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Abstract changes in the cranium’s shape during one’s younger years,

they are manifested more in terms of wrinkles and other
Human faces undergo considerable amount of variations skin artifacts during one’s older years. In the following sub-
with aging. While studies have revealed the extent to whichsection, we provide a brief overview of the literature on fa-
factors such as illumination variations, pose variations, fa- cial aging.
cial expression and occlusions affect face recognition, the
role of natural factors such as aging effects in affecting 1.1 Previous work on Age Progression
the same are yet to be studied. How does age progres-
sion affect the similarity between two images of an individ- Pittenger and Shaw [9] characterized the growth of human
ual ? What is the confidence associated with establishingfaces as a viscal-elastic event and proposed shear & strain
the identity between two age separated face images of artransformations to model the changes in the shape of face
individual ? On a database of pairs of passport images, profiles due to growth. They studied the effects of shear and
we study similarity of faces as a function time. We pro- strain transformations on the perceived age. O'Toole et al.
pose a Bayesian age-difference classifier that is built on a[8] applied a standard facial caricaturing algorithm to three
probabilistic eigenspaces framework. Since age separateddimensional models of faces and reported an increase in the
face images invariably differ in illumination and have facial perceived age of faces when facial creases were exaggerated
variations due to aging, we propose a method to overcomeinto wrinkles and a decrease when such creases were de-
non uniform illumination across face images. The problem emphasized.
discussed in this paper has direct applications in passport  Lanitis et al. [4] proposed a method for simulating ag-
renewal and homeland security. ing effects on face images. On a database of age progres-

sive images of individuals each under 30 years of age, they

; used a combined shape-intensity model to represent faces.

1. Introduction They modeled age as a quadratic function of the PCA coef-
Perceiving human faces and modeling the distinctive fea-ficients extracted from the model parameters. They reported
tures of human faces that contribute most towards faceresults on experiments such as estimating the age of an in-
recognition have been some of the challenges faced by redividual from his/her face image; simulating aging effects
searchers in computer vision and psychophysics. Over thedn face images etc. In [3], Lanitis et al. used a similar
years, researchers have studied the role of illumination vari-framework as defined in [4] on a similar data set and evalu-
ations, pose variations, facial expressions, occlusions etcated the performance of three age classifiers : the first was a
in affecting the performance of face recognition systems. quadratic function of the model parameters; the second was
Zhao et al. [16] provide a critical review of still and video based on the distribution of model parameters; and the third

based face recognition systems that have been built over th&vas based on supervised and unsupervised neural networks
years. trained on the model parameters.

While studying the role played by these external factors ~ 1iddeman et al. [11] developed a model for aging face
in affecting face recognition is crucial, it is important to iMmages by transforming facial textures. Face images were
study the role played by natural phenomenon such as fa_r_epresented in terms of 2D shape vectors and pixel intensi-
cial aging in affecting face recognition as well. Aging ef- ti€s. They developed prototype faces by averaging the 2D
fects on human faces manifest in different forms in different Shape vectors and pixel intensities across a set of face im-

ages. While aging effects are manifested more in terms of2g€s under each age group. To age a face image, they super-
imposed the difference in 2D shape vectors and pixel inten-

*This work was partly supported by a fellowship from Apptis, Inc. sities of the prototype faces on to the face image. Further,




they simulated wrinkles in face images by employing lo-
cally weighted wavelet functions at different scales and ori-
entations and thereby enhanced the edge amplitudes. Thei\ &= |

il |

experimental evaluation reported significant increase in the™" = [~ :
years 1 year 6 years

perceived age of subjects.

Wau et.al. [14] came up with a dynamic model to simulate
4 years 2 years 4 years

wrinkles in 3D facial animation and skin aging. They repre-
sented skin deformations as plastic-visco-elastic processe:
and generated permanent wrinkles through a simulation of
inelastic skin deformations. Givens et.al. [2] analyzed the
role of various co-variates such as age, gender, expression,
facial hair etc in affecting recognition and noted that older
faces were easily recognized by three face recognition algo-
rithms.

