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Abstract

It hasbeen demondrated that the Linear Discriminant
Analysis (LDA) appmoad outperforms the Prindpal Com
ponent Analysis (PCA) approad in face recognitiontasks.
Dueto the high dimensionality of aimage space, many LDA
based approades, however, first use the PCA to project
animageinto a lowe dimensonal spae or so-called face
space, and then perform the LDA to maximize the discrim-
inatory powe. In this pape, we propos a new, unified
LDA/PCA algorithm for face recognition. The new algo-
rithm maximizes the LDA criterion directly withouta sep-
arate PCA step. This eliminates the possibility of losing
discriminativeinformation dueto a separate PCA step. e
discuss the connection between the new algorithm andthe
traditionalPCA+LDA appmoad. Wealso provethatthenew
algorithmis equivalent to the eigenface (PCA) approad in
a special case, where each person hasonly onesamplein
the training set. The feasibility of the new algorithm has
been demongdrated by experimental results.

1. Introduction

Automatic face recognition has been an active research
areainthelag decacdk. Theprogressinthisareacanbefound
inreview papers[11, 2] and proceedngsof last four interna-
tiond conferences on face and gesture recognition. Among
variousapproahes, techniques based on Principd Compo-
nents Andysis (PCA) [7, 12], popukrly caled eigenfaces
[15, 10], have played a fundamentd role in dimensondity
redudion and demongrated excellent peformance. PCA
based approahes typicaly include two phases. training
and classification. In the training phase, a eigen-space is
established from the training samples using the prindpal
componets andysis method. The training face images
are then mapped onto the eigen-space. In the classifica-
tion phase, the input face image is projected to the same
eigen-gpace and classified by an appropriete method. Many

different methodshave been used for face recognition,such
asthe Euclideandistance [15], Bayedan [9] and Linear
Discriminant Analysis (LDA) [14, 1, 3, 19, 8].

Unlike the PCA which encodes information in an or-
thogonéalinear space,the LDA encodes discriminatory in-
formationin alinearseparable spaceof which basesare not
necessarily orthogon& Researchers have demondrated that
the LDA based algorithms outperform the PCA algorithm
for many different tasks [1, 19. However, the standad
LDA agorithm has difficulty processing high dimensond
image data. PCA isoftenusedfor projecing an image into
alower dimersional spaceor so-called facespace,ard then
LDA is performed to maxmize the discriminatory power.
In those approaches, PCA plays arole of dimensionality re-
ductionand formaPCA subspace. Therelevart informaton
might be lost due to inappropriate choice of dimensionality
inthe PCA step [20]. However, LDA can beused notonly
for classification, but also for dimensionality reduction. For
example, the LDA has been widely used for dimensionality
reduction in speechreaognition [6]. LDA agorithm of-
fers many advantagesin other pattern recognition tasks, and
we would like to make use of thes feaures with respect
to face recognition as well. In this paper, we propo® a
unified LDA/PCA agorithm for face recognition. The new
algorithm maximizes the LDA criterion directly withouta
separate PCA step. This eliminates the possibility of losing
discriminative information due to a separate PCA step. We
also discuss the connection between the new algorithm and
thetraditiond PCA+LDA approah, and prove that the new
algorithm is equivalent to the eigenface (PCA) approach in
the special cae where eachperson has only one sample in
the training set. The feasibility of the new agorithm has
been demondrated by expeimental results.

The remainde of thepaper isstructured as follows. Sec-
tion 2 reviews LDA dgorithms for face recognition and
presents a new LDA agorithm. Section 3 comments the
new algorithm. Section 4 describes thedaasets and experi-
mertal results. Secfon 5 summaiizesthe paper.



2. A Direct LDA Algorithm

»

The basic idea of LDA isto find a linear transforma
tion such that feature clusters are most separable after the
transformation. This can beachieved throughscatter matrix
amalysis [4]. For an __-class problem, the between- and

within-class scatter m 'ceﬁ,ra ard  aredefined as:
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where isthe prior probability of class  andusually

is assigned to L with the assumption of equal priors; is
overal meanvecbr; X is the average scatter of the sam-
plevectorsof different classes  aroundtheir representive
meanvecbr

|

The class separability can be measured by a certain cri-
terion. A commonly used oneistheratio of the determinant
of the betweenclass scater matrix of the projeciedsamples
to the within-class scatter matrix of the projected samples:
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where is an matrix with (= ). A solution

to the optimization problem of Equation (3) is to solve the
generaized eigen valueproblem [17]:

