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Abstract. Age-separated facial images usually have significant changes
in both shape and texture. Although many face recognition algorithms
have been proposed in the last two decades, the problem of recogniz-
ing facial images across aging remains an open problem. In this paper,
we propose a relative craniofacial growth model which is based on the
science of craniofacial anthropometry. Compared to the traditional cran-
iofacial growth model, the proposed method introduces a set of linear
equations on the relative growth parameters which can be easily applied
for facial image verification across aging. We then integrate the relative
growth model with the Grassmann manifold and the SVM classifier. We
also demonstrate how knowing the age could improve shape-based face
recognition algorithms. Experiments show that the proposed method is
able to mitigate the variations caused by the aging progress and thus
effectively improve the performance of open-set face verification across
aging.

1 Introduction

Face recognition has a wide range of applications. But face verification on age-
separated facial images is challenging since usually there are significant changes
in shapes and textures of a face as one ages. In the past decades many face
recognition algorithms have been proposed[1], however the problem of recogniz-
ing facial images across aging remains an open problem.

1.1 Related Work on Face Recognition across Aging

In the past few years several algorithms have been proposed for the facial aging
problem [2]. Ramanathan, et al, [3] proposed a Bayesian classifier which was
based on a probabilistic eigenspaces framework. A facial growth model for the
age progression in young face images was proposed in [4]. The parameters in
the model were solved by a set of non-linear equations and appearance features
were extracted from the facial images predicted by the growth model at different
ages. This was validated on a dataset consisting of a small subset of the FGNET
database [5] and privately collected data. Singh, et al, [6] proposed an age trans-
formation algorithm in polar coordinates and adopted a Gabor feature-based
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face recognition algorithm on the transformed images. A 3D shape and texture
prediction model was proposed by Park, et al, [7] to account for variations in
face images due to age separation. They adopted a commercial face recognition
software and observed that the aging prediction model could improve the perfor-
mance of face recognition algorithms in close-set face identification experiments.
Ling, et al, [8] extracted gradient orientation pyramid features from the intensity
images and adopted an SVM classifier to verify the identity of the images. Ma-
halingam, et al, [9] proposed a graph matching based algorithm for age-invariant
face recognition using features extracted from image patches. Li, et al, [10] pro-
posed a discriminative model for age-invariant face recognition using SIFT and
multiple scale LBP features. The effectiveness of their method was demonstrated
through close-set face identification experiments.

1.2 Shape Analysis

Both the facial shapes and textures of facial images contain the identity infor-
mation. Significant work has been done towards extracting texture features from
faces, and now facial shapes play an important role in face recognition. Facial
shape variations due to aging are often manifested as subtle drifts in facial fea-
tures and progressive variations in the shape of facial contours. Although facial
shape could be affected by many factors, such as expression and pose, it still
conveys much information about the identity of the subject.

Many researchers have shown the effectiveness of performing recognition using
shape information only. Procrustes analysis [11] which is a classical method of
measuring the distance between two shapes under translation, scale and rotation
variances in 2D has been widely used in shape analysis. Shi, et al, [12] proposed
an improved Procrustes distance measure and showed the effectiveness of using
only the configuration of the landmarks for face recognition. Biswas, et al, [13]
proposed a metric that measures the drifts of landmarks on age-separated facial
images. Turaga, et al, [14] used statistical analysis on Stiefel and Grassmann
manifolds to measure the distance between shapes. They showed the effectiveness
of this affine-transform invariant distance in shape recognition problems. Lui
[15] and Hamm [16] also showed that the Grassmann manifold is helpful in
face recognition problems. These methods show that it is possible to design
face recognition algorithms using the configuration of landmarks. Although they
do not consider the possible intrinsic correlation between age-separated facial
shapes, they show the power of facial shapes in face recognition/verification
tasks.

1.3 Facial Landmarks Detection

A typical way of representing facial shapes is by using a configuration of land-
marks in 2D. There has been many advances in facial landmarks extraction in
recent years.