Figure 1. Age progressed images of individuals

2. Facial Symmetry

1.2 Problem Statement Psychophysical experiments devised by Troje et al. [12]
. . study the role of bilateral symmetry of human faces in face
How does age progression affect facial similarity across arecognition. Zhao et al. [15] assumed bilateral symmetry

pair of_imag_es qf an indiyidual ? Studying the above would ¢ - ~oc and proposed a symmetric Shape from Shading ap-
have direct implications in passport renewal. Passports ”ee%roach for face recognition. On the contrary, Liu et.al [5]

to be re”e;”ed oncr? In every :IL,O years and upon rene\r:valand Martinez [6] used the asymmetries introduced in faces
passports feature the individual's most recent image. Thusy 14 tacial expressions to improve recognition results. Are
given a pair of age separated face images of an individual,p, ;1o taces perfectly symmetric in a bilateral sense ? Fac-
whatis the confidence measure in ver_|fy|ng hisidentity > 515 such as facial hair, scars or skin-blemishes might in-
Our database comprises of 465 pairs (younger and Mosty,qyce minor asymmetries in human faces. But, how criti-
recent) of face images retrieved from the passports of manycy| js the assumption of bilateral symmetry of human faces
|qd|V|du§1Is. Table 1 summarizes the database. The 'nd!'in terms of the performance of face recognition systems ?
viduals in our database ranged from 20 years to 70 years incan we circumvent non-uniform illumination across face
age. Since passport images are taken generally under cofyages by assuming facial symmetry and representing the
trolled environments, the pose of most of the face imagest,cq py just one half of the face that is better illuminated ?

were frontal. But there were quite a few passport images g introduce the notion aPoint Five Faces - the bet-
where we observed an uneven distribution of illumination. o iluminated half of a frontal face extracted assuming bi-

Moreover, age separated face images of an individual in-|tera) symmetry. In the following subsections we evaluate
variably differed in the nature of illumination. Thus to study o significance ofPoint Five Faces from a recognition
the aging effects on face recognition, it would be crucial to g5 mework and from a verification framework. We also de-

reduce variations due to illumination and pose.  fing 3 criterion function that helps in the implementation of
Section Il outlines a method to overcome non-uniformity ¢ ,ch a pre-processing step.

in illumination across face images. In Section Ill, we
present the age-difference classifier and discuss experimen: - . .
tal results derived using the above formulation. Section 2.1 PointFive Faces : Evaluation

IV highlights the interesting results obtained using the pro- The performance of face recognition algorithms across
posed similarity measure between age separated face imnon-yniform illumination can be significantly improved
ages. We draw inferences and propose future direction ofyy incorporatingPointFive faces. To substantiate the
work in Section V. Figure 1 shows some examples of some aforesaid, we perform a recognition experiment on the
age separated face images. PIE dataset [10], with and without the incorporation of
PointFive faces. From [10] we select frontal images of
68 individuals taken unde21 different illumination condi-
tions. Following the same nomenclature as adopted in the
PIE dataset, let {fo2, fo3,-.---, fo2) denote the set of im-
ages under thel different illumination conditions. We per-
form an eigenfaces [13] based face recognition experiment
in a round robin fashion if; comprises the gallery ang
comprises the probe, whe(g j) € (02,03, ...,22),i # j.

Table 1: Database of Passport Images
Age Difference|| 1-2yrs| 3-4yrs| 5-7yrs | 8-9 yrs
No:of pairs 165 104 81 115




PointFive Faces vs Full face's Rank 1 recognition scores (%)

’ Gallery H fo2 \ fo3 Joa Jos J1o \ J13 fi5 \ J16 Ja2

foz2 - 100{97} | 93{60} 38{29} 41{26} 29{4} 38{3} 35{3} 32{4}
fos || 99{100} - 100{100} | 60{38} 62{41} 43{4} 41{3} 38{3} 46{3}

