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ABSTRACT approaches such as these have mostly found use in synthesis appli-
cations such as age progression and regression, where it is important
Understanding and modeling of aging in human faces is an importang synthesize realistic younger or older looking faces.
problem in many real-world applications such as biometrics, authen-  |n this paper, we consider the problem of ‘age-estimation’. Sev-
tication and synthesis. In this paper, we consider the role of geomegral regression-based methods have been proposed to estimate the
ric attributes of faces, as described by a set of landmark points ofige of a face from images. Lanitis et al. [7] constructed an ag-
the face, in the perception of age. Towards this end, we show thatg function based on a parametric model for human faces and per-
the space of landmarks can be interpreted as a Grassmann manifolgkmed automatic age progression, age estimation, face recognition
Then the problem of age estimation is posed as a problem of funexcross aging. Fu et al. [8] combined dimensionality reduction meth-
tion estimation on the manifold. The warping of an average fac&ds such as PCA, LLE, LPP, OLPP etc with regression. Guo et. al.
to a given face is quantified as a velocity vector that transforms theg] proposed robust regression followed by local adjustments fer ag
average to a given face along a smooth geodesic in unit-time. Thigstimation and showed that local adjustments improve performance.
deformation is then shown to contain important information aboutall these approaches mainly differ in the features used and variations
the age of the face. We show in experiments that exploiting geometn the choice of regression methods. However, the relative roles of
ric cues in a principled manner provides comparable performancgeometry and texture have not been studied in detail.
to several systems that utilize both geometric and textural cues. We |n this paper, we show that a principled approach to model fa-
show results on age estimation using the standard FG-Net datasghl geometry can play a significant role in modeling facial aging.
and a passport dataset which illustrate the effectiveness of the agpecifically, we show how to characterize the ‘space’ of these facial
proach. landmarks. We demonstrate that even without relying on texture,
the results are comparable to several complex and optimized state-
of-the-art systems, and even outperform many of them. Thus, this
can form the basis of a more principled approach to facial geometric
modeling that can be optimized to reach even higher performance
1. INTRODUCTION levels in several applications.
Organization of Paper: In section 2, we discuss an affine-
The modeling of the appearance of human faces is an importaffivariant approach to modeling facial geometry as a Grassmann
component in several applications such as biometrics, animatiofanifold. In section 3, we review in brief the differential geometl_nc
and picture annotation. Aging is a source of variation which had00ls needed to study the aging problem on the Grassmann manifold.
only recently been gaining attention. Understanding the appearand@ Section 4 we present experiments, and conclusions are given in
variations induced by aging is important for applications where thes€ction 5.
claimed identity and the enrolled face may show a large difference
in apparent age. Studies in neuroscience have shown that facial ge- 2. MODELING THE GEOMETRY OF THE FACE
ometry is a strong factor that influences age perception [1]. In [1],
it is shown that shape-averaged faces are perceived to be younggr this paper, we are interested in the 2D geometry of facial land-
Further, the ‘distance’ from the average is a strong indicator of thenarks. The shape observed in animage of a face is a perspective pro
apparent age of the person. The regions where a given face shoyegtion of the 3D locations of the landmarks. Standard approaches
a large difference in shape from a shape-averaged face whearfurthto describe shapes involve extracting features such as shape context
exaggerated, results in a caricature [2]. Young faces exhibit distingtL0] etc. These approaches extract coarse features which poneks
growth-related anthropometric trends. Anthropometric variations ino the average properties of the shape. These approaches are par-
adults are distinctive to a lesser degree than in children, but neverthéeularly useful when landmarks on shapes cannot be reliably lo-
less they do exhibit drifts in facial features surrounding the mouthcated across different images or do not necessarily correspond to
eyebrows etc [3]. This is illustrated in figure 1 where distinct geo-physically meaningful parts of the object. However, in the case
metric changes can be observed as a person ages. of faces, there exist physically meaningful locations such as eyes,
By facial geometry we refer to the location of 2D facial land- mouth, nose etc which can be reliably located on most faces [11].
marks on images. Several models have been proposed that expldihis suggests the use of a representation that exploits the entire in-
geometric variations with age. Examples include the works of [4, 5formation offered by the location of landmarks instead of relying
who proposed various physics based models to explain craniofaciah coarse features. There exist several automatic methods to locate
growth. More recently, Narayanan and Chellappa [6] applied thestacial landmarks which work well on constrained images such as
models in conjunction with anthropometric data to identify differ- passport photos (c. f. [12] ). Itis in constrained scenarios such as
ent growth parameters for different parts of the face. Physicsebas these that the methods proposed here are applicable.