Milborrow and Nicolls [17] proposed an STASM algorithm which extends and
improves the performance of the active shape model (ASM) method. The ASM
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method was then also improved by Seshadri, et al, [18] using a new metric def-
inition. Nam, et al. [19], proposed a method based on Bayesian discrimination
for extracting landmarks from frontal facial images. Tong, et al, [20] proposed
a semi-supervised landmark extraction method using a learned shape model to
effectively extract landmarks on nearly frontal face images. Segundo, et al. [21],
extracted facial landmarks by combining the relief curves from depth informa-
tion and surface curvature analysis. Zhao, et al. [22], showed that facial shapes
could be reliably extracted using a set of discontinuous Haar-like feature and
the traditional Haar feature combined with a Real Adaboost classifier. A robust
automatic facial landmark detection method was proposed by Efraty, et al. [23].
Their method achieved invariance to pose and illumination with adaptive multi-
scale descriptors and boosted classifiers. Multi-resolution features was also used
by Rapp, et al. [24]. They adopted multiple kernel learning SVMs and showed
that facial landmarks can be effectively extracted with different expressions. Fa-
cial landmarks can be located even when a small proportion of the facial region
is occluded using a sparse optimization algorithm [25].

1.4 Age Estimation

The age prediction model usually needs the age information of the images which
are used as references and the target age at which prediction is desired. Such
age information could either be obtained from the collected metadata or from
age estimation algorithms.

There have been many advances in age estimation in recent years which
achieved reasonable accuracy for estimating the age from facial images [26].
An aging function based on a parametric model was proposed by Lanitis et al.
[27] for human faces, and used for automatic age progression, age estimation
and close-set face identification experiments. Fu et al. [28] combined multiple
dimensionality reduction methods with age regression. Guo et. al. [29] proposed
a robust regression and showed that local adjustments could improve the per-
formance of age estimation. Turaga et. al. [30] proposed a Grassmann manifold-
based age estimation method using facial shapes.

1.5 Contributions

Based on recent advances in facial shape detection and age estimation, we pro-
pose a relative craniofacial growth model which is derived from the science of
craniofacial anthropometry. Compared to the traditional craniofacial growth
model, the proposed method introduces a set of linear equations on the rela-
tive growth parameters which can be easily employed for face verification. Given
a pair of faces and their corresponding ages, the first face is warped to have the
age of the second face using the relative growth model, thus mitigating the effects
of age variation. We then adopt the Grassmann manifold and the SVM classi-
fier for face recognition across aging and present experimental evidence that the
proposed model is effective for improving open-set face verification across aging
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with only shapes. The proposed model demonstrates a way in which the age
information could help improve shape-based face recognition algorithms.

The rest of the paper is organized as follows. In section 2, we describe the
features of the relative growth model. In section 3, we discuss the face verifica-
tion on a pair of shapes using the Grassmann manifold and an SVM classifier.
Experimental results on face verification across aging are shown in section 4.
Conclusions are presented in section 5.

2 Facial Growth Model

2.1 Classical Craniofacial Growth Model

We first give a brief introduction to the craniofacial growth model, which was
proposed by Todd, et al, [31], and has been used in modeling age progression by
Ramanathan, et al, [4]. The relative craniofacial growth model, which is derived
from this traditional growth model, is discussed below.

The craniofacial growth model is illustrated in Fig. 1(a). For a given facial
shape, the craniofacial growth model assumes that there is a growth origin and
each landmark will grow along the radial direction from the growth origin with a

growth rate. Let the angular coordinates of a landmark at age t0 be (R
(t0)
i , θ

(t0)
i )

and the coordinates of the landmark age t1 be (R
(t1)
i , θ

(t1)
i ), (t1 > t0), then the

traditional growth model can be expressed as follows: [4]

R
(t1)
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(t0)
i + k
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i (R

(t0)
i +R
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i cos(θ
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where k
(t0,t1)
i is the growth parameter from age t0 to age t1 for the ith landmark.

