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Abstract
Recently, the importance of face recognition has been increasingly emphasized since popular CCD cameras are distributed to various
applications. However, facial images are dramatically changed by lighting variations, so that facial appearance changes caused serious
performance degradation in face recognition. Many researchers have tried to overcome these illumination problems using diverse approaches,
which have required a multiple registered images per person or the prior knowledge of lighting conditions. In this paper, we propose a
new method for face recognition under arbitrary lighting conditions, given only a single registered image and training data under unknown
illuminations. Our proposed method is based on the illuminated exemplars which are synthesized from photometric stereo images of
training data. The linear combination of illuminated exemplars can represent the new face and the weighted coefﬁcients of those illuminated
exemplars are used as identity signature. We make experiments for verifying our approach and compare it with two traditional approaches.
As a result, higher recognition rates are reported in these experiments using the illumination subset of Max-Planck Institute face database
and Korean face database.
䉷 2006 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction
Lighting is the most signiﬁcant factor affecting the appearance of an object. Changes in a person’s appearance
induced by illumination are larger than differences in appearance of individuals. Person identiﬁcation from a facial
image across lighting variations is still the most challenging
problem in face recognition. Fig. 1 shows the 10 illuminated
images of the same individual under varying lighting conditions from Yale database [1]. In the past few years, many
methods have been proposed to solve this problem with
improvements in recognition. Early works in illuminationinvariant face recognition focused on image representations
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Authentication which was held in New York, USA, July 20–22, 2005.
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that are mostly insensitive to changes under various lighting
[2]. Various image representations are compared by measuring distances on a controlled face database. Edge map,
second derivatives and 2D Gabor ﬁlters are examples of
the image representations used. However, these kinds of approaches have some drawbacks. First, the different representations of image can be only extracted once they overcome
some degree of illumination variations. Second, features for
the person’s identity are weakened whereas the illuminationinvariant features are extracted.
A photometric stereo method is an approach based on the
low dimensionality of the image space. The images of one
object with a Lambertian surface taken from a ﬁxed viewpoint and varying illuminations lie in a linear subspace. We
can classify the new probe image by checking if it lies in
the linear subspace of the registered gallery images. These
gallery images are composed of at least three images of the
same person under different illuminations. The main restriction in these approaches is that multiple registered images
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Fig. 1. Example of facial images under different lighting conditions [1].

of the same person are required. Since it recognizes the new
image by checking that it is spanned in a linear subspace of
the multiple gallery images, it cannot handle the new images
of a different person which is not included in the gallery
set.
To solve the necessity of multiple gallery images, the
bilinear analysis approach is proposed [3]. It applies singular value decomposition (SVD) to a variety of vision
problems including identity and lighting on a collection of
objects in the same class. For bilinear analysis, photometric stereo images of different people under the same set
of illuminations are always required. A method based on
quotient image was introduced; this method uses the basic idea of bilinear analysis [4]. Under the assumption of a
Lambertian surface without shadow, quotient image is created, deduced from the ratio between a probe image and
the linear combination of photometric stereo images. The
quotient image should be invariant to varying illumination
conditions of the input image. This method can synthesize
an image under unknown lighting condition and recognize
a new face by computing its quotient image. However, the
assumption of a ﬁxed shape is not valid for real faces and
the quality of the quotient image is inﬂuenced by training
data. A poor quality in the quotient image results when the
training data is unknown or not controlled. The generalized
photometric stereo method in the bilinear analysis approach
has been proposed with a rank constraint on the product
of albedo and surface normal [5]. The observation matrix
can be factorized by a rank constraint. The main limitation
of these bilinear analysis methods is that prior knowledge
of the images like the lighting direction of training data is
required.
Unlike the methods described above, Blanz and Vetter use
3D morphable models of a human head [6]. The 3D model
is created using a database collected by Cyberware laser
scanner. Both geometry and texture are linearly spanned by
the training ensemble. This approach enables them to handle
illumination, pose and expression variations. But it requires
the external 3D model and high computational cost. For
illumination-robust face recognition, we have to solve the
following problem: Given a single image of a face under

