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Abstract. Eigenspacebased approaches (differential and standard) have
shown to ke dficient in order to ded with the problem of facerecgnition.
Although differential approaches have a better performance their
computational complexity represents a serious drawbadk. To overcome that, a
post-differential approach, which uses differences between reduced face
vedors, is here proposed. The mentioned approaches are compared wsing the
Yade axd FERET databases. Findlly, a generalized framework is also
proposed.

1. Introduction

Face Reaognition is a highly dimensional pattern recogrition problem. Even low-
resolution faceimages generate huge dimensional spaces (20,000 dmensions in the
case of a 100x200 pixels face image). In addition to the problems of large
computational complexity and memory storage, this high dmensionality makes very
difficult to oltain statistical models of the input spaceusing well-defined parametric
models. However, the intrinsic dimensionality of the face space is much lower than
the dimensionality of the image space since faces are dl similar in appeaance ad
poses sgnificant statistica regularities. This fad is the starting point of the use of
eigenspace methods to reduce the dimensionality of the input face space which is the
subjed to be studied in this paper.

The main task of face rewmgnition is the identificaion d a given face image
among al the faces gored in a database. The result of identificaion corresponds to
the subjed that shows the most similar features to the ones of the requested face
image. In this way, it is necessary to define asimilarity function S(X,Yy) to quantify
the likeness between two face feaure vedors x and y. Furthermore, in most face
image databases exist only a few number of images per subject (usually one) and then
there is not a reliable statisticd knowledge aout ead subjed or class Thus, the
immediate problem consists in finding the neaest-neighba of the requested face
image anong al the faceimages in the database, working in a metric space defined
by the similarity function. Two approaches can be utilized to implement that: (i)
feaure matching, in which locd feaures (eyes, mouth, etc.) are used to compute the
feaure vedor, and (ii) template matching, in which the whole face image is
considered as the feature vector, considering each pixel value as a vector component.
This last approach works but is not efficient. The huge and redundant number of
components demands the gplicaion of dimensional reduction methods, leading to
the eigenspacebased approades in which we ae focused.

Standard eigenspacebased approaches projed input faces onto a dimensional
reduced spacewhere the recogrition is caried out. In 1987 Sirovich and Kirby used
Principal Component Anaysis (PCA) in oder to obtain a reduced representation o
faceimages [9]. Then, in 1991 Turk and Pentland used the PCA projedions as the



feaure vedors to solve the problem of facerecogrition, using the euclidean distance
as the similarity function [10]. This g/stem was the first eigenspace-based face
recogrition approach and, from then on, many e genspacebased systems have been
proposed using dfferent projedion methods and similarity functions. A differential
eigenspace-based approach was propcsed in 1997 by Pentland and Moghaddam [4],
and it alows the gplication of statisticd analysis in the recognition process The
main ideais to work with dfferences between face images, rather than with face
images. In this way the recognition problem beacomes a two-class problem, becaise
the so-cdled “differential image” contains information of whether the two subtracted
images are of the same classor different dasses. In this case the number of training
images per class incresses © that dtatisticd information becomes available. The
system proposed in [4] used Dua-PCA projections and a Bayesian classifier.
Following the same gproad, a system using singe PCA projedions and a Suppat
Vedor Madine (SVM) classfier is here outlined.

In several comparisons that we have done between these two different
approaches, we have redized that the “differential” approaches work better than the
standard ones. However, in the differential case dl the faceimages need to be stored
in the database, which slow down the recogrition process Thisis a serious drawbad
in pradicd implementations. To overcome this drawbadk a so-cdled post-differential
approach is here proposed. Under this new approad, differences between reduced
face vedors are used instead of differences between face images. This alows a
deaeasing of the computations and storage required (only reduced facevedors are
stored in the database), without losing the recognition performance of the differential
approaches.

This paper is gructured as follows. In sedion 2 the mentioned eigenspace-based
recogrition approaches are described. In this sdion is aso proposed a generic
framework in which the standard and the differential approadhes can be included. In
sedion 3 are presented some simulation results of remgrition using the Yae and
FERET databases, which allows to compare the different approaches. Finally, some
conclusions of this work are given in sedion 4.