. (4)
For classification, the linear discriminant fundionsare:
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A solution to Equdion (4) is to compute the inverse of

and solve aeigenproblemfor matrix _~ * [17]. But
thismetod is numerically unstable becawse it involvesthe
direct inversion of a likely high-dimendond matrix. The
most frequently used LDA algorithm in practice is based
on simultaneous diagondization [4]. The basic idea of
the adgorithmisto find amatrix  that can simultaneously
diagondizeboth amd ,i.e,

. A (6)

where A isadiagond matrix with diagond elements sorted
in a decreasng order. If we wart to reduce dimersion of

the matrix from to , wecansimply usefirst  rows of

as the trandormation matrix, which correspondsto the
largest  eigen values of A. The simultaneous diagond-
ization algorithm also involves inversion of matrix. To our
knowledge, most agorithms require that the within-class
scater matrix be non-sngular, because the algorithms
diagondize  first. Such a procedure breaks down when
the within-class scatter matrix becomes singular. This
can hagppen when thenumber of training samplesissmaller
than the dimension of the sample vector. Thisisthecasefor
most face recognition tasks. For example, a small size of
image of 64x64turnsinto a4096-dmendond vector when
vectorized. The solution to this problem is to perform two
projections[14, 1, 3, 20:

1. Perform PCA to project the -dimensiond image
spaceonto alower dimenrsional sub-space;

2. Perform discriminant projection using LDA.

The PCA step helps to remove null spacesfrom both
ard . However, this step potentially loses useful
information. In fact, thenull space of  containsthe mogt
discriminant information when the projection of  is not
zew inthat direcion. Consideranextremecas whereeach
class hasonly one sample, we canmaximize  subject to
the constraint that 0. The solution is the set of
matrices with orthonorma columnscontained in the
kernd of  [1]. Therefore we should notsimply discard
thenull spaceof . Inthefollowingsubsection,wepresent
adirectLDA algorithmthat cankeepthe null spaceof
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Thenull spaceof  may containsuseful information if
the projection of  is not zero in tha direction. But the
null spaceof  can besafely discarded. To ourknowledge
amogt al the LDA agorithms diagondize  first This
results in the reguirement of non-sngular becawse the
procedure involves inversion. However, the simultaneous
diagondizationa gorithm can start from either matrix of two
symmetric matrices. In other words we can diagondize

firstinstead of . If we begin diagondization from

, we needto keep  non-sngular. It will notlose any
useful informationif weremove thenull spacefrom . An
efficient way to remove the null space cancome from the
following lemma:

Lemmal: , whereCisan matrix, L is
. Mapping_> isaoneto-onemapping

gf eigenvectors of onto those of
Proof: If , multiplying both side by

. Thus isaneigenvecbr (timesascalar)
of . It's easy to verify al eigenvectorsremain orthog-
onal to eachother after the mapping.



In fact, Lemma 1 has been widdy used for face recogni
tion, epecially "eigerface"approach[15]. We canuse this
lemma to remove the null space from _ efficiently. In the
direct LDA agorithm presented below?We till use Fisher's
criterion Equéion ( 3). We modified thetraditiond simul-
taneousdiagondization procedureto obtain an exact LDA
solution withouta separate dimensiondity redudion step.

Direct LDA Algorithm for for Face Recognition

1. Removethenull spece from  and diagondize

Do an eigen-aralysis of ®3,® (an meatrix).
Sort eigenvecbrs in decreasng oré%r of the corre-
sponding eigenvalues. Map eacheigenvecor  of
® ® onto,_ @ ,whichistheeigervecor of
Normalize the 'sand write them down sideby side
to get X such tha

A @)

where , \ is diagond matrix sorted in de-
creasi;nb order. Discad those with eigenvalues suf-
ficient close to O (bdow ). Let Y bethe first
coumnsof , we have
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2. Diagondize Leti %, we have
3 3 9
() | (©)
Diagondize by eigen andysis:

N (10)
where , may have 0, in its diagond.
Again, we can utilizeLemma 1 to compute eigenval-
ues, i.e,

P P o] o] (11)

Since the objective is to maximize the ratio of
between-scatter against within-scatter, those eigen-
vectors corresponding to the smallest eigenvalues of
are the most discriminaive dimensons We can
optiondly pick only the most discriminative severa
dimensons In fact, we can sort the diagond e
merts of in a decreasng order ard discard some
eigenvectors with large eigenvalues.