Index Terms— Face Geometry, Age Estimation, Grassmann
manifold, Regression



(a) Age 2 (b) Age 10 (c) Age 14 (d) Age 18 (e) Age 29 (f) Age 43
Fig. 1. Facial geometric variation across ages. Samples shown correfspimaividual 2 from the FG-net dataset.

The drawback of using the locations of landmarks is that they aren the manifold are projected onto the tangent plane at a mean-point
sensitive to transformations such as affine transforms, view changesd standard vector-space methods are applied on the tangent plane,
etc. In order to account for this, shape theory studies the equivalemthich is a Euclidean vector space.
class of all configurations that can be obtained by a specific trans-
formation (e.g. linear, affine, projective) from a given base shApe
shape is represented by a set of landmark points, givenrhyxa2 3. GEOMETRY OF THE GRASSMANN MANIFOLD
matrix L = [(z1,y1); (22, y2); - - - ; (Tm, ym)], Of the set ofn land- ) ) )
marks of the centered shape. Téteape spacef this base shape is 1he Grassmann manifol@y, ., can be viewed as a quotient group
the set of equivalent configurations that are obtained by transformingf the orthogonal grougO(m). An in depth treatment of this sub-
the base shape by an appropriate spatial transformation. For exaf§ct can be found in [14]. Briefly, geodesic paths 80(m) are

ple, the set of all affine transformations forms ffine shape space 9iven by one-parameter exponential flows— exp(¢B), where
of that base shape. B € R™*™ is a skew-symmetric matrix. The quotient geome-

try of the Grassmann manifold implies that geodesic&i,, are

The affine shape spacfl3] is very important because small ": '
pe spacgis] y Imp djven by one-parameter exponential flotvs~ exp(tB) where B

changes in camera location or change in the pose of the subje T

can be approximated well as affine transformations on the origihas a more specific structure given By= ( 0 A ),where

nal base shape. The affine transforms of the shape can be derived -4 0

from the base shape simply by multiplying the shape matrby A € R(M=F*k " The matrix A parameterizes the direction and

a 2 x 2 full rank matrix on the right. For example, let be a  speed of geodesic flow. Given a point on the Grassmann mani-

! , . a1 a1 fold Sy represented by orthonormal basig and a direction matrix

2x2 affine transformation matrix i.eA = { az  azo } Then, 4, the one-parameter geodesic path emanating piin direction

all affine transforms of the base shapg... can be expressed as B is given byY (1) = Q exp(¢B) J, where,Q € SO(m) and

Lajfine(A) = Lyase * AT. Note that, multiplication by a full- Q" Yo = J andJ = [Ii; 0n—r,].

rank matrix on the right preserves the column-space of the matrix ~ Given an ‘average-face’ or a shape-normalized face, we would

Lyase. Thus, the 2D subspace &™ spanned by the columns of like to quantify the deformation that can warp the average to any

the matrix Lyqse is anaffine-invariantrepresentation of the shape. given face. We can conveniently model these deformations via

i.e. span(Lpqs.) is invariant to affine transforms of the shape. Sub-geodesics on the Grassmann manifold. To represent the average

spaces such as these can be identified as points on a Grassmann niage, we may either choose a generic face as the average, or more

ifold. We now define the Grassmann manifold. generally compute it from a database of faces. In this case, we
The Grassmann manifold; ,,, is the space whose points dre need to compute a mean point from a collection _of points on the

planesor k-dimensional hyperplanes (containing the originRift Grassmann rpann‘old. The can be done by computing the ‘Karcher’

