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Abstract. In this paper, we address the problem of face recogni- 
tion under drastic changes of the imaging processes through which 
the facial images are acquired. A new method is proposed. Un- 
like the conventional algorithms that use only the face features, the 
present method exploits the statistical information of the variations 
between the face image sets being compared, in addition to the fea- 
tures of the faces themselves. To incorporate the face and perturba- 
tion features for recognition, a technique cMled weak orthogonaliza- 
lion of the two subspaces has been developed that transforms the 
two overlapped subspaces such that the volume of the intersection 
of the resulting two subspaces is minimized. Matching is performed 
in the transformed face space that has thus been weakly orthog- 
onalized against perturbation space. Results using real pictures of 
the frontal faces from drivers' licenses demonstrate the effectiveness 
of the new algorithm. 

1 I n t r o d u c t i o n  

A considerable amount of literatures have been published in face recognition in 
recent years. Among those, some of the most successful schemes are based on 
the Karhunen-Loeve transform (KLT) (or principal component analysis PCA) 
of the gray level images [5, 6, 7, 3] (see also [2] for frequency domain repre- 
sentation). In this appoach, facial images are compared in a low dimensional 
subspace [3] called face subspace, included in the whole image vector space, that 
maximizes the scatters of the projected distribution of faces. This method works 
very well as long as the imaging conditions for both of the face image sets being 
compared are similar to each other. However, problems occur when it comes to 
data sets with large or complicated differences as addressed in the present work 
(see e.g. figure 1). This is because they do not explicitly take into account how 
the individual faces change in appearance between the image sets being com- 
pared, but such perturbation was handled only implicitly. For example, in the 
KLT approach, perturbations were excluded by somehow truncating the higher 
order eigenvectors of the face space in the PCA and matching was performed 
in the subspaces spanned by the remaining eigenvectors. However, we should 
note here that perturbations of faces happen independently of the face space 
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configurations, as one would never be able to tell how the imaging conditions, 
such as lighting directions, and thus the resulting images could change from the 
canonical appearances. Hence, only using the static face space information is not 
sufficient for recognizing faces in images with severe deviations. This is also true 
for other non-subspace approaches such as correlation methods[8]. This is the 
point that was not considered in previous work and now motivates our research. 

Suppose we try to find matches of given faces presented to the camera, let us 
call this set A, in the registered face images of the database, set B. An example 
of such pairs of frontal face images is given in figure 1, where the set A is 
the pictures of the subjects themselves while the set B is obtained through the 
pictures printed on their plastic drivers' license. Since the imaging processes of 
both face sets are thus totally different, drastic changes have been introduced 
between the corresponding face images as shown in the figure. Clearly, such type 
of face recognition is different from the traditional types that allow only small 
changes of the appearances. In this paper, we tackle such kind of difficulties 
of human face recognition, given the pair of frontal facial images with severe 
variation of the appearances due to the changes of imaging conditions. 

To this end, our method exploits perturbation information between image 
sets explicitly, by introducing perturbation subspace and combining it with the 
face subspace that was used in previous work. A perturbation subspace is a fea- 
ture space within which any variation between the given pairs of face images 
is restricted to exist. To incorporate this perturbation subspace with the face 
space, we develop a technique called weak orthogonalization of those two sub- 
spaces such that after a weak orthogonalization, the intersection of those two 
subspaces is minimized, thereby effectively excluding the major components of 
the perturbations from the face representations. Results on 181 pairs of pictures 
(362 facial images) of the individuals and their drivers' licenses show the effec- 
tiveness of the proposed method for face recogntion under drastic changes of the 
imaging conditions. 

As a related work to our method, recently in [9](see also [1]) a method for 
face recognition was developed for dealing with image variations due to the 
changes of lighting, based on Fisher's discriminant analysis. In their work, train- 
ing images acquired under a variety of lighting conditions were used to construct 
classes of individual faces, and the optimal projection matrix for classification 
was computed based on the Fisher ratio criterion. 