2. Eigenspace-based Face Recognition
2.1 Standard Eigenspace Approaches

Fig. 1 shows the block diagram of a generic, standard eigenspacebased face
recogrition system. Standard eigenspacebased approaches approximate the face
vedors (face images) by lower dimensiona feaure vedors. The main supposition
behind this procedure is that the face space has a lower dimension than the image
space and that the reaognition d the faaes can be performed in this reduced space
These gproades consider an off-line phase or training, where the projection matrix,
the one that achieve the dimensional reduction, is obtained using all the database face
images. In the off-line phase ae dso cdculated the mean face and the reduced
representation of ead database image. These representations are the ones to be used
in the recognition process Among the projedion methods employed for the reduction
of dimensionality, we can mention: PCA [10], Linea Discriminant Analysis (LDA)
[2], and Evolutionary Pursuit (EP) [3]. Among the similarity matching criteria
employed for the reaognition process they have been used: Euclidean-, Cosine- and



Mahalanolis-distance, Self-Organizing Map (SOM) clustering, and Fuzzy Fedure
Contrast (FFC) similarity (seedefinitionsin [6]). All this methods have been analyzed
and compared in [6]. Under this gandard eigenspace gpproach a Rejection System for
unknown faces is implemented by pladng athreshold over the similarity measure (see
Fig. 1).
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Fig. 1. Block diagram of a generic, standard eigenspacebased facereaognition system.

2.2 Differential Eigenspace Approaches

Fig. 2 shows the block diagram of a generic, differential eigenspacebased face
recogrition system. In this gpproac the whole faceimages are stored in the database.
Previously the faceimages are centered and scded so that they are digned. An input
faceimage is normalized and subtraded from ead database image. The result of eadh
subtradion is caled “differential image” A in RN andit is the key for identification.
That becaise it contains information of whether the two subtraded images are of the
same dass or different classes. In this way the origina problem of NC classes
becmes a two-class problem. The so-cdled dfferentia images are projeded into a
reduced spaceusing a given projedion method. Thus, each image is transformed into
a reduced dfferential vector & in R". Theredfter the dassfication of the reduced
differential vedors is performed. The result of each classficaion (S,) is negative if
the subtraded images (eat o) are of different classes and positive in other cese. In
order to determine the dass of the input face image the reduced vedor with
maximum clasdgfication vaue is chosen, and the dassof its initial database image is
given as the result of identificaion. The rejedion system ads just when the maximum

classficaion value is negative, i.e. it corresponds to the subtradion of different
clases. Dual-PCA and SingePCA projedions have been used as projedion

methods. The Dual-PCA projedions employ two projedion matrices:. W, O RV ™

for intraclasses , (subtradions within equa classes), and W [ RV™ for extra-
clases Q_ (subtrections between dfferent classs). Duad-PCA projections are
employed together with a Bayesian clasdfier in order to perform the cdasdfication of
the differential images [4]. Singde-PCA projedion employs a single projedion matrix
W ORM™ (standard PCA) that reduces the dimension of the differentiad face

images, and it is used together with a SVM classifier in order to perform the
clasdficdion.



2.3 Post-Differential Eigenspace Approaches

Fig. 3 shows the block diagram of the generic, post-differential eigenspace-based
faceremgrition system here propcsed. In this approach only the reduced faceimages
are stored in the database. Input faceimages are normalized and then projeded into a
reduced space using a given projedion method (we mnsider only Singe-PCA
projections). Theredter, the new reduced faceimage is sibtraded from eat database
reduced faceimage. The result of eat subtraction is cdled “post-differential image”

& in R™. This vedor contains information of whether the two subtraded vedors are
of the same dass or different classes, and then it works in the same way as the
“differential images’ once projected on the reduced space The dassficaion module
performs the dasdficaion of the post-differential vedors. The dass of the reduced
database vector that has the maximum clasdficaion value gives the dassof theinitia
input faceimage. If the projection module does not significantly change the topdogy
of the differential-image space then the differential and post-differentia approaches
should have very similar recognition rates. The rejedion system acts just when the
maximum clasdficaion vaue is negative, i.e. it corresponds to the subtradion of
different classes. We have implemented two different systems that follow this
approach, and they are described in the following subsedions.
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Fig. 3. Block diagram of a generic, post-differential eigenspace facereaognition system.



SVM Classification

SVM initssimplest form, linearand separable cae, is defined as the hyperplane
that separates the vector sets belonging to different classes with the maximum
distanceto its closest samples, cdled support vedors. The problem is slved using a
particular Lagrange formulation in which the problem is reduced to the computation
of Lagrange multipliers. SVM in its general form, non-linea and ron-separable, is
very similar to its smplest form. Non-separable caes are considered by adding an
upper bound to the Lagrange multipliers [7], and nonlinea cases are wnsidered by
repladng al the dat products like Xy , by a so-cdled kernel function K(x,y). Asa

classficaion system we ae using SVM over the differential reduced training vedors
0 JR™. Thus, the system to be solved corresponds to the following [1]:

NT NT NT ()
MaxL,(a;)=-3 yiyja.a; K(%;,8;)+) a, 1
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NT
subjed to: 0<a,<C i=1..NT; Zyiai:o.