3. The LDA transformationis:

4 (12)
Matrix ~ diagondizes both the numerator and the

denominator of Fisher’'s criterion:

4. Findly, we can sphee the data into a more spheica

shape, which is donewith the trandormation:

1
2
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3 Discussion

Some comments are in orde:

1. AlthoughLDA has demongrated good performance

in face recognition tasks, traditional LDA agorithms
have problems handling a degenerated . Some of
the most discriminant dimensions are potentially lost
by removing the null space of . In fact the full
rankrequirementof ~ canbetransferedto  when
applying simultaneous diagondization procedure It
will not lose any useful information by removing the
null space from

. The first step of the new algorithm has a dud pur

pose: dimensiondity reduction and sub-space map-
ping. This step, in fact directy projects raw image
data onto the face sub-space, provided that ssmple
imagesare aligned. Therefore, we cansafely remove
the null space,which makesno contribution to face
recognition.

. The new agorithm keeps the most discriminant pro-

jection direction embedded in the null space of .
The agorithm can take advantage of all useful infor-
mation inddeand outsideof  'snull space.

. The new agorithm is an "unified" agorithm with

some previousface recognition algorithmsif we mod-
ify the Fisher' s criterion. In fact, there are other vari-
ants of Fisher’s criterion [4], for example,

argmax —— (14)
fr

where is the total scatter matrix. If
we usaThe criterion (Equéion (14)), the first step of
the new algorithm performs PCA function exactly as
other "PCA + LDA" algorithmsdidinaseparated pro-
cedure. In anextremecas where eachclass hasonly
onesampl e, thenew algorithmwill get thesame result
asa PCA algorithm. Therefore, the new algorithmis
a"unified PCA + LDA" agorithm.

4 Experimental Results

Many reseachers have demanstrated that LDA outper-
forms PCA for many different tasks. We have the proposd
algorithm using human face images from Olivetti-Oracle



Reseach Lab (ORL) [16]. The ORL dataset consists of
400 frontal faces 10 tightly-croppel images of 40 indi-
viduals with variationsin pose, illumination, facial expres-
sion (open/closedeyes smiling/not smiling) and accesories
(glasses/no glasses). The sizeof eachimageis 92x112pix-
els, with 256 grey levels per pixel. Figure 1 shows 10
randonly selected from the dataset.

We have peformed many different experiments to study
the new agorithm. Without any preproaessing step, the
best recognition rate for the new agorithmis 95%, whichis
compatible to the beg reailt obtained by other researchers
on the sameteq set using different algorithms We describe
two experiments below. In thefirst experiment, We tested
therecognitionaccuacy vs. dimersionality reduction. Five
randomnly-selected images for eachindividual in the dataset
were placedin the training set, and the remahing images
were used for teding. Ten runs for eachof five randonly
selected images were performed with different, randompar-
titions between training and testing images, and the results
were averaged. Figure 4 shows the results of recognition
accuacy vs. dimensionality redudion. The recognitionac-
curacy approahesthebest result with40dimensons There
is no significant improvement if more dimengonsare used.
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Number of Dimensions

Thenwe fixed the number of dimension to 39 and teged
recognition accuacy vs. number of training samdes We
varied the number of training samples from 1 to 9. When
wetested ~samples(_ 1,2 9), we reducd the di-
mension to 39 dimensions.  randory-sdlected images for
eachindividua in the dataset were placedin the training
set, and the remaining images were used for testing. Ten
runs for eachof  samples were performed with differert,
randompartitions between training and testing images, and
the results were averaged. Figure4 shows the results.
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Number of Training Samples

5 A Real-time System

We have implemented a real-time face recognition sys-
tem. The system inputs the image from a video camera.
The system consists of two parts. a real-time face tracker
and a face recognition system. These two parts exchange
information througha socket as shown in Figure4. The
reason behind the decision to separate face tracking from
face recognitionis to alow the two units to work at differ-
ent rates. It is essentia tha the tracking unit continudly
upddesthelocation of a personface for coheency reasons
If alarge amountof time were to lapse before the tracking
programis allowed to tracka persons face thefaceislikely
to be in a very different location. The tracking algorithm
is much more efficient and accuate if the subjects facein
the current frame is relatively close to the position where
the subject’s face was foundin the previousframe. This
requires thetracking unit to work at aspeed of many frames
pe second. Face recognition,on the other hand, trades off
accuacy for speed At mary framesper sewond, accuacy
of recognition is too degraded to be useful. However, it
is not necessary that recognition occurs near as frequently
as tracking; therefore, we have separated the units to allow
the tracking unit and the recognition unit to work at speeds
optimal for their purpo®. This has the added advantage of



alowing one machine to perform the tracking and image
acquisition, while another computer performs recognition
on the face. This mears that aremote computer or comput-
ers that are connected to cameas cantrack the subject(s),
ard relay the facial image of the subject to a control sys-
tem tha contains the large database of faciad images for
facial recognition. Then, throughsocket communication,
therecognizer can relay therecognitionresults to whatever
computer/programdesires theinformation. Thiscertralizes
therecognitionprooess, eiminating theneed for duplicated
copies of the facial daabase, and allows for a distributed
tracking system. On the other hand, both programs can
coexist and run simultaneously on the same system.