2 F a c e  a n d  P e r t u r b a t i o n  S u b s p a c e s  

The problem can be stated: Given a set of training facial images that are pairs 
of images of individuals in sets A z and B z, identify each face from the test set 
A t in the test set B t, where A z, A t and B l, B t are resepectively acquired under 
the same imaging conditions. 
We emphasize here again that two kind of differences are included in the face 
recognition task: one is the difference due to face identity that is described by the 
face subspace and the other is the change which is brought by different imaging 
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Fig. 1. An example of image pair 

The left is the image of the subject himself, type A, while the right image is obtained 
through a picture printed on his plastic drivers' lisence, type B. 

conditions. A perturbation subspace is a feature space for representing the latter 
change. 

As mentioned, the face subspace is designed so that  individual faces are 
discriminated most effectively [5, 6, 7, 3], by taking as its bases the principal 
components of the face distributions that  are the eigenvectors of its covariance 
matrix: CF -- ~ N ~ i = l ( F i -  M ) ( F i -  M) T. where Fi is the representation of the 
face labeled i from the sets A z and/or B z, M is their mean over i, and N is the 
number of face images used for the training phase. Similarly, the perturbation 
subspace is spanned by the principal components obtained as the eigenvectors of 
the autocorrelation matrix defined below with the large eigenvalues (NOTE: for 
the sake of simplicity in this paper we may sometimes use the term covariance 
for the autocorrelation of perturbation ignori_ng the subtraction operation by 
its mean in covariance estimation): Cp = ~ = 1  PiPiT where Pi's are sample 
perturbation vectors that  are simply computed by taking the differences of the 
sets A l and Bz: Pi = A~ - B~ where i is a label to individual person, and N is the 
number of faces used for learning the perturbation space. We assume here that  
the perturbation of the images happening to individual faces are statistically 
consistent over the different faces. 

Here, now that  we use the term subspace for perturbation, the perturbations 
should be enclosed in a low dimensional space like the face subspace in the 
high dimensional vector space of the images, which may not be guaranteed in 
general. However, suppose that for the image sets A and B the respective imaging 
conditions are somehow fixed, then, as anMyzed later in the experiment, the 
corresponding perturbations constitute a subspace. Thus, such a perturbation 
subspace might vary depending on the changes of the imaging processes and may 
have to be computed for every face recognition task. 

We also note that  since the perturbation defined above is derived simply 
by the subtraction between face pictures in the set A t and their corresponding 
pictures in B t, if the two face sample spaces of A and B are compatible, from the 
mathematical definition of a subspace, the resulting perturbation space is simply 
a subspace of that  common face subspace. Thus, at a glance it appears that  any 
feature extracted from the perturbation space is nothing more than an element 
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of that  face space, implying that  perturbation space may be useless. This is not 
true, however, because even if the perturbation space is thoroughly contained in 
the face space, the principal components, i.e., the major axes of those subspaces, 
might differ from each other. Then, if it is true, we might still have a chance to 
exclude or suppress the disturbance of perturbations in matching face images. 
This issue will also be examined empirically later. 

3 W e a k l y  O r t h o g o n a l i z i n g  F a c e  a n d  P e r t u r b a t i o n  

S u b s p a c e s  

In this section, a method for feature extraction is derived that  is suited for 
recognition, incorporating face and perturbation information introduced so far. 
Particularly, we focus on the scheme to separate the perturbations from the 
descriptions of faces. 

3.1 Orthogonal Subspace Method Revisited 

In 1970's and early 80's, there was once a technical topic called Orthogonal Sub- 
space Methods in statistical pattern classification. This aimed at feature extrac- 
tion from multiclass patterns suited for classification and recognition. Motivated 
by the early work of Fukunaga~Koontz[10, 11], they sought ways of transform- 
ing patterns to be compared prior to classification such that  resulting class sub- 
spaces are orthogonal with each other in a mathematical sense [17, 16, 13, 12]. 
The Fukunaga&Koontz method utilized the mathematical relationship between 
the two class autocorrelation matrices such that  when one whitens the mixture 
autocorrelation of the two class distributions, one can obtain shared eigen vec- 
tors between the resulting two autocorrelations with respective eigenvalues in 
reversed order. 