Then, classficaion rule will be S(8) = Zori y, K(8,,8) + b, in which the
parameter b isgiven by the following expresson:

b=y, _zai y, K(9;,9,)
for someksotha a, >0 (d,: suppat vedor ). (2

Bayes Classification

If we suppose anormal distributed pettern for both &, OR™ (6 Q,, intra-
clasg and 6. OR™ (8 0Q, extraclasy, then the likelihood of agiven § will be
[5]:
exd -3(3-8)"R*(3-9) |

(3
(2m)™?| R [

P(3/Q) =

with & the mean differential image and R the correlation matrix, for a given set Q
(Q, or Q). Thuswe e@n compute the likelihood P(5/Q,) and P(5/Q.) in arder
to obtain the a posteriori probability using the Bayesrule:
P(3/Q) P(Q)

PO/2,)P(@,) + P(6/2,) P(2,) @

P(GOQ) =P(Q/3) =

Therefore a given 6 would be dasdfied as an intraclass vedor if
P(€, /d) - P(2. /d) >0. Using expresson (4) the dedsion ruleyields:

S(6)=P(6/Q,) P(@)) - P(/2:) P(Qe) . (5)
and for numericd stabili ty the logarithm of thisdedsion ruleis computed.



2.4 Generalized Eigenspace Framework

The gproaces previoudy presented can be thought as independent el genspace
based systems. Nevertheless the foundations of ead approach are based on similar
principles. Fig. 4 shows a generalized elgenspacebased faceremgnition framework
from which al the previous approadches presented could be derived. The standard
eigenspace proach is formed when the switches in Fig. 4 are set in the paositions 1
and 3, the differentia eigenspace approach is formed when the switches are set in the
positions 2, 4 and 5; and the post-differential eigenspace gproad is formed when the
switches are set in the pasitions 1, 4 and 6 The main ideais that al the égenspace
approaches use a projedion module that could work with origina or differential
images and, when differential approaches are being used, the differences could be
computed before or after the dimensional reduction.
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Fig. 4. Block diagram of a generalized eigenspacebased facerecognition system.

3. Comparison among the approaches
3.1 Simulations using the Yale Face I mage Database

In order to compare the described approaches we have first made severa
simulations using the Yale University - Face Image Database [11]. We used 150
images of 15 different clases. First, we preprocessed the images manualy by
masking them in windows of 100 x 200 pixels and centering the eyes in the same
relative places. In table 1 we show the results of severa simulations for standard
approaches using dfferent kind of representations and similarity matching methods.
For each simulation we used a fixed number of training images, using the same type
of images per class acording with the Yae database spedficaion. In order to dotain
representative results we take the average of 20 different sets of images for eadt fixed
number of training images. All the images not used for training are used for testing. In
tables 2 and 3 we show the results of several simulations using differential
approaches. We used equa a priori probabilities for the Bayes-based methods,
P(Q,)=P(Q.), and a penalty for nonseparable caes C=0.01 in the SVM
classficaion method. The number of axes obtained with single-PCA was dightly
smaller than the one obtained with standard PCA (shown in table 1). On the other
hand, the number of axes obtained with dual-PCA was about the same for intra-class
and extra-classimages, and small er than the number obtai ned with standard PCA. As
it can be seen in these simulations, the differential and post-differential approaches



show a dightly better performance which increases when a low number of training
images per class (2) is used. That shows that both approaches have a better
generalizaion ability than the standard one.

Tables 1, 2 and 3. Mean recognition rates using the Y ale database and dfferent numbers of
training images per class and taking the average of 20 dfferent training sets. The small
numbers are standard deviations. All results consider the top 1 match.

Table 1. Standard Eigenspace

projection images axes | euclidgean cos(-) SoMm . whitening  whitening  whitening  whitening
method per class euclidean cos(-) SOM FFC
PCA 56 87.9 86.0 84.6 771 64.7 79.3 64.7 771
6.2 6.8 7.0 101 9.4 116 105 101
FISHER 6 1a| 915 916 903 839 919 9R26 N1 86
6.6 6.5 6.7 9.3 5.8 5.6 6.2 83
Ep 15| 8.2 83 87 772 - - - -
9.0 8.7 9.8 8.0
PCA | 87 87.1 86.0 78.5 69.5 83.2 66.1 78.5
38 41 51 81 8.9 9.0 105 81
FISHER 5 | 922 917 903 81 923 R4 N1 84
57 6.2 6.4 9.1 47 57 53 85
ep 13| 841 8.7 87 787 - - - -
5.7 6.6 7.6 6.8
PCA 46 87.3 86.7 84.8 77.6 72.9 84.4 66.7 77.6
39 39 36 52 55 5.6 6.5 52
FISHER 4 14| 93 911 903 84 904 910 901 89
45 5.0 44 59 42 44 47 57
Ep 13| 836 89 80 747 - - - -
4.6 4.7 5.0 6.0
PCA 35 86.6 854 82.0 77.9 75.0 84.8 67.4 77.9
4.0 39 5.6 46 5.6 5.4 6.9 46
FISHER 3 14| 890 904 874 807 89 8.9 87 815
36 4.0 4.0 6.3 31 39 39 34
ep 14| 811 89 85 759 - - - -
43 3.7 3.7 4.4
PCA 2% 82.7 80.8 76.2 711 75.6 821 60.8 711
59 59 7.9 59 49 46 73 59
FISHER ) 1a| 85 82 794 693 807 88 788 736
5.6 58 5.8 8.6 47 49 58 6.2
Ep 14| 778 812 760 700 - - -
5.6 5.3 7.3 7.4