The growth parameters are learned by solving a set of non-linear equations [4].

Since the angle θ
(t)
i for the ith landmark does not change across time, we denote

it as θi.
Let the growth origin Og be the origin of the coordinate system. Denote the

the Cartesian coordinates of the ith landmark in the facial shape at age t by

(x
(t)
i , y

(t)
i ). Then we have:

x
(t)
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i cos(θi) (3)

y
(t)
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(t)
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Substituting Eqn. 4 to Eqn. 2, the craniofacial growth model from age t0 to age
t1 can be expressed in the Cartesian coordinate system as:

x
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i (1 + cos θi)]x
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(a) (b)

Fig. 1. (a) Illustration of the craniofacial growth model. The origin of the coordinate
system is the origin of growth. (b) Illustration of the relative craniofacial growth model.
The origin of the coordinate system is the center between two eyes. The center of the
left and right eyes are aligned to (0, 1) and (0, 1).

Assuming bilateral symmetry of faces [4], the growth origin should be located
on the axis of bilateral symmetry; then we have ytle + ytre = 0 and Rle = Rre,
where the subscripts le and re refer to the landmarks at the centers of the left
eye and the right eye respectively.

2.2 Relative Craniofacial Growth Model

The craniofacial growth model [31], which was based on the science of face an-
thropometry, has an implicit assumption that all the facial shapes are in the
same scale. This prerequisite is also true when the growth model is applied to
simulating the aging progress [4] using a single facial image. The scale of that sin-
gle image is actually used as an absolute reference for synthesizing appearances
at different ages.

For face verification problems, this condition usually does not hold because
face images can be easily enlarged. The shapes extracted from face images lose
their absolute scales. This raises two problems in applying the growth model in
a real scenario:

1) the growth parameters from age t1 to age t2 are not easy to learn from
facial shapes extracted from the training data at these ages;

2) given two facial shapes S1 and S2 at different ages t1 and t2, S1 must be
normalized to the same scale at which the growth parameters are learned before
synthesizing the new shape of S1 at age t2.

Since the absolute scale information is lost in the facial images, a relative scale
has to be adopted to normalize the facial shapes. The distance between the
centers of two eyes is usually not affected by expressions and thus is relatively
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stable. Hence we used this distance as the reference scale. Specifically, we align
the center of the left eye to (0,−1) and the center of right eye to (0, 1), and
set the coordinate system of the relative craniofacial growth model as shown

in Figure 1(b). Let S′ =

[
u′(t)

1 · · · u′(t)
N

v′(t)1 · · · v′(t)N

]T

and S =

[
u
(t)
1 · · · u(t)

N

v
(t)
1 · · · v(t)N

]T

denote the

coordinates of the N landmarks detected from a facial image at age t and in
the coordinate system of the proposed model (Fig. 1(b)), respectively. Then the
alignment can be achieved as: S = [S′,1]A, where 1 is an N × 1 vector with all
elements equal to 1, and the 3 × 2 similarity transform matrix A can be easily
solved from: [

ule
′(t) vle

′(t) 1
ure

′(t) vre′(t) 1

]
A =

[
0 −1
0 1

]
(7)

In the traditional growth model, the half distance d
(t)
e between the eye centers

at age t is given by:
d(t)e = R(t)

re sin θre (8)

So the transformation between the traditional growth model and the proposed
model is given by:

u
(t)
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(t)
i −R(t)

re cos θre)/d
(t)
e (9)

v
(t)
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(t)
i /d(t)e (10)

Substituting Eqn. 4 and let γi =
cos θi
sin θi

, then we have a set of linear equations
about γi:

u
(t)
i = γiv

(t)
i − γre, 1 ≤ i ≤ N (11)

And the coordinates of the growth origin Og in the proposed model are given
by (−γre, 0). Note that γi is the cotangent value of θi and thus does not change
across time.