We reilluminate the orthogonal sub@ace method based on Fukunaga&Koontz 
by defining its relaxed concept called Weakly Orthogonalzzed subspaces and by 
deriving a generalized procedure for performing it. 

[Definition: Weakly Orthogonalized Subspaces] 
Suppose we are given two distributions {X1} and {X2} with covariance matrices 
~1 and Z2. Let these covariances have SVD's such that  Z1 = OlA(t)r ~2 --= 
�9 2A(2)~2, where ~1, ~2 are orthonormM matrices and A (1), A(2) are diagonal ma- 
trices such that  A (1) ,4ia.,rx(1) ~(t) ~(1) . .], A(2) .r x(2) x(2) t* ~L~ ' I  , " 2  ~ " 3  ' "  ~" ~ t ~ t ~ t ~ l  , ~ 2  , ~ 3  , ' ' ' ] "  

Here, if those covariances share the same eigenvectors, i.e., ~1 = ~2 ~ ~, 
and at the same time if the orders of the the eigenvalues are reversed, i.e., if 
A~ 1) > A~ 1) >_ A (t) - �9 then A~ 2) _ < A~ 2) _ < A (2) �9 �9 the we say the two distribu- 
tions {X1} and {X2} are weakly orthogonalized. 

As described, this is exactly the state that  was performed by Fukunaga&Koontz 
for two-class classification problem. Although, it has not been used so widely 
for multiclass classification, when the two classes are associated with the faces 
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and their perturbations, it turns out to be a powerful tool for recognition. Given 
the second order statistics of face and perturbation, if we have a way to trans- 
form these two subspaces into mutually weakly orthogonalized ones, we could 
effectively reduce the effect of the perturbations contained in the face represen- 
tations on matching by selecting a subspace that has only small overlaps with 
the perturbation subspace. 

In the following, we show a generalized procedure for such weak orthogonal- 
ization by two steps: the first step transforms two covariances into ones sharing 
eivenvectors (let us call this operation TCSE for short), then the second step 
reorders the two series of eivenvalues so that their orders are reversed. 

3.2 Simultaneous Diagonalization: Yielding Shared Eigenvectors  

Suppose we transform two covariances El, Z2 by a non-singular affine trans- 
formation L to yield new covariances L ~ I L T , L E 2 L  T. It is known that there 
exists a class of transformations L that can simultaneously diagonalize them. 
Apparently, the operation of TCSE is almost equivalent to simultaneous diag- 
onalization because: (1) The operation of TCSE is an instance of simultaneous 
diagonalization. (2)Simultaneous diagonalization includes TCSE in the middle 
of the procedure, where the resulting diagonal matrix is exactly the eigenvalue 
matrix resulting from the TCSE operation. 
A well known procedure for performing simultaneous diagonalization is the one 
that makes one of the two matrices, say Z1 an identity matrix, and the other, 
~ ,  a diagonal matrix A (2). Specifically, 

L.,U1L T = I (1) 

L ~ 2 L  r = A (2) (2) 

where matrix L T is given as the eigenvector matrix of Z~-lZ2(see e.g.[4]). Ap- 
parently, the class of affine transformations that can perform simultaneous diag- 
onalization, and thus TCSE, includes an infinite number of elements. However, 
the following property regarding the description of this class is noteworthy: 

[Proposition] 
Suppose a non-singular matrix L simultaneously diagonalizes two covariance ma- 
trices Z1 ,~2. Then, any matrix H that can simultaneously diagonalize those two 
convariances can be written as a product of L and some diagonal matrix D as 
H = D L  

(proof of this proposition is found in the appendix). This property implies that 
the eigenvectors resulting from the TCSE operation are unique with respect to 
the distribution. 