the arbitrary illumination, how can the same faces under
different illuminations be recognized?
In this paper, we propose a new approach for solving this
problem based on illuminated exemplars. The illuminated
exemplars are synthesized from photometric stereo images
of each person from training data and the new probe image
can be represented by a linear combination of these illuminated exemplars. The weighted coefﬁcients are estimated
in this representation and can be used as the illuminationinvariant identity signature. For face recognition, our proposed method has several distinct advantages over the
previously proposed methods. First, the information regarding the lighting condition of training data is not required. We
can synthesize the illuminated exemplars under other illumination which is not included in the training data. Second,
we can perform recognition with only one gallery image by
using linear analysis of illuminated exemplars in the same
class. Third, the coefﬁcients of illuminated exemplars are
used as the identity signature for face recognition across
variation in lighting, which results in high recognition rates.
This paper is organized as follows. Section 2 provides the
results of a literature search for past studies related to this
work. In Section 3, we describe how the illuminated exemplars are synthesized, how they are analyzed and what can
be used as a signature identity for face recognition, and then
we propose the face recognition method using the illuminated exemplars. Section 4 gives our experimental results
on Max-Planck Institute face database (MPI DB) and Korean face database (KFDB). Finally, we make a conclusion
regarding our approach and suggest some areas of further
research in Section 5.
2. Background
We begin with a brief review of the photometric stereo
method with Lambertian lighting model and bilinear analysis
of illuminated training images. We will explain what the
Lambertian reﬂectance is and how it can be used in the
photometric stereo method for face recognition [7]. We will
also explain recognition methods using the bilinear analysis
of the training data [3–5].
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2.2. Photometric stereo
We have n images {H1 , H2 , . . . , Hn } of one object which
has the Lambertian surface under varying lighting conditions. These images, called photometric stereo images, were
observed at a ﬁxed pose and different lighting sources. We
assume these images have the same surface normal and
albedo, with differences among them caused only by lighting conditions. Assuming that they are from the same object with a single viewpoint and various illuminations, the
following can be expressed:
⎛

Fig. 2. Image acquisition of an object with Lambertian surface. The
intensity of an image pixel depends on the surface normal and the location
of the light source.

2.1. Lambertian lighting model
A Lambertian surface reﬂects light with an equal intensity
in all directions. But this does not mean all surfaces appear
equally bright. According to the Lambertian lighting model
(see Fig. 2), the light reﬂectance properties of diffuse objects
are directly related to the surface normal orientation [8].
We assume the face has the Lambertian surface. The outgoing radiance R from the surface is constant in all directions and proportional to the total irradiance E. Namely,
R = E/ where  is the albedo of the surface. For a distant
light source the total irradiance onto a surface patch will be
proportional to the cosine of the angle between the surface
normal and the incident light [9]. Hence, the intensity of
pixel can be represented by the product of the albedo, the
surface normal and a light source. The intensity of a pixel
H (xi ) is represented as
H (xi ) = [(xi )n(xi )] · [l̃, l̂] = T (xi ) L(xi ),
T

(3)

where H is the observation matrix which is the collection
of images {H1 , H2 , . . . , Hn } of the same object under different lighting conditions. The L = {L1 , L2 , . . . , Ln } is the
light source matrix. We rewrite Eq. (3) with dimension information as
T
Hd×n = Td×3
L3×n .

(4)

Hence, photometric stereo is rank 3 constrained. Therefore, at least three images for one object under different
lighting conditions are required to determine the identity of
new probe image by checking if it spanned in the linear subspace of the photometric stereo images [5]. In this approach,
the training set is equivalent to the gallery set. The gallery
set of one object has multiple images which is large restriction for a real face recognition system. If the new probe image belongs to a person who is not included in the gallery
set, we cannot determine the identity of that person.
2.3. Bilinear models

(1)

where L = [l̃, l̂] is the light source vector including the light
surface vector l̂ and its intensity l̃. The n(xi ) is the surface
normal vector, (xi ) is the albedo of the surface projecting
to ith pixel xi and T (xi ) is the product of the albedo and the
surface normal. The illuminated image H can represented
by
⎛

⎞
T (x1 ) T
⎜ T (x2 ) ⎟
T
⎟
Hd×1 = ⎜
⎝ ... ⎠ L = Td×3 L3×1 ,

⎞ ⎛ T ⎞
H1
T L1
⎛ ⎞
L1
⎜ H2 ⎟ ⎜ T T L 2 ⎟
L
⎜ . ⎟ ⎜ . ⎟
⎜
⎟
T⎜ 2⎟
T
⎟ ⎜
⎟
H=⎜
⎜ .. ⎟ = ⎜ .. ⎟ = T ⎝ .. ⎠ = T L,
.
⎝ H ⎠ ⎝ T TL ⎠
n
n
Ln

(2)

T (xd )
where d is the number of pixels. The object-speciﬁc matrix
T includes albedo and surface normal information of object.
The T means the own peculiar matrix except the illumination
information.