Substituting the traditional growth model into Eqn. 11, we have:

u
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where k
(t0,t1)
i and k

(t0,t1)
re are the growth parameters of the ith landmark and the

left eye respectively. We call this model as relative craniofacial growth model
since for each facial shape, the scale at each age is relative to the distance
between the eyes at that age.

Let

β
(t0,t1)
i =

1 + k
(t0,t1)
i (1 + cos θi)

1 + k
(t0,t1)
re (1 + cos θre)

(14)
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Then Eqn. 13 can be simplified to a set of linear equations of β
(t0,t1)
i as:

u
(t1)
i = β

(t0,t1)
i (u

(t0)
i + γre)− γre (15)

v
(t1)
i = β

(t0,t1)
i v

(t0)
i (16)

The set of linear equations Eqns. 11, 15 and 16 represent the relative craniofacial

growth model and we call β
(t0,t1)
i as the relative growth parameters of the ith

landmark starting at age t0 and ending at age t1.

2.3 Learning the Relative Growth Parameters

As the relative craniofacial growth model is described using a set of linear equa-
tions, the parameters can be easily learned from a set of training facial shapes
and their corresponding ages.

The parameters γi, 1 ≤ i ≤ N do not change across time for the same person.
A set of γi can be solved for each subject from Eqn. 11 and then personalized
relative growth parameters can be learned by solving Eqns. 15 and 16 given
the shapes at different ages of the same person. However, for face verification
experiments, the training set does not contain any subject that appears in the
testing set. So the personalized growth parameters cannot be used for testing.
Thus a general relative growth model is learned using all the training data in
our experiments.

A training set containing Q shapes yields a set of QN linear equations for γi,
1 ≤ i ≤ N using Eqn. 11 so that γre can be easily solved. For the relative growth

parameters β
(t0,t1)
i , 1 ≤ i ≤ N , we select all the training shapes at age t0 or

t1. Each pair of shapes of the same subject at these two ages yield a set of two

linear equations for β
(t0,t1)
i based on Eqns. 15 and 16. Then M pairs of shapes

from ages t0 and t1 yield a set of 2MN linear equations for all the N relative

growth parameters β
(t0,t1)
i . Hence the relative growth parameters can be simply

solved using the minimum least square method.
An example of the growth progress of a shape at age 8 and grown to each

age between 9 to 18 using trained relative growth models is shown in Fig. 2.
It shows that the contour of the face, and the shapes of nose and mouth have
more changes during the aging process, but the region around eyes are relatively
stable.

3 Shape Analysis

After a pair of facial shapes is warped to the same age, the difference between
them can be measured by various shape analysis methods and then appropriate
pattern recognition methods can be invoked for verifying their identifications.
The Grassmann manifold has been shown to be effective for shape recognition
[14] in general and face recognition [16,15]. Hence we adopted the Grassmann
manifold to describe the difference between a pair of shapes that is warped to
the same age and then verify their identities using a two-class SVM classifier.
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Fig. 2. The growth process of a facial shape from age 8 to each age between 9 to 18
using trained relative growth models, best viewed in color.

3.1 Grassmann Manifold

A Grassmann manifold Gn,k is a space of k dimensional linear subspaces in R
n.

Each point on the Grassmann manifold represents a linear space, and can be
represented by a n× k orthogonal matrices [32]. The facial shapes S lie on GN,2

since they can be represented using N × 2 matrices. For two facial shapes S1

and S2, if span(S1) = span(S2), then they are mapped to the same point on the
Grassmann manifold.

We use an extrinsic description [33] to measure the difference between a pair
of shapes in our experiments. Let Yi be the orthonomral basis for the subspace
spanned by shape Si which can be obtained using SVD: svd(Si) = UiΣiVi,
i ∈ {1, 2}. So Yi is a representation of a point on the Grassmann manifold. Then
an n× n idempotent projection matrix Pi with rank d is assigned to each point
on the Grassmann manifold such that Pi = YiY

T
i . For a pair of shapes S1 and

S2 which represented by projectors P1 and P2, the geodesic between them on
the Grassmann manifold has the form: [33]

P2 = exp(tX)P1exp(−tX) (17)

where the matrix X can be solved by the eigen-decomposition of matrix B =
P1 − P2. Since both shapes are warped to the same age, the n × n matrix B
fully depicts the geodesic, i.e. the difference, between the two shapes without
the interference of different ages.