3.3 Diagonal  Scaling for Reorder ing  Eigenvalues 

When simultaneous diagonalization has been performed on two covariances, we 
can weakly orthogonalize the two distributions as defined, by further applying 
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a diagonal rescaling matrix to order corresponding eigenvalues in reverse in two 
covariances. Let affine transformation L diagonalize both Z1 and 222: 

L Z I L  T : A (1) (3) 

L Z 2 L  T : A (2) (4) 

where A O ) , A  (~) are diagonal matrices such that A1 = diag[)`~D,)`~l),  . .  .], A2 = 

diag[)`~2), )`~2),...]. Let the rescaling diagonal matrix with positive diagonal com- 
ponents be T, premultiplying T and postmultiplying TT(=  T) on both sides of 
eq's. (3)-(4), we can adjust the amplitude such that: 

(YL)SI(TL)  T = y A ( 1 ) T  T 

( T L ) ~ 2 ( T L )  T = T A ( 2 ) T  T.  

To reorder eigenvalues in reverse in the 
rules to follow: 

two covariances, we have the following 

rule1:  ) ` ( 1 ) ] i - ~  )`(2)/i  = 1 (5) 
r?/le2 �9 )`(1)/~ ~t_ )`(2)'~_ 1 (6) 

1 1 

~1~4  : )`(~)'~ +)`(~)'i' : 1 (8) 

~ 1 ~ 5 :  )`(~)'~.)`(~)'~ : 1 (0) 

where primes denote eigenvalues after rescaling, and n in rule4 is an arbitrary 
real number. Apparently, when the new eigenvalues satisfy any of the above 
rules, they are ordered in reverse, that is, when )`(1)' 1 > ),(1)' 2 > - . . ,  then )`(2)' 1 < 
),(2)' 2 _< . . . ,  and, thus, weak orthogonalization has been performed. To carry 
out the rescaling operation subject to these rules, we just  need to apply an 
appropriate diagonal matrix Ti (i = 1 ,2 . . . )  as described in the following: 

T1 diag[()`~ 1) + "'1 / , ~"~ 

T2 "- diag[()`(1)~ q- )`(2)~)-�88 ()`(1)22 + )`(2)~)-�88 (Ii) 
i I I 1 

T3 = diag[()`(1)~ q_ )`(2)~)-1, ()`(1)~ + )`(2)~)-1,...] (12) 

r~ : d~ag[()`(1)~ + )`(~)~)-~, ()`(~)~ + )`(~)~)_ 1 , . . . ]  (13) 

T~ = ,~--r/~(1)x(2)~-�89 t~(1)x(2)~_�89 ..] (14) ~ Y t t , " � 9 4  " '1  / 'I,"2 " ' 2  / ' "  

Rescaling by rulel is identical to Fukunaga~Koontz method, that is, to decor- 
relate the mixture of the face and perturbation distributions. Rule4 is the gen- 
eralized version of rules 1,2,3, by which the sum of the nth power (n is a real 
number ) of the correponding eigenvalues in both of the covariances are nor- 
malized to 1. If one applies the rule5, the transformed eovariance matrices are 
inverses of each other. Thus, by controling the relationship between the corre- 
sponding eigenvalues as above, we can order them in reverse between the two 
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covariances and can control the speed of the descent/ascent of the curves of the 
orderd eigenvalues. Thus, through a simultaneous diagonalization of face and 
perturbation covariances followed by a diagonal rescaling, we can obtain weakly 
orthogonalized subspaces, thereby minimizing the size the intersection of the two 
subspaces. 

Summary 
A notion called weakly orthogonalized two subspaces has been introduced. This 
aimed at suppressing the turbulance in recognition due to the perturbations 
contained in the representation of faces, by reducing the size of the intersection 
of face and perturbation subspaces. To perform this, a generalized version of 
Fukunaga&Koontz approach that  was for orthogonal subspace method was de- 
rived. The generalized procedure consists of a simultaneous diagonalization for 
obtaining shared eigenveetors and a subsequent diagonal rescaling for ordering 
the eivenvalues of the face and perturbation covariances in reverse. 

