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Recognizing faces with uncontrolled pose, illumination, and expression is a challenging
task due to the fact that features insensitive to one variation may be highly sensitive
to the other variations. Existing techniques dealing with just one of these variations are
very often unable to cope with the other variations. The problem is even more difficult
in applications where only one gallery image per person is available. In this paper, we
describe a recognition method, Adaptive Principal Component Analysis (APCA), that
can simultaneously deal with large variations in both illumination and facial expression
using only a single gallery image per person. We have now extended this method to
handle head pose variations in two steps. The first step is to apply an Active Appearance
Model (AAM) to the non-frontal face image to construct a synthesized frontal face image.
The second is to use APCA for classification robust to lighting and pose. The proposed
technique is evaluated on three public face databases — Asian Face, Yale Face, and
FERET Database — with images under different lighting conditions, facial expressions,
and head poses. Experimental results show that our method performs much better than
baseline recognition methods including PCA, FLD and PRM. More specifically, we show
that by using AAM for frontal face synthesis from high pose angle faces, the recognition
rate of our APCA method increases by up to a factor of 4.

Keywords: Face Recognition; Pose, Illumination, and Expression; Face subspace; Space
Rotation.

1. Introduction

Uncontrolled face recognition is an extremely challenging task because of the over-
all similarity of all human faces accompanied by large differences between face
images of the same person due to image capture variations such as changes in light-
ing, view point, head pose, and facial expression. An ideal face recognition system
should recognize faces from face images acquired under quite natural uncontrolled
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photographic conditions. However, the fact that differences between images of the
same face due to these nuisance variations are normally much greater than those
between faces1 of different people makes it extremely difficult to compensate for
common image capture variations. Most current face recognition systems can only
deal with images taken under very constrained image capture conditions, thereby
increasing implementation cost and also limiting the usefulness of such systems.

Some researchers refer to pose, illumination, and expression as PIE variations
and have directed their recent research to diminishing the impact of PIE. Two main
approaches have been proposed for illumination invariant recognition. One is to
represent images with features that are less sensitive to illumination changes16,38,40

such as the edge maps of the image. However, there are also disadvantages with
edge representations because a shift in edge locations resulting from a small rota-
tion or location error will degrade recognition performance. Yilmaz and Gokmen
proposed to use hills for face representation which overcome the locality problem
by spreading the edge profile.40 Others prefer to use derivatives of gray-level dis-
tributions of face images3,14 because hills may carry an artificial “edginess.” No
matter what kind of representation is used, these approaches assume that features
do not change dramatically with variable lighting conditions. But this is not always
the case. All of the above representations suffer from the fact that features gen-
erated from shadows are related to illumination changes and may have an impact
on recognition. Experiments done by Adinj et al. 1 show that even with the best
image representations using illumination insensitive features and the best distance
measurement, the misclassification rate is more then 20%.

Another approach is to construct a low dimensional linear subspace for images
of faces taken under different lighting conditions. This approach is based on an as-
sumption that images of a convex Lambertian object under variable illuminations
form a convex cone in the space of all possible images.3 If we ignore shadows, this
subspace has three dimensions41. To account for attached shadows, higher dimen-
sionality should be involved and around 5 to 9 images are required to construct
the convex cone.2,18,22 All these methods suppose that the surface of human faces
is Lambertian reflected and convex. Therefore, it is hard for these systems to deal
with cast shadows. Furthermore, these systems need several images of the same
face taken under different controlled lighting source directions to construct a model
of a given face. However, sometimes it is difficult or impossible to obtain a set of
different images of a given face under specific conditions (e.g., this is certainly true
in the case of historical photographs of deceased persons).

In the case of expression invariant recognition, this is problematic for machine
recognition and is quite a difficult task for humans. One approach5,8 is to morph
images to be the same neutral expression as the gallery image. Yet, it is not guar-
anteed that all images can be morphed correctly, for example an image with closed
eyes cannot be morphed to a neutral image because there is no texture available
for the eyes. In another approach, Xiaoming Liu et. al27 proposed to use optical
flow for face recognition with facial expression variations. But it is hard to learn the
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local motions within the feature space to determine the expression change of each
face, since the way one person expresses a certain emotion is normally somewhat
different from another. Martinez28 proposed a weighting method to deal with facial
expressions. A face image is divided into several local areas and those that are less
sensitive to expression change are chosen and weighted accordingly. But features
that are insensitive to expression changes may be sensitive to illumination change.
Adinj et al1 says that“when a given representation is sufficient to overcome a sin-
gle image variation, it may still be affected by other processing stages that control
other imaging parameters.”

Pose invariant face recognition can be classified into two categories: 2D based
approaches and 3D based approaches. Though 3D face models can be used to de-
scribe the human face appearance under various poses accurately, there are several
disadvantages that limit its application.9 First, to construct 3D face models, expen-
sive 3D scanners have to be installed. Second, to acquire 3D data, the depth of field
of scanners has to be well controlled and the range of data acquisition is limited.
Third, using 3D scanners to obtain 3D data is time consuming and is not suitable
for real-time applications. Experiments on FRGC 2006 show that face recognition
on 2D still images achieves comparable performance to that of 3D approaches.32

Thus, we choose to focus mainly on 2D methods.
Existing 2D pose invariant face recognition techniques can be divided into three

classes: Pose-Invariant features, Multi-view spaces, and face synthesis approaches.
Wiskott et. al proposed Elastic Bunch Graph Matching, which applied Gabor filter
to extract pose invariant features.39 In Ref. 6 and Ref. 7, Beymer used multiple-view
templates to represent faces with different poses. Pentland et. al applied PCA for
face recognition with pose variations by constructing view-based eigen spaces, where
each view is represented by an individual space.30 A multi-view approach based on
Modular PCA is proposed by Sankaran and Asari to improve the performance.34

