Principal Component Analysis of Gender, Ethnicity,
Age, and Identity of Face Images

Samarasena Buchala\leil Davey, Tim M. Galé? Ray J. Frank

! Department of Computer Science, University of

Hedéhire, College Lane, Hatfield, AL10 9AB, UK

{S. Buchal a, N.Davey, R J.Frank, T.Gale}@erts.ac.uk
2Department of Psychiatry, QEIl Hospital, Welwyn 6am City, AL7 4HQ, UK

Abstract—Principal Component Analysis (PCA) has been widely
used for efficient representation of face images ¢& in a low

dimensional subspace. In this study, we use PCA tanalyse

different properties of faces, such as gender, ethuity, age and

identity. Using Linear Discriminant Analysis (LDA), we show that
PCA efficiently encodes information related to diférent

properties, different components of PCA encode diffrent

information, and there may be components which ende

information related to multiple properties.

. INTRODUCTION

The human face is considered to be special in tefrits
biological and social roles, and is rich in infotioa. Faces
have multiple properties based on which they can
categorized at different levels of specificity, Buas gender,
ethnicity, age, expression, identity, degree ofaativeness,
typicality and distinctiveness, and so on. Due ftoe t
fundamental importance of face recognition and gmisation
in every-day life, this is one of the most reseadctopics in the
fields of Psychology and Computer Science. Whigertssearch
in Psychology is largely related to face perceptiGomputer
Science research is related more to face detectind
recognition in a Biometric scenario.
psychologically motivated studies that use Comp&eience
methodologies.

Face images are very high dimensional and usualiyain
redundancies. According to the “curse of dimendityia[1],
an impractically large number of examples woulchbeded for
analysis of such data. To overcome this problenatufe
extraction is usually applied on face images beéorg further
task. Feature extraction efficiently transforms tlea into a
lower dimensional subspace by reducing the redwydamthe
data. Feature extraction also makes sense from
neurophysiological point of view as there is evidernthat
redundancy reduction is an important part of sgnpoocessing
in human brain [2].

There have been various feature extraction methedd in
the literature of face recognition: Principal Compnt Analysis

There are also

information in a psychologically plausible mannidowever, all
these studies use small datasets with less varjaind except
for [16], analyse data with respect to one or twapprties of
faces. In this paper we use much larger numbegics and test
if PCA encodes properties such as gender, ethpiagg, and
identity efficiently. Using Fisher's Linear Discrinant
Analysis (LDA), we also analyse how these differerdperties
vary on the different components of PCA.

The main findings, with respect to the above aiofsthis
paper are

1. PCA encodes face image properties such as gender,

ethnicity, age, and identity efficiently.
Different components of PCA encode different
properties of faces. Very few components are
required to encode properties such as gender,
ethnicity and age and these components are
predominantly amongst the first few components
which capture large part of the variance of thedat
Large number of components are required to encode
identity and these components are widely
distributed.
There may be components which encode multiple
properties.
The remainder of the paper is organised as folloWs:
brief overview of the literature of face recognitiasing
PCA is given in the next section. Sections Il dkd
presents a brief description of PCA and LDA methods
Section V presents the experimental results. We
conclude in Section VI.
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1. PRINCIPAL COMPONENTANALYSIS AND FACE

RECOGNITION

&irovich and Kirby [18] showed that PCA can be &apfor
efficient representation of high dimensional fatmges data in
a lower dimensional subspace. Turk and Pentlan@xX&nded
this to apply for face recognition. Since then Pig% become a
basis, and also a benchmark, for numerous facegméom
algorithms [19]. Studies in Psychophysics [10-1@én also

(PCA) [3], Independent Component Analysis [4], B&aBunch shown keen interest in PCA. For example, PCA isvshto
Graph Matching [5], and recently Non-negative Matriaccount for distinctiveness effects of face pelicep{where
Factorization [6]. PCA is the one most widely udadface distinct faces can be recognized easily comparedypial
recognition [7-17]. In all of these studies, PC/slimeen shown faces) [14] and [15], “other-race effect” (wherecda of
to encode efficiently the face properties of inseréMany of different race from ones own race are difficultrezognise)
these studies [12-17] also suggest that PCA encdéaes [20], [21], Dimensional-based model of facial exsien