4 R e c o g n i t i o n  A l g o r i t h m  

Now we can show the core of the algorithm for face recognition that  can handle 
extreme changes of imaging processes, using the technique developed in the pre- 
vious section. The algorithm is described by two parts: one for training phase 
for computing the transformation for weak orthogonalization, which is a off-line 
process, and the other for run time phase of recognition. 

T r a i n i n g  phase 

- step l-a: Given the face training sets A z and B l, estimate covariance CF of 
the face distribution using both or either of the two sets. 

- step l-b: Compute the autocorrelation of the perturbations (JR between A l 
and B t as defined in the previous section. 

- step 2: Simultaneously diagonalize two matrices CF, Cp via some appropriate 
transformation L. 

- step 3: Rescale the resulting diagonal elements of both of the transformed 
covariances using the diagonal transformations Y described in (10)-(14). 

- step 4: Compute the matrix ~ as a product of Y and L: ~ = YL, which 
weakly orthogonalizes the face and perturbation subspaces as derived in the 
previous section. 

- step 5 : Transform each of the face vectors in the database B t using the 
matr ix ~ and retain the result in the database, where the origin has been 
set to the mean of all the entry of the database. 

R e c o g n i t i o n  phase 

- step 5: Transform the input image of the set A t by the same transformation 
and find the best match in the database. 
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Step 1-a and 1-b can be performed in parallel. As is true of the case with 
other subspace based face recognition algorithms, the run time process is com- 
putationally very efficient. 

5 E x p e r i m e n t a l  R e s u l t s  

In this section, we will present the empirical results of face recognition on two im- 
age sets with extreme variation due to the differences of their imaging processes. 
To examine the effectiveness of the proposed method, the performance has been 
compared with those of Turk&Pentland's Eigenface approach [5, 7] and another 
perturbation method based on ML (Maximum Likelihood) estimate (hereafter 
MLP). As for the density function for the MLP, when we assume that the distri- 
bution of the perturbation is normal and is, as described, independent of the face 
identity, the only parameter we need for describing the common perturbation 
distribution is the autocorrelation Cv, where the mean is assumed to be zero 
and the metric for the Gaussian kernel is Cp 1. 

5.1 Pre l iminar ies  

Three different algorithms were implemented on a Sparc Station SS-UA1. To 
strictly evaluate the effectiveness of our weak orthogonalization approach against 
changes of the imaging conditions, variations of the geometrical properties in 
the images such as the orientation and the size of the faces were normalized 
prior to the actual training and recognition process. This was done for each 
image from the sets A and B by first manually specifying the left and right eye 
centers, and then setting the interocular distance and the direction of eye-to-eye 
axis, performaing scale and rotation invariance of images. Although the above 
process includes manual operation, we understand that it can be replaced by 
an automated process using the techniques for face detection presented in, e.g., 
[5, 8]. The actual face parts used for the tests were masks for eyes (50x20 pixels), 
nose(25x25 pixels), and the whole face (45x60 pixels; the area from eyebrows 
downwards). 

5.2 Recogni t ion  Experiments 

The first experiment tests the recognition performance of Weak Orthogonaliza- 
tion method by a comparison with two other algorithms: Eigenface and MLP, 
demonstrating the superiority of the proposed method. In the second test of the 
present method, we check the effect of the selection of the principal components 
of the transformed face space on recognition performance. 
[Test l :  compar i son  wi th  Eigenface and  MLP]  
Recognition performances of these different algorithms were compared by ran- 
domly choosing 80 different pairs of training (A z, B l) and test sets (A t, B~), where 
each pair consists of 91 pairs of images from types A and B. The training and 
test sets had no overlaps. In the following, explanations for using a single pair 
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of training and test sets are given. Performance evaluations are simply by the 
results from the iterations on 80 different pairs of the learning and recognition 
image sets. 