[14]. To eachk-planer in R™, we can associate an x k orthonor- ~ Mean [16]. Given a set of subspade }, the mean subspace is one

mal matrixY" such that the columns af form an orthonormal ba- that minimizes

sis for the plane. However, since the choice of basis is not unique,

n

: 2
we need to define an equivalence class of orthonormal basis vectors H= &l Z d'(5:, 5), @
which span the same subspace. Hence, to kgabnev in Gy, iS o=t
associated an equivalence classok k matricesY R in R™*¥, for whered(S;, S) is the geodesic length between the points. This
R € SO(k), whereY is an orthonormal basis for theplane. problem has a unique solution if the poirfis are clustered close

The tall-thin Procrustes representation is most widely used dut®gether on the manifold. This is a reasonable assumption in our
to its computational efficiency as in [15]. In the current scenario C@Se Since all faces share some global similarities. However, there
k = 2 andm is the number of facial landmarks. The basic premiselS N0 closed_ form solution to the problem._An iterative algorithm to
of our work is that the perceived age will show a functional de-COMPpute it is as follows. Start with an initial gu_eﬁéf)). Choose
pendence on the geometry of the face. Given several fages an updating parameter € [0, 1], stopping criterion > 0, and
along with their respective ages, the goal is to estimate a function Maximum iterationsVo,..... Then,

y = f(X) that can explain the aging patterns. This can be formu-
lated as a regression problem. Regression problems are mostly stud-
ied in Euclidean vector spaces and there exist a wealth of methods
for robust regression. Regression has been applied to age-estimation 2 - ypdate the mean by moving™® in the direction of4 for
tasks before by assuming that faces, or features extracted fres fac timet = r along the manifold. Let the point thus obtained be
lie in a Euclidean space such as in [7, 8, 9]. However, for geometric denotedy (7).

features considered here, we need to solve the regression problem on

the Grassmann manifold. The Grassmann manifold is not a vector 3. Setu*™) =Y (7) as the new estimate of the mean. Go back
space, thus precluding the use of classical techniques. To solve this  to step 1 and repeat till convergence 'déu(k), /ﬁ’””) <é
problem we use the differential geometry of the manifold. All points or till the maximum iterations are exceeded.

1. Compute the velocity parametds; that take_su(’“> to S; for
eachi. Compute the average velocity matrix= % >, A



Once the average face is computed, we parametrize all faces by
the velocity vector that transforms the average face to a given face
in unit-time. For all these computations, there exist numerically ef-
ficient algorithms and we refer the reader to [17] for details. Here,
we adopt the algorithms proposed in [17]. We shall use these velo
ity parameters as aging signatures. Once these velocity paramet
are computed, we cdtattenthem to a vectorial form. Once this is Passport dataset: In the passport dataset, we performed a
done, we can apply standard Euclidean space regression methodsleave-one-out testing in which the regression algorithms are trained
the velocity parameters. on the entire dataset except one sample on which the testing is done.

The MAE results using various algorithms is summarized in table
4. EXPERIMENTS 1. The SVM and RVM based regression are seen to perform better
than the simpler ridge-regression. We see that the lowest MAE was

We evaluate the strength of the geometric attributes on age-estimatidfhieved by using velocity vectors with RVM regression and it is
tasks on two datasets. The first dataset is the Passport dataset §634 years. Considering that the average age in this datasex is
which contains mostly adult faces. The age distribution of the face¥€ars, the obtained MAE is quite encouraging. Figure 4 shows the
is shown figure 2(a). In this dataset, we usgdfiducial points cumulative score curves as afun_ctlon _of the error-level. We see that
marked manually. The second is the publicly available FG-Nefbout85% of the faces are classified withirs years of the true age.
dataset [18], which contains both adult and young faces. The distri-
bution of ages is shown in figure 2(b). Some sample images from
this dataset are shown in figure 3. For this datasfiducial points
are available with each face. 80F
Given aface and its landmarks, we extract the tall-thin orthonor- 70|
mal representation using SVD. Given the matrix of landmdrks
[(z1,91); (z2,92); - - - ; (Tm, ym)], we compute its rank-2 SVD =
USVT. The affine-invariant Grassmann representatioh &f then
given byY;, = U. Now given several examples; with corre-
sponding agesg;, we want to estimate the aging-functigr= f(Y)

i:;jg. 3. Sample images of the same subject from the FG-Net dataset.
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in a robust manner. Given a training set, we compute the shape- Y/ iXZIiilZe |
normalized facg:. For each face in the training sgt, we compute 10g —&— Vel-RVM
the velocity vectorA; as described in section 3. Then, we estimate 1 s
the aging functiory; = f(A;) using standard regression methods. Error Level