Table 2. Differential Eigenspace

images Dual PCA SUM
per class Bayes
6 93.5 94.1
6.1 4.1
5 93.3 925
57 53
4 90.9 91.3
35 4.5
3 90.0 89.6
37 57
2 84.7 86.9
51 59

Table 3. Post-differential Eigenspace

images Bayes SVM
per class
6 91.6 93.5
6.2 4.8
5 90.9 921
6.5 45
4 89.8 90.2
51 41
3 88.3 89.5
48 6.5
2 875 87.0
55 58




3.2 Simulationsusing FERET

In order to test the described approach using a large database, we made
simulations using the FERET database [8]. We use atarget set with 762 images of
254 different classes (3 images per clas9, and a query set of 254 images (1 image per
clasg. Eyes locdion isincluded in FERET database for all the images being used.
Then the preprocesgng consists in centering and scding images  that eyes position
keeps in the same relative place. In table 4 we show the results of simulations for
standard approaches using different kind of representations and similarity matching
methods. In this table the SOM-based clustering was not included becaise in these
tests the number of classes (254) is much larger than the number of images per class
(3), and the training process is very difficult. In tables 4 and 5we show the results of
simulations using differential and post-differential approaches. The reaognition rates
of bath approaches are better than amost al results using standard gpproades, with
the exception d the FLD-cosine and EP-cosine when 3 images per class were used
for training. It must be nated that, when 2 images per classwere used for training, the
differentia and pcst-differential approaches work better than al the standard ones.
Thisfad shows again that differential approaches have a ketter gereralization abil ity.

Tables 4, 5 and 6. Mean recognition rates for standard approaches using FERET. All results
consider the top 1 match for recogniti on.

Table 4. Standard Eigenspace

projection images . whitening  whitening  whitening
axes | euclidean cos( ) FFC
method per class euclidean cos( ) FFC
beA 21| 870 86 8.0 744 894 850
HISHER 3 |108] 913 941 921 88 921 921
Ep 15| 910 931 910 - - -

bon 80| 819 87 807 623 8.0 80.7

73| 795 88.2 85.2 79.5 88.2 85.2

FISHER 2
EP. 9% 80.3 85.8 - - -
Table 5. Differential Eigenspace Table 6. Post-differential Eigenspace
images per Axes Bayes SVM images per Axes Bayes SUM
class Bayes SVM class | payes SVM
3 148(i) /156 () 186 92.6 | 92.7 3 158 218 913 92.8
2 106()/128(9 124 | 883 | 90.6 2 115 173 88.1 %0.6

4. Conclusions

Eigenspacebased approaches have shown to be dficient in order to ded with
the problem of face reaognition. Although differential approaches have a better
performance than the standard ones, their computational complexity represents a



serious drawbadk in pradical applications. To overcome that, a post-differential
approach, which uses diff erences between reduced face \edors was here proposed.

The three mentioned approaches were compared using the Yale and FERET
databases. The simulations results obtained have shown that the two dfferentia
approaches have abetter generalization abili ty than the standard one. This is probably
becaise of the dasdficaion techniques used in the differential and post-differential
approaches take alvantage of additional statisticd information. This property was
dedsive when a low number of training images per class (2) was used. In the
simulations, the Bayes and SVM implementations do nat show a significant
difference in their performance so bah could be used for this kind of application.
The simulation results sow that the here proposed post-differential approach
correspords to a very practicd solution in order to oltain a good reaognition
performanceas well asa fast processng speed.

Eigenspace decompasitions can be divided in generic (e.g. generic PCA) and
spedfic. In a spedfic decompasition, the faces which need to be identified are those
whose images are used when computing the projedion matrix. Thisis not the cae in
a generic decomposition. In the here presented simulations only spedfic
decmpositions where used. As a future work we want to perform simulations using
generic decompositions to go deeper in the comparison d the described approades.
We believe that in this case differentia approaches will show an even better
generdizdion ability.
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