Training phase 
Training operations were performed for each of the three different algorithms. For 
the Weak Orthogonalization method: first face covariance CF was estimated by 
using the 91 type A images. Similarly, perturbation covariance Cp was estimated, 
where the differences between types A and B of each face were simply used 
for perturbation samples. Then, covariances CF and Cp were simultaneously 
diagonalized using the affine transformation described in (1)-(2). From these 
transformed face covariances, 90 principal components were obtained and all of 
those were used, which means the dimension of the transformed face subspace 
was 90 (Note that this is exactly the rank of the face sample matrix of which 
each column face vector has been subtracted by their mean). For the diagonal 
rescaling, we selected rule 3. As will be described soon, as the number of images 
used for training was too small, the choice of diagonal rescaling matrix did not 
make any difference on recognition performance in this experiment. In estimating 
the covariance of face distribution for Eigenface, the mixture of sets A l and B ~ 
was used, instead of using CF computed above. This is because using information 
from only one type of image set, e.g. set A, is not fair when comparing with weak 
orthogonalization method that uses information of both types, though original 
Eigenface used only one of the two comparing sets. For the MLP method, we 
simply used the same covariance Cp for computing the Mahalanobis distance 
between the two images as was used for weak orthogonalization method. For 
both the Eigenface and MLP algorithms, 90 principal components were used. 
Hence, the dimensions of the extracted feature vectors as well as the used face 
sample sets, each for computing feature extraction matrix by three different 
algorithms are the same. For each of the images in the set B t feature extraction 
was performed using the three different algorithms and the results were stored 
in the database. 

Recogni t ion  phase 
Recognition tests were conducted using the remaining 91 pairs of potentially 
corresponding types A and B (A t, B t) images that were not used for the training 
phase. For each of the images from the set A t feature extraction was done in the 
same way as for B t, and the best match was found using the Euclidean distance 
between the input (A t) and database (B t) facial feature representations that 
had 90 dimensions. 

In figure 2 the correct recognition percentage for the eye part using the 
three different algorithms are shown, where the horizontal axis simply denotes 
the different pairs of training and test sets: the top graph shows the results 
for our weak orthogonalization method, the middle the MLP method, and the 
bottom the Eigenface method. Here, correct recognition means that the correct 
pair was found to be the best match. For any of the training and test sets, the 
weak orthogonalization method performed best. The performance of MLP was 
always second. Eigenface performed very poorly on this experiment. In table 1, 
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Fig .  2. Comparison with Eigenface and MLP 

The correct recognition rates for the eye part are shown, where the horizontal axis 
denotes simply the different pairs of training and test sets: the top graph is our weak 
orthogonalization method, the middle the MLP method, and the bot tom the 
Eigenface. 

the  cumula t ive  pe rcen tage  of the  correct  m a t c h  be ing  r anked  wi th in  the  top  10 
ranks  for eye images  are given. I t  is seen t h a t  the  weak o r thogona l i za t ion  m e t h o d  
is ve ry  s tab le  c o m p a r e d  wi th  the  o ther  me thods .  

In  t ab le  2, s imi lar  resul ts  are p resen ted  on regions of  the  nose and  the  whole 
face, where the  average correct  recogni t ion  ra tes  are shown, which are also f rom 
the  60 different  pa i rs  of  t r a in ing  and tes t  image  sets.  F r o m  these  resul ts ,  the  
effectiveness of our  weak o r thogona l i za t ion  m e t h o d  is confirmed.  

