometry GR .
2. Encode hG, T i in relation to the pre-computed global face
model hΦR,g , ΦR,t i, yielding hαR,g , αR,t i as a parametric
representation of F in the global model space.
3. Using hαR,g , αR,t i and other non-imagery input information
to search for a subset of image pairs in the database, F =
{(Fa,1 , Fb1 ), (Fa,2 , Fb2 ), . . . , (Fa,n , Fbn )}.
4. Initialize and evolve a local NURBF-based local warping
model based on F , which will be used for facial warping operations in all subsequent steps.
5. Build two local face models based on the two sets of faces in
F corresponding to t1 and t2 respectively. Encode the input
face as hαF ,g , αF ,t i, as well as all faces in F , in relation to
the corresponding local face model.
6. Compute the local mean face difference h∆GF , ∆T F i, and
build a local aging model hΨF ,g , ΨF ,t i based on F .
7. Evolve hδF ,g , δF ,t i specifically for hαF ,g , αF ,t i using genetic programming.
8. Apply Eq. (1) to the input face hG, T i, yielding a new tuple of

geometry and texture components hG0 , T 0 i.
9. Reconstruct F 0 from hG0 , T 0 i, which represents an aged face
at t2 derived primarily from the set of examples of F .
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Results

In our approach, there is no fundamental difference between age
progression and age regression. Hence, to evaluate the methods
developed in this work, we conducted a series of tests of agetransformation between different ages. Figure 7 shows one of such
tests. In this example, the photo of 10 year old boy was used as the
input, with the two other photos of the same person at year 2 and
year 30 used as targets for evaluation. For each age-transformation,
on average 15 training examples were used. In comparison with
the targets, the results bear good resemblance to the target images,
specially in terms of facial outline, relative positions and sizes of
the main facial features. Together with those without comparative
targets, they show an overall trend of age progression from 2 to 40.
In general, the quality of each transformation reflects the quality of
the corresponding training set.
Figure 8 shows another example with a female subject. On the
whole, the transformation of facial features is apparent, though the
overall impression of age progression is not as obvious as Figure 7.
In our tests, this shortcoming is common with most female subjects.
We identified that the main reason is due to the more noticeable
changes of hairstyle in this gender group. As long as one uses a
training set involving a reasonably large number of individuals, the
average hairstyle, as shown in Figure 8, often dilutes the overall im-

target 1

input

←−−−−−−−−−−
age regression

year = 5

year = 10

target 2

−−−−−−−−−−−−−−−−−−−−−−−−→
age progression

year = 15

year = 20

year = 30

−−−−−−−−−−→
age progression

year = 40

year = 50

Figure 8: Age progression and regression for a given input of a female subject. Images of the two target ages are shown for comparison.

(a) input

(b) subset 1 and output 1

(c) subset 2 and output 2

(d) subset 3 and output 3

(e) target

Figure 9: Using three different subsets of training examples, we obtain three different ‘de-aged’ hairstyles for a female subject.
pression of the transformed facial features. Because hairstyle plays
a significant part in human perception of faces, especially female
faces, it is useful to take this issue into account during the initial
search for the training set. One approach is to obtain several training sets, each contains individuals with relatively similar hairstyles
in addition to other search criteria. Figure 9 shows the use of three
different training set to derive three different optional results.
The performance of the overall algorithm depends mainly on the
number of generations in the evolutionary computation. Typically,
each generation takes about 29 seconds and 500 generations (about
4 hours) can normally yield some satisfactory results. The larger
the training set, the more generations may be required for the evolution process to converge. In comparison with the semi-automatic
approach available currently, which typically takes a few days work
of a skilled forensic artist, this is a significant improvement in terms
of time and resource requirements.
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Conclusions and Future Work

We have presented a data-driven framework for visual modeling
and simulating age progression (and regression). To overcome the
difficulty in formulating effective global models for face modeling, age-transformation and image warping, we built local models
from examples selected based on the input image and metadata,
addressing the inevitable diversity of age progression patterns in
terms of gender, ethnic origin, age groups as well as the lifestyle
and health of individuals. Using PCA, we formulated a full solution in eigenspace in the form of morphable face and aging models.
In order to realize this full solution, we employed genetic program-

ming to evolve a mapping from an encode face to an encoded agetransformation by learning from example mappings in the selected
subset. It is the first time that age-transformation was realized by
using PCA and evolutionary computing. To compensate for the
lack of 3D information about faces in a large database of facial
images, we developed a new image warping algorithm based on
NURBFs. Again evolutionary computing was successfully used to
evolve a person-specific warping model automatically. Our results
demonstrated that this approach is practically feasible as it does not
require historical 3D data of individuals, conceptually close to the
knowledge-based approach by human forensic artists, and technically effective through the use of PCA and NURBFs.
We believe that it is beneficial, even just for scientific research
on aging, to establish a substantial database provided that it is in
compliance with appropriate legislation and regulations. With such
a database, it may be possible to gain a quantitative understanding of the relationship between some major characteristics of agetransformation and the major visual features of human faces, as well
as the relationship between age-transformation and various clusters
of metadata. Such quantitative understanding could in return serve
applications such as computer animation and virtual environments.
Acknowledgment. Most image sets used in this work were provided by the FG-Net consortium [FG-NET consortium 2005]. Authors are also grateful to many friends who have given us the permission to use their family photos.
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(a) RBF warping, R=100
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Figure 5: A testing checkerboard image is warped by displacing a
single control point vertically. (a) Image warping using a uniform
radial basis function and (b) the corresponding 3D plot of the Gaussian influence field. (c) Image warping with a non-uniform radial
basis function, which is defined by six sub-control points and (d)
the corresponding influence field.
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