(where different expressions are thought to be @ortinuum and shape. PCA on the data would indicate maximarnance
rather than in distinct and independent categgrid®ecent in the direction of W, This first PC encodes only shape
research, [16] and [17], also posits an optimigitiav that PCA information and it fails if the property of inteteis colour,
can be used to account for some aspects of theegiaed whereas the second component in the directiow.pfthough
functions of face recognition proposed by [22]. accounts lesser variance, would be successfulignrégard.
This shows that the selection of the componentsldhme based
ll. - PRINCIPAL COMPONENTANALYSIS on its importance for a given task, rather tharnigortance in
The aim of the PCA is a linear transformation ofDa accounting the total variance. This example wowddapt for
dimensional datX into an uncorrelated dimensional dat¥, face data which have multiple properties, such dentity,
whered < D. gender, ethnicity, age, expression and so on.
Hypothetically, the first step of the PCA is todim linear A W,
function Y; accounting for the maximum possible variance in
the data such that

D

Yy =D Wy (1)

i=1

Wherew is a weight vector.

The next step is to find a linear functiory which is
orthogonal to the first one and accounts for the&t maost
possible variance in the data. Th® linear function would be
Yp which accounts for thB" maximum variance in the data and
is orthogonal to the firdd — 1 linear functions. However, it is X1
hoped that only the firad linear functions would account for_ ) ) . ) )
most of the variance in the data. In matrix noraguation 1 F0ure . A% Iusteion of °CA on s dateset il proerts Tre st
can be written as fails to encode information regarding the colourtbé data, whereas the

Y = WT X (2) second component in the directidh, would be successful.

Mathematically, PCA can be achieved by estimatihg t
Eigenvectors and Eigenvalues of the covarianceixnatr

X2

»
»

The problem discussed above can be resolved ughgrfs
LDA. It takes into account both the between-clasatter as

1 o S\T e

(X = X)X =X) (3) well as within-class scatter of the data.

N . The between-class scatt&, is given by

where, X is the mean of the datasétandN is the number < T
of datapoints in the dataset. The Eigenvectorsttaaeweight Sg ‘;(Mi -M)(M; -M ) ®)
matrix W. The Eigenvalues,l, characterize the variance =
accounted by the corresponding eigenvectors amifisig their where C is the number of classes, iandM are the means

importance in defining the data. The variance oEaenvector of_lcz:fss '?I?‘d thle wholettdata._ venb
W can be calculated as e within-class scatte$,, is given by

ot = @ Sw= X -MX"-MyT +
nc,
ZA j (6)
- . . . (X" =M (X" =My)T
We refer to the variable¥ andW of Equation 2 as Principal nC,

CoFmp(f)netzrr:ts épfs_l) ar}dplggenvectggs or Eigenfacpectreely. The class separation ability (information encodiogver) of
or turther details o , see [23]. a representation can be estimated using variouseshdOne of
IV. LINEAR DISCRIMINANT ANALYSIS the examples is given by

The usual choice for selecting the components finel¢he Jw =TI} ) )
data without significant information loss is to erdthe WhereTr{M}denotes the trace of the matikand
components according to their importance in acdéognthe _Sg _ o1

. . ! J= =Sy Sg- (8)
variance of the data and consider the first few maments
which account for some percentage, usually abov&86f the  since we are only interested in the information encoding
cumulative variance. However, if the propertiesirderest of gpiiities of individual components, rather than whole

the data are encoded by the last few componengs, €vhey representation obtained by PCA, we estimate the emgodi
are not significant in defining the data, this nogthis power of the individual components by the following

disadvantageous. (Diag{ S)) ;
Data usually have multiple properties. For examile,data P, = -— B 9
shown in Fig. 1 have different properties and carclassified (Diag{Sy})