[IRankllWeak Orthogonalization[MLPlEigenface} 
1 36.3 20.9 2.2 
2 49.5 25.3 6.6 
3 53.8 31.9 9.9 
4 60.4 35.2 11.0 
5 61.5 39.6 12.1 
6 63.7 42.9 14.3 
7 65.9 50.5 18.7 
8 68.1 53.8 19.8 
9 69.2 57.1 20.9 
10 70.3 60.4 24.2 

T a b l e  1. Cumulative percentage of correct match within top 10 ranks 

The weak orthogonalization method is very stable as compared with the other methods. 
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[Test2: The  effect o f  the select ion of  the subspace] 

Weak Orthogonalization MLP ~ Eigenface 
Eye 36.6 27.0 4.2 
Nose 18.6 12.6 3.2 

Whole face 41.1 30.9 26.5 

Table 2. Correct recognition rates: averages 

The average correct recognition rates for nose and whole facial regions as well as eye 
part are presented, which are also from the 60 different pairs of training and test image 
sets. On any of the facial regions, weak orthogonalization method performed best. 

3O 
~5 

15 
10 
5 
0 

0 20 4O 

Fig. 3. Effect of the selection of the subspace 

The horizontal axis is the order of the componet set (from the lowest to highest) and 
the vertical axis is the percentage of the correct recognition. 

The dependency of the recognition performance of the weak orthogonalization 
method on the selection of principal components spanning the subspace of the 
faces was examined using the eye images. Tests were conducted by selecting 60 
(and 30) components for spanning the subspace out of the 90 eigenvectors of the 
face distribution obtained by PCA after the weak orthogonalization operation. 
The selection was made in consequtive order from the lowest (having largest 
eigenvalues) 60 components to the highest. Figure 3 shows the results where the 
horizontal axis is the order of the componet set (from the lowest to the high- 
est) and the vertical axis is the percentage correct recognition. Roughly, we can 
say that  after the 10th order, the performance declined sharply for both of the 
60 and 30 axes case. Thus, we tentatively conclude that  there is a difference 
in the recognition power between the principM components after weak orthog- 
onalization, and lowest components appear to have the maximum recognition 
ability. 

[ C o n f i g u r a t i o n s  o f  w e a k l y  o r t h o g o n a l i z e d  face  a n d  p e r t u r b a t i o n  sub-  
spaces]  
In the above tests, for constucting a face subspa~e that  is weakly orthogonalized 
against perturbation space, we used 91 face image samples and 91 perturbation 
samples. Since this number was too small as compared with the dimension (1000) 
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Fig. 4. Eigenvalues assciated with pricipal components 

Eigenvalues along the major components of the face (set A l) and the perturbation 
subspaces defined as {P~]Ai - Bi} are shown, where the horizontal axis is the order 
and the vertical axis is the eigenvalues. It can be observed that only a small set of 
principal components occupy a large part of the variation of the perturbation 
distribution. 

of the eye images, when we performed simultaneous diagonalization, those two 
subspaces (exactly the spaces for the training sets) were completely orthogonal- 
ized in the mathematical sense. This implies that  eigenvectors were not shared 
in practice: for the components of face subspace the eigenvalues for perturbation 
space were zeros, and vice versa. For this reason, in this paper we could not 
evaluate the variation of the rescaling methods as it assumes eigenvectors are 
truly shared. 

6 V i a b i l i t y  Tes t s  

It may be of readers concern what kind of specific classes of the face recogni- 
tion problem the present technique may be applied to, as was also addressed in 
section 2. At present, it is not easy for us to give exact answer to this question. 
However, we may give indications for this by defining the following two quan- 
titative measures, both of which are computed using the PCA outputs of the 
training images: K: the degree of concentration of variations of perturbations to 
lower order components, and V: the degree of overlaps between the face and the 
perturbat ion subspaces. 