P | foa || 72{44} | 100{91} - 100{84} 97{79} 56{4} 51{1} 40{1} 57{3}

r | fos || 29{12} | 47{21} 99{41} - 100{100} | 50{6} 37{4} 26{1} 51{6}

o | fio | 26{10} | 54{16} 97{49} | 100{100} - 56{6} 37{4} 18{4} 51{6}

b | f13 21{3} 41{3} 51{7} 53{6} 65{7} - 97{68} | 57{32} | 100{100}

e | fis 44{3} 51{4} 51{4} 28{4} 26{4} 99{90} - 97{82} | 100{100}

s | fie 46{3} 46{4} 32{4} 18{4} 22{4} 82{49} 99{96} - 90{65}
Jo2 29{3} 46{3} 54{4} 49{6} 37{7} 99{100} | 100{100} | 66{47} -

[ Mean || 46{22} | 61{30] | 72{(54} | 56{(34} | 56{34} | 64{33] | 63(35} | 47{22] | 66{36} |

IRecognition scores using full-faces are enclosed wifhin

Table 2: Evaluation of PointFive faces : Under a recognition framework

The training set is comprised of well illuminated frontal image samples where one half of the face was better illumi-
face images from the Yale Face Database B [1]. Acrossnated, PointFive faces performed better.

the441 experiments under each setting the aver@gek 1
recognition score improved (&7 % by the incorporation of
PointFive Faces. In Table 2, we report th®ank 1 recog-

Similarity Score(!1, I,,)

nition scores from both the settings on face images from the Image ]| Setl | Setll Remark
9 challenging illumination conditions illustrated in figure 2. Tog 043 0.33
_ Ips -0.13| 0.79
. Tos || -0.447] 0.81
: ' Tos 0.11 | 0.90 | PointFive Faces
- Iog -0.45| 0.77 | insetll perform
o Io7 0.14 | 0.95 better
Ips -0.16 | 0.84
Iog -0.32| 0.22
Lo -0.34| 0.16
111 0.58 | 0.49 No Distinct
s i - 55 1o -0.48 | -0.37 Advantage

. Table 3: PointFive Faces : Under a verification framework
Figure 2: Image samples from PIE

On a verification framework, we illustrate the signifi-
cance ofPointFive faces in computing a similarity mea-
sure on images of an individual taken under varying illu-
mination conditions. Figure 3 display® test images of
an individual. The extracte®ointFive faces are dis-
played as well. We create two eigenspadeand() from Having illustrated how PointFive faces circumvent the non-
a set of well illuminated frontal faces and their respective uniformity in illumination across faces and improve the per-
PointFive faces. The full-faces and PointFive faces from formance of face recognition systems, in the following sub-
the test set are projected on to their respective spaces. Definsection we define a criterion function towards the automatic
ing a similarity measure between two images as the corre-selection of PointFive Faces from regular face images. The
lation between their projection coefficients, we compute the inherent simplicity in the implementation and the signifi-
similarity between the first image and the rest of thém- cant rise in performance are some of the primary reasons
ages. The similarity scores computed on full faces (Set 1) why we preferred PointFive Faces to other known methods
and PointFive faces (Set Il) are tabulated in Table 3. On thethat handle non uniform illumination across face images.

2.2 PointFive Faces : Criterion Function



Figure 3: Evaluation of PointFive faces : 12 test images and their respective PointFive faces

2.2.1 Mean Intensity Curve

Given I, a frontal face image of sizer x n we extractl;
and I,, the right half and the mirror reflected left half bf
Let X! = [x1, 3, ....., x,, /o] denote the column-wise mean
intensity of ;. The mean intensity curve df, )_(J(\Z)Ic is
defined as : o

. Xz _ Xz)

xo o (X=X 1)

MIC T X=X

whereX! denotes the mean of’ and|| . || denotes Euclid-
ean norm. IfX(1) ;- and X (2 ,,;- denote the mean in-
tensity curves of; and /s,

MIC; = || XDy — X@ 10 || (2

is a measure that quantifies the disparity in the spread of
illumination between the two halves of the face. A lower
M1Cy denotes better uniformity in the spread of illumina-
tion across the face.