by colour — red, blue, by shape — circle, squardyoth colour



whereDiag{ M} denotes the diagonal matrix &. We refer to B. PCA of Face Images

P as theEncoding Power o The rows and columns of each image are concateiated
The above framework is used in Fisher's LDA whelte tgjngle string vector. The dataset, containing 2678ges of 65
original data are transformed in LDA space to aghibetter x 75 resolution, gave rise to 2670 vectors of lentf75. PCA
class separability. The transformation matrix isedmined by gn this data would give 2670 Eigenvectors of leng@v5.
the Eigenvectors of Equation 8, by considering kmgest ysyally, only a few Eigenvectors account for mosttioe
corresponding Eigenvalues. This approach was usedate yariance in the data. Only 350 Eigenvectors acemlifdr 90%
recognition in [24]. Due to problems related to th@h of the variance. Each face can thus be efficiersjyresented,
dimensionality of face images and the usual aviitialof few  \ithout significant loss of information, using jus850
face examples, [25] and [26] have applied PCA fepmponents instead of 4875 dimensions. As thesenEégtors
dimensionality reduction before applying LDA. act as a basis upon which each face’s variaticagsured, they

V. EXPERIMENTS appear face like when visualized. Hence, they lieetarmed as

A. Dataset

Eigenfaces. Fig. 3 shows some of the Eigenfactsealataset.
! —
- -
We use a subset of FERET [27] face image datalmaghié
research. The FERET database has a large numbacef
images and is rich in variety, with different caiggs of ‘
gender, ethnicity, age, and identity being wellrespnted. The
face images also vary in pose, background lighfingsence or
absence of eye glasses, slight changes in expmed3ite to Figure 3. Eigenfaces 1 to 4: from left to right
these properties, FERET has become a standardadetdab
compare the performance of different face recogmiti 1) CGender .
algorithms [27-30]. In this study of analysis offelient face Due th_e Stat'St!Cal nature of PCA, the first fewngmnents
properties we select the dataset, a subset of FERIR that it encode information common to most faces and th,e las
contains 2670 grey scale frontal face images. Aervew of compopents encode |nf0rma_t|on common to least faths
the representation of different categories of genethnicity, lead O'Toole et al [14] to claim that informatioelated to the

age and identity properties in the dataset is ginéFable I. gender property is shared by most of the faceshende it is
encoded in the first few components. And informatielated to
TABLE . REPPRESENTATION OIDIFFERENTPROPERTIES IN THE identity is shared by only a few faces and henceninded in
DATASET the last components. In Fig. 4 the top row, leftight, shows a
Property No. Categories oL female face and its reconstructed images usingfitee 50
Categories 0. Faces components and components from 51 to 350. SimjlaHg
Gender 2 Male 1603 bottom row images are of a male. The gender of fautls can
C';i'::s'?an 11076578 be more easily judged from the reconstructed imadesh use
Ethnicity 3 African 320 the first '_50 components, while the last componesesms to
East Asian 363 encode finer information of the face and hence fmaymore
20-29 665 useful for identity. This idea of different sets @dmponents
30-39 1264 encoding gender and identity information also sutgpdhe
Age 5 40-49 429 Bruce and Young's functional model of face recdgnit[22],
50 — 59 206 : . .
60+ 106 which proposes that gender and identity are hartetifferent
\dentity 358 3|nd.v.dua|s with 1161 perceptual components of the human cggrﬂve_ system
or more Examples

Each image is preprocessed to a 65 x 75 resolutiopped
such that little or no hair is visible. Faces digned with each
other based on their eye locations and histogramlizgtion is
applied to reduce the lighting effects that mayulteérom
different lighting conditions. A few examples oktlataset are
shown in Fig 2.

Figure 4. Top row from left to right: A female faaed its reconstructions
using the first 50 components and components from 380. Bottom row
Figure 2. Examples of the dataset from left to right: A male face and its reconstroos using the first 50
components amd components from 51 to 350.



Do all initial components carry high gender infotioa? To
find this, we estimate the gender encoding powedifiérent
components using (9). Fig. 5 shows a plot of thadge
encoding power of the first 50 components (the dsthe
components are not found to be significant and éere not
shown). It can be seen that the third componemtesahighest
gender encoding power, followed by the fourth congd.
O'Toole et al [14] reports that the second compgnesich
largely encodes presence or absence of hair, andaaset to
be the most important for gender classificationodim previous
study [31], on a dataset which includes hair infation, we
found that the most important component for gendethe
second component, which captures the hair infoonati

9
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Figure 5. Gender encoding power of the first 50 ponents.