Bilinear models offer a powerful framework for extracting the two-factor structure, identity and lighting [3–5].
For bilinear analysis, training images of each object under the same set of illuminations are required. These
approaches also assume that the Lambertian surface and
the image space T T L are unknown and changed, respectively. Let {L1 , L2 , . . . , L
n } be a basis of linearly independent vectors, thus L = nj=1 j Lj for some coefﬁcients
 = { ,  , . . . ,  }. Let {T1 , T2 , . . . , Tm } be a basis for

1 2
n
spanning all the possible products between albedo
 and surface normal of the class of objects, thus T = m
k=1 k Tk for
some coefﬁcients  = {1 , 2 , . . . , m }. Let I be the new
probe image as follows:
⎞
⎛
m

I = H N T L = THT L =
k=1

k Tk ⎝

n

j =1

j Lj ⎠ .

(5)

1608

S.-W. Lee et al. / Pattern Recognition 40 (2007) 1605 – 1620

Let W = {H1 , H2 , . . . , Hm } be the observation matrix
which is constructed from multiple images of m persons.
Training images of each object Hk = {Hk1 , Hk2 , . . . , Hkn } =
Tk {L1 , L2 , . . . , Ln } are observed at a ﬁxed pose and different illuminations, but each object has the same illumination
set. The column of Hk , Hkj , means the image of kth object
under j th illumination. We can represent the input image
by linear combination of the images in W with the bilinear
 A new input image can now be reprecoefﬁcients  and .
sented by the following equation:
⎞
⎛
m

I=
k=1

k Tk ⎝

n


j Lj ⎠ = W.

(6)

j =1

The goal is now to apply the illuminated face interaction model W learned during training to recover appropriate
 for new image which
face and lighting coefﬁcients  and 
are commensurable with the face and lighting conditions
learned for the training data [3]. The bilinear problem in the
 If we solve these unm + n unknowns is ﬁnding  and .
knowns, we can generate the image space of object H from
any desired lighting condition simply by keeping  ﬁxed
 But these approaches require the same set
and varying .
of illuminations per object, so that we have to know about
the lighting condition of training data in advance. We implement this method to compare with our proposed method
in Section 4.

then reconstruct a novel illuminated image using these basis images of the same face. In the testing procedure, the
lighting condition of input image is referred to synthesize
illuminated exemplars. The lighting conditions of these m
synthesized exemplars and input images are same. The input
image can be represented by the linear combination of illuminated exemplars and the weighted coefﬁcients are used
as those signature identities for face recognition. In the registration, those gallery images are saved. During the recognition process, we ﬁnd the facial image that has the nearest
set of coefﬁcients by computing the correlation.
3.1. Synthesis of the illuminated exemplars
We assume that the face has a Lambertian surface and is
illuminated by a point light, of which locations are not precisely known. However, it emits light equally in all directions. Then, the ith pixel value in an image H (xi ) is given
by
H (xi ) = (xi )n(xi )L(xi ) = T T (xi )L(xi ),

where (xi ) and n(xi ) are the albedo and surface normal of
the object’s normal surface corresponding to the ith pixel xi
and L is an illumination vector including its intensity and
direction of light source. An image, a collection of d pixels,
H is represented as
H = N L = T T L.

3. Linear analysis of illuminated exemplars
We propose an illumination-invariant face recognition
method based on synthesizing illuminated exemplars. We
synthesize the illuminated exemplars from photometric
stereo images and then we can represent a new probe image by linear combination of illuminated exemplars and
the weighted coefﬁcients offer an illumination-invariant
identity signature. By computing the correlations between
the set of coefﬁcients for gallery image and that for probe
image, we can determine the identity of new probe image
as the gallery image which has the largest correlation. The
whole procedure of the proposed face recognition algorithm
is illustrated in Fig. 3.
The procedure has two phases: training and testing. Images in the database are separated into training or testing
sets. In the training procedure, the training data consist of at
least three illuminated images per person. However, we do
not know the lighting conditions of training data. Unlike bilinear analysis methods, the training data can be constructed
using different objects and different sets of illuminations.
In our experiments, we construct the train matrix as m people under n different illuminated images. This is followed
by computing the orthogonal basis images by the principal
component analysis (PCA) for inverting the observation matrix per person. The orthogonal basis images of one person
are used to synthesize the illuminated exemplars. We can

(7)

(8)

In the case of photometric stereo images, we have n images of the same object under different illuminations. The
matrix H that made n images can be represented by T T L as
shown in Eq. (3). The photometric stereo images are from
the same object, we can assume that they have the same
object-speciﬁc matrix T and different illumination vectors
L. If the light source matrix L is non-singular (|L| = 0) and
{L1 , L2 , . . . , Ln } are linearly independent, the matrix L is
invertible and then T can be expressed by the product of
matrix H and the pseudo-inverse of L as follows:
T = HL+ .