Multiple view approaches requires several images per person under controlled view
conditions to identify a face, which restrict its application when only one image
available per person. Thus, synthesized methods emerged. Beymer et. al. extended
their earlier work of view-based approach to example-based by applying the rota-
tion seen in the prototypes to construct other virtual view templates from a single
view.5 In Ref. 15, Gao et. al constructed Face-Specific Subspace by synthesizing
novel views of a single image. A simplified 3D pose recovery model was developed
in 2001 to convert a rotated view to a frontal view, which is used for recognition.17

In 2000, Cootes et. al proposed Active Appearance Models13 to learn the relation-
ship between model parameters and head orientation and to synthesize face images
at different views. Sanderson et. al addressed the pose mismatch problem by ex-
tending each frontal face model with artificially synthesized models for non-frontal
views.33

The above approaches may be able to deal with a certain kind of face variation
well but there have constraints restricting their application when multiple variations
involved and only one image available per subject. It is a risk for those approaches
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that rely heavily on choosing invariant features,3,14,16,28,38,39,40 because features in-
sensitive to one variation may be highly sensitive to other variations and it is very
difficult to abstract features that are completely immune to all kinds of variations.
Thus their performance may degrade seriously in the case of multiple variations.
Those approaches based on specific face models2,3,15,18,22,41 will require multiple
images per person taken under controlled conditions to construct the subspace for
each person for the face representation. Other approaches apply multiple specific in-
terval variation models6,7,30,34 to divide the range of variation into several intervals
and use the corresponding variation model to describe the face appearance change
that lies in this interval. These approaches fuse several images representing different
variations per person into the corresponding variation models so that matching can
be done in each interval individually. However, acquiring the multiple images per
person under specific conditions is often impractical and sometimes impossible.

In this paper, we present a method in an attempt to overcome the drawbacks
of the above approaches called Adaptive Principal Component Analysis (APCA).
We first apply Principle Component Analysis (PCA) for feature abstraction. Then
we rotate and warp the space by whitening according to overall covariance and
filtering the eigen features according to between-class and within-class covariance.
Experiments show that our method performs considerably better than benchmark
PCA37 and Fisher Linear Discriminant(FLD)4 on face recognition against both
illumination and expression variations. As the method inherits benefits from both
PCA and FLD methods, we suggest that APCA features could be called “eigen-
fisherfaces.”

In the following, we first review PCA and FLD techniques and discuss out
the reasons for their limitations in Section 2. We also briefly review the Active
Appearance Model in Section 2. Then in Section 3, we describe and analyze our
proposed method for variations on lighting conditions. Section 4 modify the method
to deal with variations on facial expressions. We then extend our approach for pose
invariant face recognition in Section 5. Finally, we will draw conclusions and discuss
future extension in Section 6.

2. Related Work

We first review three image processing techniques that are highly related to the
proposed method.

2.1. PCA (Principal Component Analysis)

PCA is a second-order method for finding the linear representation of faces using
only the covariance of data and determines the set of orthogonal components (fea-
ture vectors) which minimize the reconstruction error for a given number of feature
vectors. Consider the face image set I=[I1, I2, · · · , In], where Ii is a p × q image,
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i ∈ [1· · · n], p, q, n ∈ Z+. The average face of the image set is defined by:

Ψ =
1
n

n∑

k=1

Ii. (1)

Normalizing each image by subtracting the average face, we have the normalized
difference image:

D̃i = Ii −Ψ. (2)

Unpacking D̃i row-wise, we form the N (N = p× q ) dimensional column vector di.
We define the covariance matrix C of the normalized image set D = [d1, d2, · · · , di]
by:

C =
n∑

i=1

did
T
i = DDT . (3)

An eigen-decomposition of C yields eigenvalues λi and eigenvectors ui which satisfy:

Cui = λiui, (4)

DDT = C =
N∑

i=1

λiuiu
T
i , (5)

where i ∈ [1 · · ·N ].
Normally, the dimensionality of C is very large and singular decomposition is

expensive. In order to reduce computation, we decompose the following expression
instead.

DT D =
n∑

i=1

σ2
i viv

T
i , (6)

ui =
1
σi

Dvi, (7)

where i = [1 · · ·n]. It is easily shown that the first n eigenvalues of C are the same as
those of DT D and the corresponding eigenvectors ui, often called the eigenfaces, are
obtained by (7). Generally, we select a small subset of m (m < n) eigenfaces to define
a reduced dimensionality facespace that yields higher recognition performance on
unseen examples of faces.

PCA defines a face subspace with reduced dimensionality which contains the
greatest covariance and yields good generalization capacity. Nevertheless, since the
PCA projection is optimized for minimizing mean square error and does not con-
sider the classification of samples, the features abstracted are not necessarily the
best choice for classification. It may retain principal components that represent
large within-class variations which are pernicious for recognition. It is been de-
clared that it is only when within- and between-classes variations have the same
dominant direction, that principal components are efficient for recognition.25
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2.2. FLD (Fisher Linear Discriminant)

FLD finds the optimum projection for classification of the training data by si-
multaneously diagonalizing the within-class and between-class scatter matrices.25

The FLD procedure consists of two operations: whitening and diagonalization.24

Given M classes Sj , j ∈ [1 · · · M ], we denote the exemplars of each class by
sj,k = [sj,1, sj,2, · · · , sj,Kj

] where Kj is the number of exemplars in class j. Let
µj denote the mean of class j and µ̄ denote the grand mean for all the exemplars,
then the between class scatter matrix is defined by:

B =
M∑

j=1

Kj(µj − µ̄)(µj − µ̄)T , (8)

and the within-class scatter matrix is defined by:

W =
M∑

j=1

Kj∑

k=1

(sj,k − µj)(sj,k − µj)T . (9)

Therefore the optimised projection A of size M × M is chosen to maximize the
ratio of the determinant of the between-class scatter matrix to the determinant of
the within-class scatter matrix, i.e.,

WFLD = arg max
A

|AT BA|
|AT WA| . (10)

The ratio is maximized when A consists of the leading eigenvectors of W−1B. But
the direct inversion of W , normally a singular matrix, is numerically unstable. One
way to solve this problem is to first diagonalize W by singular value decomposition,
i.e. ,