It is often difficult to discern what informationaeh
Eigenface encodes, as is the case with the Eigemfgttown in
Fig. 3. In order to determine the information eredy the
third and fourth components, which are found toirbportant

.
%

for gender (from Fig. 5), we generate a seriesobmstructed
images. We first estimate the average of the coesnof all
faces and then produce a reconstructed image filwset
average components. The resultant image is an gevdeze.
We then alter the component of interest, thirdaurth, while
keeping the other components of the average comg®ne
unchanged, to see what changes it makes to thagevéace.
We add or subtract, progressively, more quantitiafs
Eigenfaces 3 or 4 to capture its effects. In Figap on the
extreme left is a reconstructed face with 6 S.Dthef third
component removed from it and the extreme righe fac a
reconstructed face with 6 S.D of the third comporsided to
it. The extreme left face of Fig. 6(a) (-6 S.D) epps more
feminine, while the extreme right face (+6 S.D) egs more
masculine. The feminine face complexion looks kgtthan the
masculine face (this may be due to the cosmetiesl sy
females) and the masculine face is much darkerndrahe
mouth region. The masculine face has a longer moskits
forehead is lighter compared to the feminine fabis (s due to
the reason that most females in the dataset hadindalling on
their forehead). More specifically, the third compat encodes
information related to the complexion, length ok those,
presence or absence of hair on the forehead. Sliynitag. 6(b)
shows a series of images for the fourth compong&his
component encodes information related to the eyebro
thickness. Eyebrow information is important for den
recognition, as many females tend to have thinyebrews.
The fourth component also encodes information edlato
presence or absence of smiling expression. Onemndhat this
might differentiate males and females of the datasgue to the
artefact that many females, compared to maleshefdataset
have a smiling pose, when their picture is takeris Rrtefact,
however, is not unique to our dataset. Social Rsgdy

research widely reports that women, across cultgrade more
often than men[32, 33].

o
MY eas

Figure 6. Reconstructed images from the altered coergs (a) third and (b) fourth components. The corepts are progressively added by quantities ofB6 S

(extreme left) to +6 S.D (extreme right) in step@ &.D.



Fig. 7 shows a few face examples and a series @f tt50 components (the rest of the components, simiigr the
reconstructed images using 20 gender important ooeiis case of gender, are not found to be significantterdte are not
(components with highest gender encoding powelrhulthe shown). The sixth component is found to be havirgtighest
20 gender important components. In Fig. 7 (b) #aedgr of the ethnicity encoding power.
reconstructed faces, using 20 gender important oaegs, is
apparent while its identity is not. And in the case-ig. 7(c),
which uses all but the 20 gender important compisnehe
gender identification is difficult, while its ident is still
possible. It can also be noticed from Fig. 7(c)t thiperties
which do not carry gender information are de-emizkas For
example eye glasses are de-emphasized. This aises shat
invariances to properties can be built by selebtivemoving or
adding components that encode those properties.

i
o
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Figure 8. Ethnicity encoding power of the first&mponents.

To determine the information captured by the eihnic
important components, we produce a series of imaieslar
with that of the gender case. A series of the reitooted
images from altering the sixth and the fifteentmponents are
shown in Fig 9(a) and 9(b) respectively. The exadait face
of Fig. 9(a) (-6 S.D) appears more Caucasian lideile the
extreme right face (+6 S.D) appears more Africde.liThe
African like face has a darker complexion, flatserd shorter
nose compared to the Caucasian like face. Simjl&ity. 9(b)
shows a series of images for the fifteenth compon@he
extreme left face of Fig. 9(b) (-6 S.D) appears enéfrican
like, while the extreme right face (+6 S.D) appeawe East
Asian like. The African like face has a shorterenasd smiling
expression compared to the East Asian like facee f@ason
that the smiling expression might differentiate ieédn faces
from other ethnicities is due to the fact that madfiycan faces
in the dataset had a smiling expression. This aate$ similar
Figure 7. (a) Face examples with the first two befiemale and the next two to that found for the female faces. However, tolibst of our
being male faces. (b) Reconstructed faces of (@)gushe top 20 gender knowledge, there are no psychological studies,|airto that of
ggggft?]teigg‘gg";e”;z'eﬁ%?:ﬁ;’gfgggggnzﬁf otgig all components, yonqer [32, 33], which report that Africans smileren often

than people from the other ethnicities.