~rj 
K = ~min[i]{  > r} (15) 

~rj 

$ f(*) " rmin{eval~;eval~(i)} * cosine 
v = E{tog [ min{evali, evali} } (16) 

where in the first equation, N is the number of obtained principal components, 
and 0 < r < 1, and in the second equation, eval~ is the square root of the ith 
eigenvalue for the first, let say perturbation, subspace, and eval~ is the similar 
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eigen property of the second, let say set A, subspace, f ( i )  is the operation giving 
the order of component of the second subspace that has the maximum coinci- 
dence in direction with the ith component of the first subspace in terms of the 
consine. The notation E{.} denotes the averaging operation over i. Recall that 
our method assumes that perturbations consistute a subspace which might have 
some overlaps with face subspace, and also that it is the objective of the method 
to try to exclude or suppress the disturbance of such perturbations on matching 
faces. Therefore, we hypothesize that the smaller the values of K and V for the 
image sets the better our method should perform. 

We have made an examination of these measures using the same image sets as 
those for the face recongition experiments. Figure 4 shows the eigenvalues along 
the 90 principal components of the eye images (set A) and their perturbation 
defined as {PIIA~ - Bi} .  When we set r = 0.95, the values of K were 0.23 for 
the perturbation and 0.22 for the set A. From this, it can be seen that the 
pertubation distribution can be represented as a small set of major componets, 
as their associated eigenvalues occupy the most part in the total variance, which 
allows us to define the perturbation subspace. We have also estimated the degree 
of overlap between the face and perturbation subspaces using the measure V. 
This was done for perturbation vs. face set A (P-FA) and perturbation vs. face set 
B (P-FB), and face set A vs. face set B (FA-FB) was also included for comparison. 
The results are -1.18 for P-FA, -1.58 for P-FB, and -0.48 for FA-FB. From this, it 
is observed that the degrees of overlap between perturbation and face subspaces 
(P-FA, P-FB) are lower than that between the two face subspaces (FA-FB). 
Thus, both of the measures K and V were low for those given specific image 
sets A and B used here, which supports the improved recognition performance 
of the proposed method over the existing techniques as demonstrated in the 
experiments. 

7 C o n c l u d i n g  r e m a r k s  

We have proposed a face recogntion algorithm that can handle extreme changes 
of appearance due to drastic changes of imaging conditions. In the present 
method, the statistical information of the perturbation of the face images from 
the registered corresponding ones are exploited, in addition to the features of 
the faces themselves that were used in conventional methods. In order to incor- 
porate both of the face and perturbation features for recognition, we developed 
a technique called weak orthogonalization of the two subspaces that transforms 
the given two overlapped subspaces such that the volume of the intersection of 
the resulting two subspaces is minimized. Empirical results using real pictures 
of the frontal faces from drivers' licenses demonstrated the effectiveness of the 
new algorithm. The viability of the proposed method for a given specific face 
recognition task may be evaluated using the measure K: the degree of concen- 
tration of the eigenvalues and the measure V: the degree of overlap between the 
perturbation and face subpaces. 
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Appendix 

P r o o f  o f  P r o p o s i t i o n  
Let non-singular matrix A simultaneously diagonalizes two covariances Z1, ~2: 

A ~ I A  T = A1 (17) 

A Z ~ A  T = As (18) 

Let matr ix B be any one that  performs similar diagonalization as: 

B2~1BT = (21 (19) 

BZ2B T = (22 (20) 

Matrix B can be written as a product of A and some matrix C as B = CA.  
Substituting this into (19) and using (17), we have: 

CA1C T -- (21 (21) 

CA2C T = ~2 (22) 

This can be rewritten as: 

( C A } ) ( C A } )  T = ((2})(~2}) T (23) 

( C A } ) ( C A } ) T  _ _  ((2~)((2~)T (24) 

From (23), we have C = (2~ UA 1 2, where U is an orthogonal matrix. 
Substituting this into (24) and rearranging, we have: 

UA2/1UT "- [22/1 (25) 

where A2/1 = A~A'{ 1 and ~2/1 = (22J-21-1. 
Noting that  (25) shows a similarity transformation between A2/1 and (22/1 (U T = 
U - l ) ,  we have A2/1 = ~2/1 and U is an identity matrix. Therefore, we obtain 

1 1 

finally C = (2~ A1-~, which completes the proof. 
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