W = ΦΛΦT , (11)

(ΦΛ−
1
2 )T WΦΛ−

1
2 = I. (12)

Then replace W with B to construct a new matrix Btrans for diagonalization,

Btrans = (ΦΛ−
1
2 )T BΦΛ−

1
2 , (13)

BtransΞ = ΞΓ. (14)

The final transformation matrix then becomes

MFLD = ΦΛ−
1
2 Ξ. (15)

In other words, FLD extracts features that are strong between classes but weak
within classes. While FLD often yields higher recognition performance than PCA,
it tends to overfit to the training data, since it relies heavily on how the within-class
scatter captures reliable variations for a specific class.24 In addition, it is optimised
for specific classes, so the method needs several samples in every class and thus can
determine only a maximum of M−1 features, which may degrade the generalization
ability.
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2.3. AAM (Active Appearance Model)

Active Appearance Model (AAM) is based on an assumption that an object can be
represented by a linear combination of a series of basic shape and appearance tem-
plates. Shape and appearance models are constructed separately from training data
and are combined to construct the active appearance model. The statistical shape
model is needed to learn the shape variations of an object. For instance, a face image
is labeled by t landmark points {(x1, y1), (x2, y2), . . ., (xt, yt)}, which are located on
key feature points, such as profiles of eyes, nose, mouth, chin, etc. The shape of the
face i is then represented by a 2t element vector vi = (x1, y1, x2, y2, . . . , xt, yt). In
order to reduce the effect of rotation, translation, and scale on the shape variation,
Procrustes Analysis 19 is applied on the vectors of the training images to minimize
the distance sum of each shape to the mean shape. After shape normalization, Prin-
cipal Component Analysis 37 is applied on the sample shape as follows.

We calculate the mean shape vector of all the samples by

v =
1
n

n∑

i=1

vi. (16)

Then we calculate the correlation between vector elements by

Mshape =
1

n− 1

n∑

i=1

(vi − v)(vi − v)T . (17)

Finally we perform an eigen decomposition of Mshape to get the corresponding
eigenvectors φi. Then each shape can be represented by the following formula:

v = v + Psbs, (18)

where Ps is a shape matrix containing m eigenvectors with largest eigenvalues. The
statistical appearance model can be constructed in a similar way. First each training
sample is warped to the mean shape to form a shape invariant texture vector gi.
Then PCA is applied to the set of training texture vectors to obtain the appearance
matrix Pa. Therefore, each appearance can be described by :

g = g + Paba, (19)

where g is the mean appearance vector.
The shape and appearance parameters bs and ba can be used to describe the

shape and appearance of any example. As there are correlations between the shape
and appearance variations of the same person, we can combine the shape and
appearance parameters together to form a united vector as follows:

b =
(

Wsbs

ba

)(
WsP

T
s (v − v)

PT
a (g − g)

)
, (20)
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where Ws is a diagonal matrix which represents the change between shape and
texture. We then apply PCA to these vectors and get:

b = Pcc =
(

Pcs

Pca

)
c, (21)

where Pc is eigenvector matrix and c is a vector of active appearance parameters
controlling both shape and appearance of the model. Finally, the active appearance
model which can describe the shape and appearance variations simultaneously is
given by:

v = v + Qsc

g = g + Qac, (22)

where Qs = PsW
−1
s Pcs is the shape variation matrix, Qa = PaPca is the appearance

variation matrix.

3. Illumination Variation

Many existing methods have drawbacks when dealing with face images under vari-
ations in illumination. Approaches that rely on choosing insensitive features for
representation of face images cannot deal with illumination variation well because
there are no features sufficiently immune to changes in illumination direction.1

Other approaches that construct illumination cones for faces need several images
for every class and it is hard to extend this method to cope with the other PIE
variations. If only one image is available for each class, most existing approaches
will not perform well.

We devised a method that inherits merits from both PCA and FLD to overcome
many of the above problems. 11,12 We first apply PCA for feature abstraction for the
following reasons. First, though it is generally considered that FLD is superior to
PCA in pattern classification, sometimes PCA performs better than FLD especially
when the number of training samples per class is small.29,42 For the case of only one
gallery image available per class, we would expect that features abstracted by PCA
are more suitable than FLD for classification. Second, PCA has good generalization
capability while FLD may overfit to the training data which is hazardous when new
classes must be handled appropriately. We use the raw data as input for PCA since
preprocessing such as edge maps might introduce features that are highly sensitive
to certain facial variations. Consequently, every face image Ij,k can be projected into
a subspace with reduced dimensionality to form an m-dimensional feature vector
sj,k with k = 1, 2, · · ·Kj denoting the kth sample of the class Sj .

3.1. Bayes Decision Rule

After constructing the face subspace for image representation, we need to warp this
face space to enhance the class separability and improve recognition performance.
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The Bayes classifier is the best classifier with minimum error rate for pattern recog-
nition if prior probabilities are known. According to the Bayes decision rule, s is
classified to class Si whose posterior probability given s is the largest among all
classes, that is

P (Si|s) = max
j

p(s|Sj)P (Sj)
p(s)

, (23)

where P (Si|s) is the a posterior probability of Si, p(s|Sj) is the conditional density
function of Sj ,P (Sj) is the a priori probability, and p(s) is the mixture density
function. Since it is difficult to estimate the conditional density functions of certain
classes, we generally assume normal Gaussian distribution for simplicity. Conse-
quently, the conditional density function would be:

p(s|Sj) =
1

(2π)
m
2 |covj | 12

exp[−1
2
(s− µj)T cov−1

j (s− µj)] (24)

where µj is the mean of class Sj and covj is the covariance matrix of Sj . Even
with this assumption, it is still hard to determine the conditional density function
accurately due to the fact that samples are often too few for estimation. Hence, a
more strict assumption is needed. PCA treats all features equally so it is implicitly
assumed that the within-class covariance is the unit matrix,26 that is

cov = I. (25)

But PCA does not take into account the classification of samples and the features
extracted represent components of both within-class and between-class covariance.
If using the nearest neighbor for classification, the distance between two face vec-
tors is the energy difference between them. In the case of image variations due
to illumination, these lighting changes (within-class covariance) become dominant
over the characteristic differences between faces (between-class covariance). That is
the reason why PCA does not work well in this case.