2) Ethnicity
As with the analysis of gender, we perform ethgiaitalysis.
Fig. 9 shows a plot of the ethnicity encoding powkthe first

Em
(b)

Figure 9. Reconstructed images from the altered ooemts (a) sixth and (b) fifteenth components. @bmponents are progressively added by quantitie§ of
S.D (extreme left) to +6 S.D (extreme right) inpstef 2 S.D.




Fig. 10 shows face examples of Caucasian, Afriaad, East
Asian ethnicities, and a series of their reconsdidmages
using the 20 ethnicity important components, andraye of
each ethnicity’'s reconstructed faces, which use®ge@thnicity
important components. The reconstructed faces,gu&f
ethnicity important components, are shown in Figbl0The
ethnicities of these reconstructed faces are appatmgesting
good ethnicity encoding ability of these 20 compuse To
determine how faces of different ethnicities vary these 20

3) Age

Accurate age estimation from face images is, peshtie
most difficult of the face recognition tasks. Thhugve find
very difficult to estimate the age of a face actelya we are
good at judging whether the face is young or oldr Ehis
reason, for age analysis, we only consider faceshafll in the
following age groups of the dataset: 20-39 and G0-&Ve term
them asyoungandold faces respectively. As with the analysis
of gender and ethnicity properties, we perform malysis of

ethnicity components we estimate the average ofh eage information. Fig. 11 shows a plot of the ageodimg power

ethnicity’s reconstructed faces, using 20 ethnigiportant
components. To make the features, which differenti@tween
the ethnicities, more prominent, we stretch eachtlase

of the first 50 components (the rest of the compts)esimilar
with the case of gender and ethnicity, are not dotm be
significant and hence are not shown). The tenthpoorent is

average faces from the average face of the whoseseta These found to be having the highest age encoding power.

are shown in Fig. 10(c). From Fig. 10(c), we cankenthe
following conclusions: generally, both the Caucasimd East
Asian faces have lighter complexion compared toAfrecan

faces. East Asian face has much lighter skin ardhadmouth
region. This may be due to the fact that, relayivekry few
East Asian males in the dataset have beard or achest The
East Asian face also differs in the distance betweeslids and
eyebrows, suggested by lighter pixels in this negiafrican

faces, relatively, have shorter noses and thinyedsrews.

(b)

(c)

Figure 10. (a) Face examples from left to right: €&mian, African, East Aian.
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Figure 11. Age encoding power of the first 50 congous.

We produce a series of images in Fig. 12, similign that of
the gender and ethnicity cases, to discern thernmeton
captured by the fbcomponent. The extreme left face of Fig. 12
(-6 S.D) has lighter complexion compared to theesre right
face (+6 S.D). The age information captured by ¢tloismponent
is not as obvious as that of the important comptznehgender
and ethnicity. However, there are some subtle miffees,
which can be observed upon careful inspection. féggon
above the eyes, in the extreme left face, indicadeging skin
and the eyebrows of this face are also thinner eoetpto the
extreme right face. This suggests that the fatieeatxtreme left
is related to the old group and the face at therotimd of the

(b) Reconstructed faces of (a) using the top 20ieitly important components series is related to the young group.

(c) Average of the reconstructed Caucasian, Africamd East Asian faces

using the top 20 ethnicity important components.

Y Tyt

Figure 12. Reconstructed images from the alteredh teamponent. The component is progressively addeduiayntities of -6 S.D (extreme left) to +6 S.D

(extreme right) in steps of 2 S.D.