Next, using the above measure we computeagbtmal
mean intensity curvéor frontal face images. For an im-
age from a large gallery of faces, we compute MéC; as

defined above. I/ ICy < a, wherea is a pre-defined  Figure 4:  Criterion to select PointFive Faces :

threshold, then the face image is classified as optimally illu- Green - Optimal Mean Intensity Curve; Red -

minated. FromV such optimally illuminated face images, Mean Intensity Curve from the mirror-reflected left half

we compute theptimal mean intensity curas face; Blue - Mean Intensity curve from the right
half face

N

_ 1 - -

Xoptimaimrc = N > (XOure, + XPyre,) (3)
i=1

features due to either of the above irregularities affect the
performance of face recognition systems. The robustness
of the method to overcome the same is evident from figure
j=min | Xoptimanizc — X0 0 I ) 4, An addeq feat.ure of mean inten;ity curves i; that they

i=1,2 provide localized information on the irregularities in illumi-
nation across face images which could be a cue to feature
based face recognition systems.

The criterion function for the selection of the better half
face is defined as follows :

Iopt - Ij (5)

Figure 4 illustrates the criterion proposed towards the
automatic selection of PointFive faces. Self-shadows due3, Age Difference Classifier
to non-uniform illumination and specularities due to illu-
mination saturation are some of the most common effectsWe develop a Bayesian age-difference classifier that is built
of uncontrolled illumination on face images. Loss of facial on a probabilistic eigenspaces framework [7]. The classi-



fication based on age-differences, comprises of two stageswherey; = ®7 (x — z) are the principal components,are
The first stage of classification deals with establishing the the eigenvaluess?(x) = Eif\ikﬂ Y = Hf(?” — Zle y?
identity between a pair of age separated face images. In thgs the PCA reconstruction error ang the estimated vari-
second stage, the pairs of age separated face images acrogace along each dimension in the orthogonal subspace is
which identity has been established, are further classified, — 15"~ A, Thesumy.Y, . ), is estimated by
based on their age differences. Since the dataset comprisesieans of extrapolation of the cubic spline fit on the com-
of pairs of face images retrieved from passports, the age dif-puted eigenvalueg); }+_;.
ference across each pair ranged from a yea@ryears. We The extra-personal image diﬁerencé&}?‘fl are ob-
consider the following four age difference categories in our tained by the difference of two PointFive faces of different
formulation :1 — 2 yrs, 3 —4 yrs, 5 — 7yrs, 8 — 9 yrs. individuals.

Reducing the variations in face images due to factors
such as illumination and pose is crucial in studying aging zi=In—1Ijp2,j#i, 1<j<M (8)
effects in faces. Since passport images are frontal face im-
ages, pose variations across images were minimal in ouragain, the KLT basis on training dat?Zz'}?; spans the
dataset. An eIIIptIC mask is overlaid on face images to Sup- extra-persona| SpaéeE which can be decomposed into two
press the background information in the image. Some of complementary spaces : the feature space and the orthogo-
the passport images have non uniform illumination and arenga| space. The density in the feature space is modeled using

affected by self shadows specularities. As explained in theg mixture of gaussians. We estimate the likelihood for the
previous section, to minimize the non uniformity of illumi- data as

nation within face, we convert each face image into Point-
Five faces. Further, the mean intensity is normalized across P(Z|Q5) = P(y|O©*) . Pa(z|Q5)
every pair of PointFive faces.

where
N.
3.1 Bayesian Framework P(y|©) = > wiN(y; i, 5i) ©)
Let I11, Lo, Io1, Iog, ......... v, Ings be the set ofV x 1 =
vectors formed by the lexicographic ordering of pixels in M
each of theM pairs of PointFive faces. The intra-personal ©" = argmaz [HP(YZ'@)} (10)
image difference$xi}i1‘i , are obtained by the difference of =1
two PointFive faces of the same individual. ]\/'(y7 i, Ez) is Gaussian with parameterﬁi(zi) and w;
« s ®) correspond to the mixing parameters such ﬁé\fgl w; =
i = di1 — 1y