Socket

Face Tracker ﬂ

Video Camera

Face Recognition

Facial region extraction is a prerequisite for facerecay-
nition. From our experience, the quality of face extraction
effects face recognition rate directly. For face extraction,
we use thereal-time face tracking technology developed at
the Interactive Systems Lab at Carnegie Méllon University
[18]. It uses an adaptive skin-color modd to extract what is
in highlikelihooda face from an image This color modd
can be initialized to a person’s skin color for more accu
rate tracking,thoughnotanecesary procedirefor accuate
tracking. The program also monitors motion in the image,
becawse mationlikely indicatesamoving subject Usingthe
information extracted from the motion, it looksat the cur-
rent frame, the previousframe, and the current color modd
to choos the most likely face region. It then actively up-
dates the color model to make it a better match with the
current image informaion. This insures accuate tracking
even when the subject stepsinto variouslighting regions

From the extractedface,the system canfurther find vari-
ousfeauresinasubjectsface[13]. Itiscapleof correcly

i CAMERA
File Color Output Debugging

identifying the location of the subject’s eyes, the subject’s
nodrils, and the cornes of the subject’s mouth as shown in
Figure5. For face extraction purpogs, the system focuses
onthelocation of the eyes, and uses particularly thedistance
between the eyes to establish a bounding box for theface.
Using theeyes as an anchor establishes a congstent method
for face extraction. Accurate recognition requiresthat many
digtinctivefeatures of theface bevisible, includingthe sub-
ject’shar and head contour, which means theboundingbox
must be large enoughto includethe features. On the other
hand, it is undesirable to indudethe backgroundin the fa
cial image becawse a variable backgroundadversely affects
recognition,which means theboundingbox should be small

enoughto excludeany backgroundinformation. In addition,
recognitionmethodstha use principle component anaysis
require that distinguishing features befoundin roughly the
same placefor accuate remgnition. This means tha if a
subject’s nosis foundin the middle of thetrainingimage,

then the subject’s nose needs to be in the middle of thetest
imagefor accuateidentificaion. Thus, usingtheeyesasan
anchor, distinguishing characteristics are condgstently found
in relatively the same location, and the bounding box can
be calculated to fit well aroundthe subject. It was empir-
icaly determined that a satisfactory size for the bounding
box is four timesthe distance between the eyesin height and
three times the distance between the eyes in width centered
aroundthe pointbeween theeyes. Thoughit should be kept
in mind that the actud cal culationsof the boundngbox are
not nearasimportant asit isto keepthe relative distancesof
theboundingbox condstent. Accurate recognitionrequires
congstengy. It should be noted that if the subject rotates
his/her headwith respect to the camea, the dimersions of
the box are distorted relative to the face. Aslong asthe
recognition portion is trained with images of this rotation,
thiswould not present a problem.
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We have developed agenerd recognitionmodule which
acts as a platform to alow many different methodsof face
recognitionto be’ plugged-in’ andrun. This platformfacili-
tatesrapid development and testing for different recognition
algorithms. The module has separated basic funcionssuch
as inputand outputfrom recognitionalgorithms. The mod-
ulestartsby |oading adatabaseof faceimages Theseimages
are used for training the variousrecognitionmethods The
training method is determined by therecognition algorithm.
Themodulethen allowsauser to runthevariousrecognition
methodson a recognitionset. This recognitionset can be
a set of different image filesstoredin another databa<e, or
live image data that comesfrom the facetrackng module.
Runningrecognitionon stored images alowsfor controlled
experimentation on thestrengthsand weaknesses of thevar-
ious recognition methods Runningrecognitionon a live
image is useful for identifying people tha are currently in
the range of the camera and relaying that information on to
the variousprograms that need that information.

We have currently implemenied mary different face
recognition agorithms, such PCA [15], PCA + LDA [1],
DSW [5], and direct LDA.

6 Conclusions

Wehave propogd adirect LDA algorithmfor facerecog-
nition. By transferring the full rank requirement from
to , theagorithm has avoided losing the most discrix?h-
inart dimersions becawse of removing the null space of

. Thenew agorithm has unified PCA/LDA agorithm by
naturally combining the PCA technique into eigen analy-
sisof LDA. We have devel oped areal -time face recognition
system by combi ning face tracking andface technologiesto-
gether. The system has provided a platform for developing
new face recognition algorithms. We are currently working
on improving face recognition accuacy by a sequence of
video images.
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