4) Identity young males and females with their old counterpantsugh it
Identity is different from gender, ethnicity, andeain the shows considerable separability between malesenédlés.
sense that the information related to the lattaperties is

shared by large number of faces in the populatishile ‘ ‘ [~ Youngmale
identity information is distinct and common to agle person o " Loung female |
or at most to a few similar looking individuals. Fig. 13, we 012 *_Old female
plot the identity encoding power of the first 1@fivponents. In 01

contrast to the other properties cases, many coemperare
found to have, relatively, higher identity encodpawver. These
components are widely distributed and are notictstt to the
first 50 components. Another contrasting featurat ttan be 004
noticed from Fig. 13 is that the magnitude of thieigih identity 00 r
encoding components is not as high as in the céstheo e
important components of the other properties, agdcé not
highly significant on their own. It can be thus cluded that
large number of components are needed to encoddityde
information.

Component 3

Young male

Young female |]
0.7 Old male
Old female
0.6 B
o}
5 0.5 1
o
£ 0.4t
8
o}
g o3
2
£ 0.2 ‘
é 10 15
= Component 4
0.1

(b)

Figure 14. Normal distribution plots of the (a) thib) and fourth components

° 20 égmponenet% 80 100 for male and female classes of young and old agepgrou
Figure 13. Identity encoding power, P, of the fil80 components. 6) Classification results

To test if the information related to all the projes is
efficiently represented by the PCA data, we perform
classification based on different properties. Facheproperty,
except identity, 80% of the faces are used fonimgi and 20%
are used for testing. In the case of identity, ae leave-one-out
strategy for classification. First, LDA is perforchen the PCA
data. On the resultant data, for classification,use a simple
uclidean measure between the test data and thesnoéahe
various classes estimated from the training data.

The classification results are shown in Table IIENdentity
— @, ldentity — b, Identity — ¢ are related to whenly
individuals in the dataset with face examples =3}, and >=5
are considered). Classification performances orpaiperties
are reasonably high and much above chance levgigesting
that information is efficiently encoded by PCA.

5) Can a single component encode multiple properties?

There may be features which elicit information tedhato
more than one property. For example, a grey bedodms that
the person is a male and also, most probably/mlthis section
we try to find if there are any components whiclcaete
significant information related to more than oneparty.

The components with high encoding power for gend
ethnicity, and age are restricted to the first 8Mponents. Due
to this, it can be noted from figures 5, 8, and thht a few
number of components are found to be importantrfore than
one property. One such example is tffecBmponent which is
found to be the most important for gender (Fig.abd the
second most important for age (Fig. 11). This soallustrated
in Fig. 14. Fig. 14(a) shows normal distributiorotpl of the
third component for male and female classes of gaurd old

age groups The dlStrIbUtlon ShOWS ConSIderableSSdaTABLE Il CLASSIFICATION PERFORMANCE ONDIFFERENTPROPERTIES
separability between males and females and alseebetyoung _

males and old males. However, the young and oldliesrare Property | Classification %

nearly overlapped. To demonstrate the importancenetthird Gender 86.43

component for gender and age, we show a similamalor Ethnicity 81.67

distribution plot of the fourth component in Figd(h). The Age 91.5

fourth component is found to be the second mosbitapt for Identity — a 68.7

gender, but not significant for age. From the flaan be seen Identity — b 90

that the fourth component shows near complete apedf Identity — ¢ 100




VI. CONCLUSION

In this paper, we presented an analysis of diftepeoperties [14]
of faces, such as gender, ethnicity, age, anditgensing PCA

on face images data. Using LDA, we estimated treoding
powers, with respect to different properties, & tomponents

(15]

obtained by PCA. Using reconstructed images, we als
presented what information is captured by each itapb [16]
component of a property.

To summarize the main findings of the paper:

1.

(1
(2
K]

[

(5]

6]

(7]
8l

B

[10]

[11]

[12]

[13]

PCA encodes face image properties such as gen([dez;
ethnicity, age, and identity efficiently — the
classification performances on all properties aF!
reasonably high and much above chance levels.
Different components of PCA encode differentg)
properties of faces. Very few components are
required to encode properties such as gender
ethnicity and age and these components Azej
predominantly amongst the first few components
which capture large part of the variance of thevdaf21]
Large number of components are required to encode
identity and these components are widely

distributed.

(22]

There may be components which encode multiple
properties — for example the third component {3

found to be important for gender as well as age.
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