An improvement of PCA is to apply a standard whitening transformation to
compensate for the fact that PCA preferentially weights dominant eigenfaces (low
frequencies)25 according to their eigenvalues. This method estimates the within
class covariance as

cov = diag{λ1, λ2, ...λm}, (26)

and the whitening matrix then would be:

Z = diag{λ−
1
2

1 , λ
− 1

2
2 , ...λ

− 1
2

m }, (27)

where m is the number of features selected. Though standard whitening improves
the performance of PCA slightly,25 it is not sufficient for illumination invariant face
recognition. Indeed, eigenvectors obtained by PCA are the combination of both
within-class and between-class covariance. Hence the standard whitening transfor-
mation matrix cov may not weight features optimally and appears to compress
the eigenspace so much that class separability is diminished. Chengjun Liu and
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Harry Wechsler26 proposed a method PRM that uses within-class covariance for
estimating the conditional density function. They assume that all the within-class
covariance matrices are identical and diagonal, that is:

cov = diag{δ2
1 , δ2

2 , ..., δ2
m} (28)

where the δ2
i , i ∈ m are estimated by sample variance in the corresponding eigen

direction. However, performance of this method depends on how features capture
the within-class covariance. In our trials we have found that this method may also
warp the subspace improperly leading to increased misclassifications.

Indeed, in the above methods, we noticed that not all of the features have
the same importance for recognition and so we tried whitening adapted to each
of the eigenfaces. We finally adopted the technique of a whitening transformation
maximizing the ratio of between-class covariance to within-class covariance and
proposed our method in two steps: a whitening transformation followed by eigenface
filtering.

3.2. Whitening Transformation

The purpose for whitening is to normalize the scatter matrix for uniform gain con-
trol and to compensate for the overweighting of leading eigenfaces. But the above
three methods for whitening are not sufficient to compensate for face image vari-
ations because the estimation of the conditional density function is not accurate.
This is due to the fact that eigen features extracted by PCA represent the overall
covariance and the estimation of pdf is affected not only by within-class covariance
but also between-class covariance. Moreover, there might exist a bias in the evalua-
tion of the mean for certain classes since the number of samples available may be too
few. As illustrated in Figure 1, with the nearest neighbor classifier, if no whitening
is applied, we can see from sub-figure A that there ishigh possibility of misclassi-
fying point A1 in class A and B1 in class B. When we apply standard whitening,
class separability might be even worse. As seen from sub-figure B, point A2 and B2
might be misclassified. Only with appropriate whitening can classes A and B be
distinguished correctly with the nearest neighbor rule as shown in sub-figure C.

All of the above whitening matrices are influenced by the eigenvectors, so we
now assume that our whitening matrix Z ′ is a function of eigenvectors, Z ′ = f(λ).
Though the whitening matrix may improve the recognition performance by taking
into account the overall covariance, it could not neutralize the variation of faces
resulting from the fact that PCA does not distinguish between the within-class
covariance and between-class covariance. Thus, filtering is necessary for feature
weighting.

3.3. Filtering the Eigenfaces

The aim of filtering is to diminish the contribution of eigenfaces that are strongly
affected by illumination variation. We want to be able to enhance features that cap-
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Fig. 1. Whitening of Face Space. Ellipses in black are actual distributions in the space. Ellipses in
red are the corresponding estimated distributions.

ture the main differences between classes (faces) while diminishing the contribution
of those that are largely due to lighting variation (within-class differences). We
thus define a filtering parameter Υ which is related to identity-to-variation (ITV)
ratio. The ITV is a ratio measuring the correlation with a change in person versus
a change in luminance for each of the eigenfaces. For an M class problem, assume
that for each of the M classes (persons) we have examples under K standardized
different lighting conditions — in our case, the lighting source is positioned in front,
above, below, left and right as illustrated in Figure 2. Let us denote the ith element
of the face vector of the kth lighting sample for class (person) Sj by si,j,k. Then

ITLi = Between Class Covariance
Within Class Covariance

=
1

M

∑M
j=1

1
K

∑K
k=1 |si,j,k−$i,k|

1
M

∑M
j=1

1
K

∑K
k=1 |si,j,k−µi,j | ,

$i,k = 1
M

∑M
j=1 si,j,k,

µi,j = 1
K

∑K
k=1 si,j,k, i = [1 · · ·m].

(29)

Here $i,k represents the ith element of the mean face vector for lighting condition
k for all persons and µi,j represents the ith element of the mean face vector for
person j under all lighting conditions. We then define the filter matrix Υ by:

Υ = f ′(ITL). (30)

3.4. Cost Function and Optimization

The two weighting matrices Z ′ and Υ are m ×m matrices. It is hard to search in
such a high dimensional space to determine the optimal values for the two matrices.
Therefore, we define a simple relationship between Z ′ and λ, Υ and ITV to reduce
the search space. The whitening matrix is defined by:

Z ′ = diag{λp
1, λ

p
2, · · · , λp

m}, (31)
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Fig. 2. Examples of images taken under different illuminations in Asian Face Image Database
PF01

where the exponent p is determined empirically. When p = − 1
2 , it is a standard

whitening matrix. Eigen filtering matrix is defined by:

Υ = diag{ITLq
1, ITLq

2, · · · , ITLq
m}, (32)

where q is an exponential scaling factor determined empirically as well.
After the affine transformation, the conditional pdf would be:

p(s|Sj) =
1

(2π)
m
2

∏m
i=1 λ−p

i ITV −q
i

exp[−1
2

m∑

i=1

(si − µi,j)2

λ−2p
i ITV −2q

i

] (33)

and the distance d between two face images Ij,k and Ij′,k′ is defined as the Euclidean
distance of their transformed face vectors s̃j,k and s̃j′,k′ :

djj′,kk′ = ‖s̃j,k − s̃j′,k′‖2
= ‖Z ′Υsj,k − Z ′Υsj′,k′‖2 (34)