1. We solve the estimation problem using the Expectation-
. o Mo i Maximization algorithm.

Given the training datdx;},_,, its KLT basis vectors During the first stage of the classification, we use the
span the intra personal spa@g which in turn can be de-  5p4ve formulation in building a classifier that establishes
composed into two mutually exclusive and comp_lementary the identity between a pair of face images. Given a pair of
subspacisF, the feature space (spanned byasis VeC- g6 separated face images, we extract the PointFive faces
tors{®;},_, the variance along each of which is maximum, I, and I, and compute the difference image= I, — I.

extracted by principle component analysis) dndthe or-  Thea posterioriprobability P(€;|x) is computed using the
thogjgnal complement space (spanned by the basis vectorgayes rule.
{®}izkr)-

We assume that the intra-personal image difference sam-
ples are Gaussian distributed.The likelihood function for the
data is estimated as :

P(x|$2) P(Qr)
(X|Q)P(Qr) + P(X|Q2E)P(Q25)

PQu) = 3 an

The classification of the image difference as intra-personal

P(X|) = exp(= 3 (X=X "8~ (x=%)) or extra-personal is based on a maximamposteriori
! (@m) 25|/ i iti
S (MAP) rule. For operational conditiong)(2;) and P(Q2g)
- exp(—3 L, 5b are set equal and the difference image classified as intra
= — 5 1
@mN/2 TN A personal ifP(Q;|x) > 3.
1Py 2 2 During the second stage of classification, those pairs of
exp(—5 1 35) exp ( ) P
(2W)k/zv;: iR [(%p)m_ﬁ‘})/z] face images that were classified as intra-personal, are fur-
e ther classified based on their intra age differences using the

Pr(X|€2) . PF(X|QI) ©) underlying formulation. Lef); ,Q, ,Q23 ,Q24 be the space



of intra personal difference images for age difference cate-results are tabulated in Table 4. The bold entries in the ta-

goriesl —2 yrs, 3—4 yrs, 5 — 7 yrs and8 — 9 yrs respec- ble correspond to the percentage of image pairs that were

tively. We assume the underlying distribution of samples correctly classified to their age-difference category.

from each of the intra-personal spaces to be Gaussian.
Given a difference imagg that has been classified as

one belonging to the intrapersonal sp&gave compute the Table 4: Age-Difference Classifier

a posterioriprobability P(€2;|x) with¢ = 1,2,3,4 as : Age-Difference Classifier
Q | & Q; | U
PQufx) = — LRI P() (12) Q, [51% | 2% | 9% | 38%
> P(X|25) P(€2) Qs || 17% | 37% | 11 | 35%

Qs || 6% | 1% | 61 % | 32%
Qy 1% | 1% | 12% | 86 %

For operational conditiond?((2;) were set equal. Thus
if P(S|x) > P(Qy]x) foralli#j,i,j =1,2,3,4, then
Q; is identified to be the class to which the difference image
x belongs. Figure 5 illustrates the classifier.

e When the image pairs from Set | that were cor-
3.2 Experimental Results rectly classified as intra-personal were classified fur-
ther based on age-differences, it was observed that
image pairs with little variations due to factors such
as facial expressions, glasses and facial hair were
more often classified correctly to their respective age-
difference category.

We selected pairs of PointFive faces of 200 individuals
from our database. We computed the intra personal differ-
ence images from the selected pairs and created the intra-
personal subspade. We computed the extra personal dif-
ference images (by randomly selecting two images of dif-

ferent individuals from the 200 pairs of images) and cre- Image pairs belonging to age difference categories

ated the extra-personal subspake Thus having created 1—2yrs or3—4 yrs or5— 7 yrs with significant dif-

the two spaces, we created two sets of image differences  erences in facial hair or expressions or glasses, were
: Set | comprised of intra-personal difference images com- misclassified under the categd¥y- 9 yrs. The above
puted from thet65 image pairs from our database and Set trend is likely since,, the subspace of difference im-

Il comprised of465 extra-personal difference images com- ages from the age difference categ8ry 9 yrs, spans
puted by the random selection of PointFive faces of differ- more intra pair variations than compared \’/vith other

ent individuals_, .fror.n our database. The results of the first three age difference categories.
stage of classification are as below :