For performing regression using the velocity vectors, we userig. 4. FG-Net data Cumulative scores using velocity parameters
e-SVMs, RVMs, and ridge regression (regularized linear leastwith polynomial kernel.

squares). We use theSVM with ¢ = 0.02, the cost parameter
C = 1000, and regularization parametar= 10"°. For RVMs, o
there are no parameters to tune except the number of iterations ‘ ‘ ‘ ‘ ‘ ‘ ‘ p
for the RVM optimization routine. We set this &0 iterations. gor ‘ ' ‘
For ridge regression, the regularization parametds chosen to
be A = 107% We use the polynomial kernel of degreei.e.
K(A1,As) = (1 + AT A3)?, where A; and A, are the vectorial
forms of the velocity matrices.
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Two metrics have been proposed in literature for quantifying the —=— Vel-RVM [}
performance of age-estimation algorithms. The first criterion mea- sor
sures the mean absolute error (MAE) in age-estimation across the 20
entire dataset. i.eMAE = + Y, [l — I;|, whereN is the size of 10}
the dataset; is the true age of thé" person being tested, ahgdis d i i i i i i i
the assigned age. The second metric is the cumulative match score. o 2 46 8 W 12 1
The cumulative score is defined 655(j) = Ne<;/N x 100%,

Fig. 5. Passport data Cumulative scores using velocity parameters

whereN.<; is the number of test-images on which the absolute ery, i, polynomial kernel.

ror in age-estimation is withig years.

FG-Net dataset:  For the FG-Net dataset, we performed a
leave-one-person-out testing as has recently been suggesteth[19].
this mode, all images corresponding to the same person are used for
testing and the remaining images are used for training. The results of
the proposed framework on the FG-Net dataset is shown in table 2.
The lowest MAE was obtained by using SVM + polynomial kernel
on velocity vectors. MAE in this case wass9 years. The table also
shows a comparison with other recently published methods. The cu-
mulative scores of the proposed methods is shown in figure 4. We
see that more tha®0% of the faces are classified withis years of
() (b) their true age.

Fig. 2. Distribution of ages in (a) Passport, (b) FG-Net dataset The methods compared in table 2 rely on joint structure and tex-
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ture information such as using the entire images, or using Active Ap-[5] J. T. Todd, L. S. Mark, R. E. Shaw, and J. B. Pittenger, “The
pearance models. Inspite of not relying on textural cues, it is worth
noting that accurate characterization of geometry provides better re-

sults in many cases. This however does not downplay the role of[6

texture in age-perception, and the proposed methods may be further
combined with textural features. We see that the proposed approach

is comparable to the state-of-the-art methods and even outperfor

most of them except RUNL1 [20] (MAE 5.78) and LARR [9] (MAE

=5.07). Also, it is worth noting that since geometric variations are

T

more pronounced in children than adults, it might explain why the

age-estimation error in the passport dataset is larger than in the FG-8

Net dataset.

Method Ridge Regres-| SVM RVM
sion
Warping Velocities|| 15.72 9.78 8.84

9]

Table 1. Mean-Absolute Errors using different regression methods

using the warping velocities on the Passport dataset.

Method MAE
Ridge 7.57
Warping Velocities|| SVM 5.89
RVM 6.69
AAS [21] 14.83
WAS [19] 8.06
Ages [19] 6.77
Other Algorithms || Agesiqq [19] 6.22
QM [7] 6.55
MLP [7] 6.98
RUN1 [20] 5.78
LARR [9] 5.07

(10]

(11]

(12]

(13]

Table 2. Comparison of Mean-Absolute Errors using proposed

methods with state-of-the-art on the FG-Net dataset.

5. DISCUSSION AND CONCLUSION

[1
We have shown how accurate characterization of the space of land-

(14]

marks leads to mathematically sound methods for facial geometric
modeling. We have shown the strength of the framework on age-

estimation tasks on two datasets. The proposed methods are com
rable to the best available methods. Thus, this can form the basis

a more principled framework for modeling facial geometry.
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