= ‖Z ′Υ(sj,k − sj′,k′)‖2.
Therefore, our final set of transformed eigenfaces would be:

U ′ = Z ′Υdiag{ 1
σ1

,
1
σ2

, ...
1

σm
}DV, (35)

where V is a matrix composed of eigenvectors from Equation 6.
The whitening transformation acts as a generative classifier which is used to

control the overall scatter of all samples and tends to isotropize the subspace,
while eigenface filtering plays a role as a discriminative classifier which is designed
to enhance the separability of classes and may stretch the space. There should
be a trade off between these two effects. Therefore, we only need to search in a
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Fig. 3. Relationship between OPT , whitening power p and, scaling power q.

two-dimensional space to determine the two exponents p and q for Z ′ and Υ. We
introduce a cost function and optimize empirically. It is defined by:

OPT =
M∑

j=1

K∑

k=1

∑
m

(
djj,k0

djm,k0
),∀m ∈ djm,k0 < djj,k0,m ∈ [1 · · ·M ]. (36)

where djj,k0 is the distance between the sample Ij,k and Ij,0 which is the standard
image reference for class Sj (typically the normally illuminated image). Note that
the condition djm,k0 < djj,k0 is only true when there is a misclassification error.
Thus OPT is a combination of error rate and the ratio of between-class distance
to within-class distance. By minimizing OPT , we can determine the best choices
for p and q to maximally separate different classes. We find the minimum OPT by
searching in a compact region with p and q in the interval [−100, 100] respectively.
Although this is an extremely large range, it illustrates that there is a unique min-
imum. In order to speed up the search procedure, we apply the pyramid approach.
We firstly search in the range [−100, 100] with a step of 4 to find the possible min-
imum OPT. Then we reduce the step size and search in a local area centered at
the possible minimum OPT. This procedure is recursively processed until certain
precision is reached. Figure 3 shows the relationship between OPT and p, q for
one of the training databases in the interval [-100, 100] and [-4, 4] respectively. The
minimum OPT at 7.80 is obtained at p = −0.3, q = 1.4 compared to the standard
whitening with an OPT at 22.38. In all of our tests, OPT is obtained in the interval
[-2 2].

3.5. APCA Algorithm

From the above, the algorithm works as follows:

• Apply PCA on samples to abstract eigenfaces and eigenvalues as in (6)
and (7) and choose the first m leading eigenfaces. Then project all of the
training images into this face space.
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Table 1. Comparison of PCA, FLD and APCA for illumination variations with 15 features

Methods PCA Fisher APCA
Training Data 68.33% 91.11% 96.11%
Testing Data 48.73% 69.01% 83.66%

Table 2. Comparison of PCA, FLD and APCA for illumination variations with 25 features

Methods PCA Fisher APCA
Training Data 73.33% 97.22% 99.44%
Testing Data 50.98% 77.74% 90.42%

• Calculate overall covariance λ and ITV as shown in Equation 29.
• Search in the space to minimize the cost function OPT to determine the

optimal parameters p and q.

3.6. Database Evaluation

The method is tested on an Asian Face Image Database PF01,36 consisting of 535
facial images under 5 different standardized illuminations corresponding to 107
subjectsa. The size of each image is 171× 171 pixels with 256 grey levels per pixel.
Figure 2 shows some examples from the database. To evaluate the performance of
our method, we perform a 3-fold cross validation on the database as follows. We
choose one-third of the 107 subjects as training data to construct our APCA model.
Then we enrolled the normally lit images of our 71 unseen people as the gallery
(pictures in the first column in Figure 2). We then use other unseen images of the
above 71 people under different lighting conditions for testing (total 284 images).
This process is repeated three-fold using different partitions and the performance is
averaged on both training and unseen test sets. Table 1 is the experimental results
achieved with only 15 eigen features and Table 2 is the results obtained with 25
features.

It is clear from the results that APCA performs much better than both PCA and
FLD in face recognition under variable lighting conditions. Although FLD is fine for
training data with 91.11% recognition rate, the performance decreases significantly
for the testing data, which demonstrates the lack of generalisation ability. The
recognition rate for training data is not 100% because we use the normal lighting
image for matching instead of the mean of a certain class. The proposed APCA
outperforms PCA and FLD remarkably in recognition rate with 96.11% for training
data and 83.66% for testing data with little reduction in performance for normally
lit faces.

aThe current Asian Face Database contains 103 subjects. We use an older version which is a
superset of the current one and has 56 male and 51 female.
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Fig. 4. Within and between class projection coefficients variation in original PCA subspace and
the warped APCA subspace

.

We have compared the variation of projection coefficients of face images in the
original PCA constructed subspace and the new warped APCA face space. Figure
4, demonstrates within-class and between-class projection coefficients variation in
original and warped face subspace respectively. It can be seen in figure 4 that
within class coefficient variation is much greater than between class variation in the
original face subspace, which proves that the difference in face images with pure
illumination changes (within-class variation) is dominant over the characteristic
difference between faces (between-class variation). Comparing the bottom two sub-
figures we can see that after our proper whitening and eigen filtering, with-class
projection coefficients variation in wrapped subspace is reduced to a range from -5
to 5, which is smaller than that of between-class which ranges from -10 to 10. It
confirms that our proposed APCA method weights features appropriately, which
enhances those features that are highly correlated to between class differences and
weakens features that are strongly related to nuisance within class variations.