3.2 Shape Verification

Given a pair of shapes, the goal of face verification is to identify if they are from
the same person or from different people, which is a two-class pattern recognition
problem. Thus, we adopt the SVM classifier [34] and use the matrix B as the
feature vector to decide if a pair of shapes belong to the same person.
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(a) (b)

Fig. 3. Examples of the images and landmarks (labeled as red) at different ages of the
same subject in the FG-NET database. (a) An image and the facial shape at age 8;
(b) An image and the facial shape at age 18.

4 Experiment Results

4.1 Database Characteristics

The FG-NET database [5] is a publicly available database and has been widely
used for evaluating face verification algorithms across aging. It has facial images
collected at ages in the range of 0 to 69. We use the FG-NET database in our
experiments since it is by far the largest database that covers such a wide age
range and provides annotated facial landmarks as well as the age information of
each image. In this database, there are 1002 images of 82 subjects. The distribu-
tion of the number of images and subjects is summarized in Table 1. About 64%
of the images are from the children (with ages < 18), and around 36% of the
images are from the adults (with ages ≥ 18). For each facial image there are 68
hand labeled landmarks representing the facial shape. Examples of the images
and the corresponding facial shapes in the database are shown in Fig. 3.

Table 1. The distribution of the number of images and subjects in different ages range

Age Range 0-5 6-10 11-15 16-20 21-30 31-40 41-50 51-60 61-70

# of Images 233 178 164 155 143 69 39 14 7

# of Subjects 75 70 71 68 84 35 22 8 4

4.2 Verification Experiments

In order to compare with the state-of-art face verification methods across aging,
we follow the protocol suggested in [8] which divides the FGNET dataset into
three subsets:

1. FGnet-8 consists of all the data collected at ages between 0 and 8. It includes
290 facial images from 74 subjects, among which 580 intra-person pairs and
6000 inter-person pairs are randomly generated for verification.
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2. FGnet-18 consists of all the data collected at ages between 8 and 18. It
includes 311 facial images from 79 subjects, among which 577 intra-person
pairs and 6000 inter-person pairs are randomly generated for verification.

3. FGnet-adult consists of all the data collected at ages 18 or above and roughly
frontal. It includes 272 images from 62 subjects, among which 665 intra-
personal pairs and about 6000 intra-personal pairs are randomly generated
for verification.

Three-fold cross validations are conducted on all the subsets such that there is
no overlap between the subjects in the training and testing sets.

For the FGnet-8 subset, 72 relative growth models that start at ages between
0 and 8 and end at all other possible ages are learned from the training data.
Similarly, 110 models are learned using the FGnet-18 subset for all possible
starting and ending ages. The facial aging progress is much slower for adults
and thus the facial shapes are relatively stable. We group the adult data into 7
groups based on the ages: age from 18 to 20, from 21 to 30, from 31 to 40, from
41 to 50, from 51 to 60, and from 61 to 69. The facial shapes in the same group
are treated as having the same age. Forty-two relative growth models that start
at one of the groups and end at other groups are learned.

We compare the performance of our method with the method based on the
Grassmann shape analysis without using the relative growth model, the classical
Procrustes shape analysis method [11] which is a baseline performance on shape
analysis, and the GOP method [8] which is a state-of-art method using the
texture features. The correct rejection rate - correct acceptance rate (CRR-
CAR) curves on each subset are shown in Fig. 4(a), Fig. 4(b), and Fig. 4(c),
respectively. The equal error rates (ERR) are shown in Fig. 4(d).