Thus, in applications such as passport renewal where the
age difference between the pair of images is kn@pn-
X ori, if a pair of images are classified as intra-personal and
intra-personal. further classified to their corresponding age-difference cat-
egory, the identity across the image pair could be verified
with low probability of error.

e During the first stage of classificatiod) % of the dif-
ference images from Set | were correctly classified as

e 33 % of the difference images from Set Il were cor-
rectly classified as extra-personal.

o It was observed that the image pairs from Set | that 4, Similarity Measure
were misclassified as extra-personal differed from each
other significantly either in facial hair or glasses. We adopt the similarity measure definedSaction 2.1.
Moreover, their average age difference wasyears. The face images in our database are processed as discussed
in Section 3.1 and PointFive faces are extracted. We de-
During the second stage of classification, 50 pairs of signed the following experiment to study how age progres-
PointFive face images from each of the following age- sion on affects the measure of facial similarity.

difference categories — 2 yrs, 3 — 4 yrs, 5 — 7 yrs and We created an eigenspace using 200 PointFive faces re-
8 — 9 yrs were randomly selected and their correspond- trieved from the database of passportimages. The 465 pairs
ing difference image subspaces nam@ly, ,, Q3, Q4 of PointFive faces were projected onto the space of eigen-

were created. The image pairs from Set | that were clas-faces and were represented by the projections along the
sified as intra-personal were further classified into one of eigenfaces that correspond to 95% of the variance. Since
the above four age-difference categories using the formula-illumination variations and pose variations across each pair
tion discussed in the previous subsection. The classificationof PointFive faces is minimal, the similarity score between
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i=1,2,3,4
j =arg max; P(Q;|z) 7™ age dif ference
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Figure 5: Age Difference Classifier

each pair would be affected by factors such as age progres- e From Table 5 we note that as the age difference in-

sion, facial expression variations and occlusions due to fa-
cial hair and glasses. We divided our database into two sets
: the first set comprised of those images where each pair of
passport images had similar facial expressions and similar
occlusions if any, due to glasses and facial hair. The sec-

ond set comprised of those pairs of passport images where e

differences due to facial expressions or occlusions due to
glasses and facial hair were significant.

The distribution of similarity scores across the age-
difference categories namely- 2 yrs, 3—4 yrs, 5—7 yrs
and8—9 yrs is plotted in Figure 6. The statistical variations

creases, across both the sets of images and across all
the variations such as expression, glasses and facial
hair, the mean similarity score drops gradually and the
variance of the similarity scores increases.

Within each age-difference category, we see a notable
drop in similarity scores when variations due expres-

sions and facial hair are more pronounced.

5. Conclusions & Future Work

in the similarity scores across each age-difference category
and across each set of passport images are tabulated in TabM/e had formulated two approaches to studying facial sim-

5.

Age-Difference wise distribution of Similarity Score
60 T T

T
Hl -1 < Score <0.4
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[ 0.8 < Score <0.9
Il 0.9 <Score<1
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Age Difference Category

8—97ears

1-2 years

Figure 6: Age Difference Category

e From Figure 6 we note that as the age difference be-
tween the pairs of images increases, the proportion of
images with high similarity scores decreases.

e While the distribution of similarity scores has a strong
peak for category — 2yrs, it flattens out gradually as
the age difference increases.

ilarity across time. The method proposed in this paper, is
very relevant to applications such as renewal of passports.
During renewal of passports, the age difference between the
image pairs in knowapriori. Given a pair of age-separated
face images of an individual, the age difference classifier
establishes the identity between the image pairs and further
classifies them to their corresponding age difference cate-
gory. Moreover, the similarity scores computed between
two images of an individual when compared with the scores
tabulated in table 5 help in identifying outliers, if any. All
through the paper, the methods proposed need very little
manual intervention and are computationally simple.

Understanding aging of faces is crucial to the success
of face recognition systems. In future, our primary pursuit
would be to derive a robust model for facial aging across all
age categories. In this paper, we had considered the ages
20 years and above. In future, we wish to perform a similar
analysis on ages less than 20 years. Modeling facial aging
effects for ages less than 20 years poses a lot of interesting
challenges.
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