We have also tested our method on the Yale Face Database B.18 This requires
rescaling the images to 171 by 171 pixels to match the Asian Face Database36 and
image registration according to the position of eyes. Figure 5 shows the recognition
rate for the APCA and PCA methods applied to Yale Face Database B18 when
trained on the Asian Face Database.36 APCA is once again shown to be more reli-
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APCA
 PCA


Fig. 5. Recognition rate of APCA and PCA on Yale Face Database B under varying lighting source
angles when trained on the Asian Face Database PF01.

able than PCA on face recognition under variant illuminations. The recognition rate
of APCA on face images with given lighting source angles is always higher than that
of PCA on face images under the same lighting conditions. Moreover, the recogni-
tion rate of APCA does not change dramatically with the azimuth and elevation,
while it drops greatly for PCA with the azimuth and elevation away from origin.
Hence, peak of the “mountain” of APCA looks quite flat while the “mountain” of
PCA is sharper. Figures 6 demonstrates the 95% correct recognition contour for
APCA and PCA respectively. This result shows that APCA can recognize pictures
taken with lighting source angles with azimuth angle range from -50 to +50 degrees
and elevation angle range from -30 to +30 degrees compared to PCA with an angle
range of only about -20 to +20 degrees for both azimuth and elevation. This quite
good result was achieved even though we used the Asian Face Image Database36

for training instead of the Yale Database.18

4. Expression Variation

We applied similar techniques to face images with variations in expression, but
could not attain levels of performance comparable to those obtained on illumination
variant faces11 and suggest the following explanation. Eigenfeatures extracted by
PCA on face images with illumination variation naturally cluster into two groups:
features strongly related to within-class variance, and features strongly related to
between-class variance. Usually the first three eigenfaces are strongly related to illu-
mination (within-class) variation. Therefore, it is easy to find the eigenfeatures that
represent within-class variations and suppress these with eigenfiltering. However,
for expression change, since different people display the same expression in different
ways, PCA does not successfully separate between-class and within-class features.
This means that the estimation of conditional pdfs may be significantly affected by
between-class covariance, which may result in low recognition rates. This is corrob-
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APCA
 PCA


Fig. 6. 95% Recognition rate contour for APCA and PCA on Yale Face Database B under varying
lighting source angles when trained on Asian Face Database PF01.

orated by the fact that the identity-to-variation ratio ITV is roughly close to 1 for
most eigenfeatures. This means that when we compress the space in one direction,
the within-class covariance and between class-covariance are both affected leading
to poor separability.

4.1. Space Rotation

It is difficult to completely separate within- and between-class features because they
might be highly correlated and are not orthogonal. We therefore rotate the feature
space according to within-class covariance to enhance the representativeness of the
features to improve our estimation of the conditional pdfs. After appropriate rota-
tion, most features now represent predominantly between- or within- class variation
and by enhancing these between-class features and weakening those within-class fea-
tures via eigenfiltering the influence of the within-class variation on recognition is
diminished.

Moreover, after rotation, since within-class covariance dominates over between-
class covariance in the best within-class features, whitening compression in this
general direction affects within-class covariance more than between-class covariance
and hence improves separability. This effect is illustrated in Figure 7. Sub-figure A
shows the original distribution of class A and class B in black ellipses and their cor-
responding estimated distributions are shown in red ellipses. Sub-figure B illustrates
the effect of standard whitening, where points A2 and B2 may be misclassified. The
effect of the original space rotation is depicted in sub-figure C, in which the red
lines indicate new axes after rotation. As can be seen from sub-figure D that with
proper whitening after space rotation, classes are completely separated from each
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Fig. 7. Effect of Face Space Rotation. (A) Original distribution. (B) Distribution after standard
whitening. (C) Distribution after rotation. (D) Distribution after rotation and whitening.

other.
Figure 8 demonstrate the ITV distribution of features in the original and rotated

space for illumination, expression and combined variation faces respectively. We
can see that after rotation there are much fewer features with an ITV value at
around 1.0 compared to the original set of features. Moreover, features become
highly discriminative since most features have an ITV bigger than 2 or less than
0.5, which demonstrates an improvement of the representativeness of the features.

The rotation matrix R is obtained by applying singular value decomposition on
within class covariance W as in Equation 11, R = Φ. Then every face vector s is
transformed into the new space by R,

r = RT s. (37)

After rotation, the new whitening matrix Z
′
rotate would be:

Z
′
rotate = diag{λ′p1 , λ′p2 , ...λ′pm}, (38)

λ′ = RT λ (39)

Then we apply our previous technique of whitening and filtering to the new space.
Figure 9 illustrates the procedure of the recognition process.

4.2. Final Algorithm

The final algorithm works as follows:

• Apply PCA on samples to compute eigenfaces and eigenvalues as in Equa-
tion 6 and 7 and choose the first leading m eigenfaces. Then project all the
raw images into these face space.

• Apply PCA on within class covariance to calculate the rotation matrix R.
• Calculate overall covariance λ and ITV in rotated space.
• Search in the space to minimize the cost function OPT to determine the

optimal parameters p and q.
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Fig. 8. ITV distribution in original and rotated space. (A) Illumination variant face images. (B)
Expression variant face images. . (C) Combining illumination and expression variant face images.

4.3. Database Evaluation

We tested our method on the Asian Face Image Database PF0136 again. A set of
144 images with various facial expressions from 36 people were used to construct
the face subspace, the remaining 71 people with 284 images were used for testing
except in the case of APCA with rotation. In this case, because rotation according
to within- class covariance of sample images may result in an overfitting to the
training set training, we used 36 people for training and another 36 for testing.
All the experiment is done using three fold cross validation and the performance
was averaged. Table 3 shows the experimental results for face recognition on facial
expression variations. The same technique has also been tested on both lighting
changes and expression changes by combining all images from the above experiments
and the result are shown in Table 4.

It can be seen that FLD performs better than PCA on both training and testing,



April 16, 2008 17:6 WSPC/INSTRUCTION FILE face˙rec

20 S.Chen, T. Shan & B.C. Lovell

 


Whitening

Transformation


PCA for

dimensionality


reduction


T
r
a
i
n
i
n
g
 
D
a
t
a


Represent each person in

feature space according to


neutral face image


T

r
a


i
n

i
n


g

 
S


t
a

g


e


Represent unseen image

in feature space


Weighed Features


Match unseen

image with known


person in database


R

e
c


o

g


n

i
t


i
o

n


 
S

t
a


g

e


Unseen Database with Variations


Register testing data

 with neutral face images


Training Database


Space Rotation


Eigenface Filtering


Fig. 9. Procedure for the Recognition Process.

but its generalization ability is worse since the performance drops more than PCA
for testing data. APCA has similar performance compared to FLD with a little lower
recognition rate in training and higher rate in testing. However, the performance of
APCA on training and testing data does not change significantly, which shows that
APCA does not overfit to training and generalises well to unseen data. If we apply
the rotation transformation, APCA can further improve generalization capacity
and outperforms both PCA and FLD remarkably.