The results show that for children, the proposed method outperforms all the
other methods on both subsets on children. The results are also consistent with
the observation reported in [8] that face recognition is extremely hard for small
children younger than 8 years old. For adults, the proposed method has com-
parable performance with the state-of-art texture based method. The proposed
algorithm has slightly better results with the Grassmann manifold method which
does not predict the facial shapes at different ages. This is mainly because the
aging progress is relatively slow and subtle for adults. This also means that the
proposed method does not have any negative effect on the performance of face
verification when the aging progress is subtle.

Note that the proposed method has similar performance on both the FGnet-
adult and the FGnet-18 subsets. However the performance of the manifold
method without using the growth model has a significant difference on these two
sets. This suggests that the relative growth model captures the aging progress
and predicts new facial shapes successfully for the teenagers and thus signifi-
cantly improves the face recognition performance for this group.

4.3 Effect of the Age Gap

Age gap is one of the major factors that affects the performance of modern face
recognition algorithms. The main goal of the proposed method is to capture the
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Fig. 4. The CRR-CAR curves and equal error rates (EER) of the three-fold validation
experiments on the FG-NET database, best viewed in color.

aging progress in age-separated image pairs and eliminate the effects of aging.
Hence we empirically study the influence of age gaps on the proposed method
using a FGnet-children subset which consists of 676 facial images with ages less
than or equal to 18 years old from 80 subjects. We generated 3034 intra-person
pairs and 6000 inter-person pairs. This subset is challenging since the aging
progress in children is much more rapid than in adults. However, a method
would be more applicable in practice if its performance is stable with large age
gaps.

We group the three-fold cross verification results by the age gaps into the
testing image pairs into 5 classes : 2 to 3 years, 4 to 5 years, 6 to 7 years, 8 to
9 years and 10 to 11 years. The EER of each method is calculated in each of
the group. The EERs of the proposed method, the manifold method, and the
Procrustes analysis is shown in Fig. 5(a).

The results show that the performance of the proposed relative growth model
method is relatively stable across different aging gaps; while the EERs of the
other methods increase as the aging gap increases. The results also show that the
proposed method is able to capture and remove the intrinsic aging progress over
facial shapes and thus improve the performance on age-separated facial image
pairs.
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Fig. 5. (a) Equal error rates under different age gaps. (b) Equal error rate of the
proposed method with inaccurate age information on children and adult subsets.

4.4 Robustness against Inaccurate Age Information

The proposed method relies on the ages of input facial images in order to pre-
dict the new facial shapes. The ages can be either provided from the collected
metadata or from age estimation algorithms, such as in [30]. Often, the age
information is not accurate and the robustness of the proposed method to in-
accurate age information is important. Since the growth progress is much faster
for children and relatively slow for adults, we test our method on the FGnet-
children and the FGnet-adult sets. The same three-fold cross validation protocol
discussed in the previous sections is adopted in the experiments and a random
noise is added to the age information of the testing images. The EERs of the
proposed method on these two datasets against the mean absolute error (MAE)
of the noise added on the age information are shown in Fig. 5(b).

The results show that in general the proposed method is affected slightly by
the error in age estimation. When the MAE of age is 5 years, the EERs of the
proposed method is consistently low at about 23% for the adults and increases
about 4% for children. The proposed method is more stable on the FG-adult
than the FGnet-children set, which is consistent with the fact that children’s
faces changes rapidly while the facial shapes are relatively stable on adults. Thus
the relative growth model is not sensitive to the accuracy of age information,
especially for adults.

5 Conclusion

In this paper we proposed a relative craniofacal growth model which yields a
set of linear equations and thus can be easily applied for open-set facial im-
age verification tasks. Combined with Grassmann manifold shape analysis, the
proposed method can improve the face recognition performance, especially on
the children group. The proposed method also achieves comparable performance
with the state-of-art texture-based method on the adult data set. Although the
proposed method needs age information to predict the new shapes, it is not
sensitive to errors in the ages of the images.
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This work suggests a way in which age could be used to help improve the
face recognition algorithms. Since the proposed method is effective with shape
features, it can be used as a stand-alone classifier, and fused with other face
recognition methods.
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