Figure 10, 11 and 12 show the test performance for the following techniques

Table 3. Face recognition on facial expression variations with 15 features

Methods PCA FLD APCA APCA with rotation
Training Data 88.89% 91.67% 88.89% 93.06%
Testing Data 83.45% 86.97% 83.45% 90.0%

Table 4. Face recognition on both expression and illumination variations with 15 features

Methods PCA FLD APCA APCA with rotation
Training Data 73.96% 90.28% 86.81% 91.43%
Testing Data 59.68% 75.53% 81.87% 90.97%
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PCA, FLD, APCA, PRM, Rotated PRM(RPRM) and Rotated APCA(RAPCA)
applied on three different kinds of facial variations respectively. We can see again
that APCA after rotation achieves the best performance among all techniques.
Though FLD can achieve around 90% accuracy for expression variant faces, its
performance drops significantly for illumination variant and combination variant
faces. Moreover, the recognition rate of FLD changes considerably with the number
of eigen features. All the test have shown that rotation can improve the performance
since recognition rate for APCA and PRM increase in 12 percent and 5 percent
respectively after rotation. Among all the techniques, APCA with rotation is the
most robust one since the performance is insensitive to the number of features used
for representation and it is also immune to all three kinds of variations.

We also tested the top-N recognition performance of PCA, FLD and RAPCA
methods. The top-N classification accuracy is the percentage of times that one of
the top-N candidates is the correct match when choosing N closest candidates from
the database. If N = 1, the accuracy is the normal recognition rate. Figures 13,
14 and 15 show the cumulative accuracy of the top-N classification of face images
with combined variations using three different methods with different number of
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Fig. 10. Test performance for different techniques on illumination variant faces
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Fig. 11. Test performance for different techniques on expression variant faces
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Fig. 12. Test performance for different techniques on combined variant faces
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Fig. 13. Top-N accuracy of face images with combined variations using 15 features.

features respectively. It can be seen that RAPCA always outperforms PCA and
FLD regardless of the value N and the number of features used. With an increase
in the value N , the cumulative accuracy of PCA and FLD raises significantly. The
recognition rate of PCA and FLD also increases when more features are used. While
for RAPCA, the recognition rate does not change dramatically with variations in N

or the number of features. Because the performance of RAPCA is quite good and
stable, the recognition rate is possibly too high for us to see further improvement.
However, if we look at the percentage of the relative top-N error rate, we can
see the improvement of accuracy with an increase in the value N . Figures 16,
17 and 18 plot the relative error rate of the top-N classification of face images
with combined variations using three different methods with different number of
features respectively. It can be seen that when N = 1 the relative error rates of
three methods in three figures are all 100% because we consider the number of error
of the top-1 classification for the corresponding method as a baseline. It is apparent
that with the increase in value N , the relative error rate drops significantly for all
of the three methods. RAPCA performs the best with the lowest relative error rate
when N ranges from 2 to 5 and PCA is worse than FLD with a higher relative error
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Fig. 14. Top-N accuracy of face images with combined variations using 25 features.
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Fig. 15. Top-N accuracy of face images with combined variations using 35 features.

rate. In addition, the relative error rate decreases dramatically for RAPCA when
N ≤ 3 from 100% to around 25% whilst the relative error rate for PCA and FLD
are about 60% and 45% respectively with an N at 3. Moreover, results show that
the top-2 recognition rate of RAPCA is always greater than 95.7% even with only
15 features. However, the top-2 recognition rate for PCA and FLD with 15 features
are 69.1% and 83.8% respectively. Hence, the distinguishability of RAPCA is much
better than that of PCA and FLD not only in the cumulative recognition rate but
also in the top-N relative error rate.

Figure 19 shows the first 9 eigen-faces extracted by PCA and space rotation of
RAPCA from face images with combined variations according to the corresponding
largest 9 eigenvalues individually. It can be seen from the bottom row that the first
three eigen-features of RAPCA are highly correlated to illumination variation and
the fourth and last three features are relevant to expression variations. While those
features extracted by PCA in the top row do not have significant representation of
within-class or between-class variations. It shows that space rotation can extract
more representative features. In addition, the corresponding eigenvalues of the first
9 features are the top 9 among all features, which implies that variation of face
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Fig. 16. Top-N relative error rate of face images with combined variations using 15 features.
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Fig. 17. Top-N relative error rate of face images with combined variations using 25 features.

images on these features are greater than that of other features. Because these fea-
tures are highly correlated to lighting changes or expression changes, it confirms
that differences between face images of the same person due to these nuisance vari-
ations is greater than those between different faces. Figure 20 illustrates the last 9
eigen-faces that are assigned minimal weight after whitening and eigen-filtering of
RAPCA. It is apparent that the first three images are highly correlated to lighting
changes. One can even suggest that these images illustrate the effect of light coming
from left, top and bottom respectively. The fourth, sixth and eighth images appear
to expressions of smiling and surprise respectively. Because these features are as-
signed smaller weights compared to other features, the RAPCA method diminishes
the contribution of these features which weakens the effect of corresponding varia-
tions on face recognition. Moreover, comparing eigen-faces in figure 20 and those in
the bottom row of figure 19, we can see that 8 out of 9 faces are the same in both
figures, but their order are different. That is because we change the importance
of features by two operations: whitening and eigen-filtering. Hence, not only the
eigenvalues but also the ITV value affect the contribution of features.
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Fig. 18. Top-N relative error rate of face images with combined variations using 35 features.

5. Pose Variant Faces

The proposed APCA and RAPCA method is based on PCA extracted features,
which are global features and are sensitive to pose variations23,33,35. Normalization
is therefore needed to align facial feature42 and it can improve the performance
of face recognition as well10,20,21,35. We apply Active Appearance Model(AAM) to
align the key points on face images and construct a model to synthesize a frontal
view image for recognition as the following.

5.1. Pose Estimation

Cootes et al13 assume that the model parameters c from (22) trace out an ap-
proximately elliptical path when the orientation changes and is affected by the

Fig. 19. The first 9 eigen-faces extracted by PCA and RAPCA. The first row shows the first
9 eigen-faces extracted by PCA according to their corresponding eigen-values. The second row
illustrates the eigen-faces extracted after space rotation of RAPCA.

Fig. 20. The last 9 eigen-faces after whitening and eigen-filtering of RAPCA. The weights assigned
to these eigen-features are the minimal 9 among all the features.
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orientation angle θ as the following:

c = c0 + cc cos θ + cs sin θ, (40)

where c0, cc and cs are the vectors learned from the training data. For each train-
ing sample k with orientation angle θk, we perform AAM search to find the best
parameter cθk

that describe the image appearance in the model. We can apply a
regression matching between vectors cθk

and vectors (1, cos θk, sin θk) to obtain c0,
cc and cs. After building up the correlation model between c and θ, we can estimate
the orientation angle of a new face image. We first transform (40) to the following:

c− c0 = (cccs)
(

cos θ

sin θ

)
. (41)

Let R−1
c be the left pseudo-inverse of the matrix (cc|cs), then we have:

R−1
c (cccs) =

(
cos θ

sin θ

)
. (42)

The estimation of θ is not entirely accurate which may be caused by land mark
annotation errors or regression learning errors. But this model is good enough to
be used to synthesize the face image.

5.2. Frontal View Synthesis

Once we get the orientation angle θ, we can synthesize a frontal view face image
and send it to face recognition. Assume we want to synthesize the appearance of
the same face at angle α, following (40) we get:

cα = c0 + cc cosα + cs sin α. (43)

However, there always have error between the orientation angle and the estimation,
it will bring about differences between two sides of (40). This may generate artifi-
cial appearance on the reconstructed image, which could significantly degrade the
recognition performance. We therefore introduce the residual vector in an attempt
to compensate for this unexpected effect. The residual vector is defined as:

cres = c− (c0 + cc cos θ + cs sin θ). (44)

Then the new correlation equation becomes:

cα = c0 + cc cos α + cs sin α + cres. (45)

Because we need to reconstruct the frontal view face image for recognition, angle
α should be 0. Thus, the frontal view AAM parameter is calculated as:

cf = c0 + cc + cres. (46)

Then we follow (22) to reconstruct the frontal view appearance as:

vf = v + Qscf

gf = g + Qacf . (47)
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Fig. 21. Reconstruction of frontal view face image from non-frontal face images.

Figure 21 shows an example of frontal view face image reconstruction from non-
frontal face images from the FERET database.31

5.3. Database Evaluation

After frontal view face image reconstruction, we can then apply APCA for face
recognition. Our APCA model is trained on frontal face images in the Asian Face
Database36 as done in Section 3 and 4. As the Asian and Yale databases do not in-
clude head pose variations, we use the FERET database31 to evaluate performance.
We choose face images from 46 persons with good AAM search results from the
FERET database.31 Each person has 5 face images with the corresponding pose
angles ranging from left 25◦, 15◦, 0◦ to right 15◦, 25◦. To evaluate the effect of
frontal view synthesis on face recognition, we perform two tests: one is to evaluate
on original image dataset, the other is to evaluate on synthesized image dataset.
Each of them contains 230(46× 5) images and we only register the 46 frontal view
images into the gallery and use the rest images with different pose angles for testing.
For the original image dataset, face images are aligned according to eye positions
and normalized to 171 by 171 pixels. For synthesized face image dataset, all the
images are reconstructed to synthesize their corresponding frontal view face images.
The test results are illustrated in Figure 22. As can be seen from the figure, the
recognition rates of PCA and APCA on synthesized images is much higher than
that of the original images. The recognition rate increases by a factor of 4 from
12% to 57% for images with view angle of 25 degrees. For smaller rotation angles
less than 15◦, the accuracy increases by up to 50 percent. Note that recognition
performance of APCA is significantly higher than PCA in disregard of the angle
or image dataset, which is in consistent with the test results for illumination and
expression variations. There is a trend that the recognition rates of both original
and synthesized face images reduce with an increase in rotation angle. However,
for synthesized face images this reduction is much less than that of original images.
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Fig. 22. Recognition rate for PCA and APCA on original and synthesized images.

The decrease of the recognition rate is because we only register frontal images into
database and large rotation angles will produce significant distortion of face features
compared to frontal face images. The test results show that our AAM model can
compensate for this distortion to a certain degree, hence recognition on synthesized
images is much less sensitive to pose variations.

6. CONCLUSION

In this paper we describe an Adaptive Principal Components Analysis (APCA)
method for illumination and expression invariant face recognition. The APCA fea-
tures are extracted from standard PCA features in three steps: first, a space rotation
to improve the representativeness of features; second, a whitening transformation to
normalize the scatter matrix; finally, eigenface filtering to enhance the separability
of classes. Three-fold cross-validated studies on the Asian Face Database36 and Yale
Face Database18 show that APCA performs significantly better than both PCA,
PRM and FLD methods in terms of accuracy, robustness and generalization ability.
We also find out that rotation can enhance the representativeness of features and
improve the performance of recognition. We then extend APCA by applying the
AAM method to reconstruct frontal face images from non-frontal face images to
deal with significant pose variations. Experiments on the FERET Database31 show
that frontal face reconstruction can compensate for pose change and recognition
on the synthesized images is much less sensitive to head pose. We are currently
investigating the application of APCA on face recognition in real-life environment
and will extend it for real-time Intelligent CCTV systems.
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