(9)

The light source matrix L can be invertible when
{L1 , L2 , . . . , Ln } are linearly independent of each other. To
make the images independent from each other, we transform the photometric stereo images into the orthogonal
basis images {B1 , B2 , . . . , Bn−1 } by PCA for each person.
By applying PCA to photometric stereo images, we can
express a new illuminated image S of the same object by
changing the coefﬁcients . The orthogonal basis images
can be obtained in off-line training. The synthesized image S is determined by the coefﬁcients multiplied to the
orthogonal basis images,
n−1

S=B +

j Bj = B + B,
j =1

(10)
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Fig. 3. Overview of the proposed face recognition procedure.

Fig. 4. Basic idea for synthesis of illuminated exemplar using reference image.

where B represents the mean of orthogonal basis images
per object and  ∈ Rn−1 . We propose that the input image
is used as a reference to synthesize the new illuminated
image S.
Fig. 4 shows the basic idea for synthesizing a new illuminated image, called ‘Illuminated exemplar’, from training images under different lighting conditions. ‘Illumination
reference’ is the image which is referred by photometric
stereo image per person to synthesize the illuminated exemplar. From training images, we can extract the basis vectors
which are orthogonal to each other and then we can represent

a new image using those basis and illumination reference.
Illumination of new synthesized image becomes similar to
that of the reference. Since photometric stereo images have
the same surface (only different lighting condition) and we
refer the lighting condition of input image, we can synthesize the image under the similar lighting condition of input.
We assume that the input image can be represented using
the set of coefﬁcients  from orthogonal basis images as
follows:
I = B + B.

(11)

1610

S.-W. Lee et al. / Pattern Recognition 40 (2007) 1605 – 1620

Fig. 5. Example of the illuminated exemplars. (a) MPI DB and (b) KFDB.

In this case,  makes the synthesized image to have similar
lighting condition as input image. The columns of matrix
are orthogonal to each other, the transpose is the inverse and
we can now easily ﬁnd the optimal set of coefﬁcients ∗
by transpose instead inverse. We can ﬁnd the optimal set of
coefﬁcients ∗ as follows:
∗ = B−1 (I − B) = BT (I − B).

(12)

Using the optimal set of coefﬁcients, we synthesize the
illuminated exemplars E with the same lighting condition as
input image. The synthesized exemplar E is represented as
n−1

E=B +
j =1

∗j Bj = B + ∗ B.

(13)

According to both the photometric stereo and bilinear
analysis approaches, we need at least three images per object
to reconstruct a new illuminated image. In the photometric stereo images, we choose three images of random lighting directions {H̃1 , H̃2 , H̃3 } and we transform those images
into the orthogonal coordinate system, which is deﬁned by
eigenvectors {B̃1 , B̃2 } using PCA, where B̃ is the mean of
∗
{B̃1 , B̃2 } and ˜ = {˜1 , ˜ 2 } is the coefﬁcient for synthesizing
the illuminated exemplar Ẽ. An illuminated exemplar using
three images is represented as follows:
2

Ẽ = B̃ +
j =1

∗
∗j Bj = B̃ + ˜ B̃.

(14)

Fig. 5 shows example of the synthesized exemplars from
the training data of MPI DB and KFDB. We choose three
images under random illumination of each person and those
chosen images for each person are different sets. The upper
row shows examples of the illuminated exemplars using the
images from the top row. The lower row shows examples
of the different illuminated input images. Each illuminated
exemplar (upper row) is synthesized by referring the lighting

condition of input image found directly below it. As shown,
the illuminated exemplars have very similar lighting conditions to that of the input image. The illuminated exemplar is
synthesized from three different illuminated images of each
person. One illuminated exemplar is synthesized per object,
so there are m illuminated exemplar images under the same
lighting condition of the input image where the training data
are collected by the images of m objects.
3.2. Linear combination of illuminated exemplars
In the previous section, we described that how the illuminated exemplar is synthesized. Using both the photometric stereo images and input image, m illuminated exemplars
are synthesized per person. The illuminated exemplar of kth
person Ẽk can be represented as
2

Ẽk = B̃ k +
j =1

∗

˜ ∗kj Bkj = B̃ k + ˜k B̃k ,

(15)

where B̃ k is the mean of orthogonal basis images {B̃k1 , B̃k2 }
from three photometric stereo images {H̃k1 , H̃k2 , H̃k3 }. The
column of H̃k , H̃kj , is the image under j th illumination of
kth person. After synthesizing m illuminated exemplars from
the training data, we analyze the input image using them.
The input image is represented well by the linear combination of the illuminated exemplars. At this time, the weighted
coefﬁcients are estimated from the illuminated exemplars
under the same illumination as the input image. That means,
the coefﬁcients depend on the m illuminated exemplars but
not on the lighting conditions. Because the illuminated exemplars are for the object class only, the coefﬁcients provide
a signature identity that is invariant to illumination. The set
of coefﬁcients f is computed by the following equation:
m

I=
k=1

fk Ẽk = fẼ,

(16)
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Fig. 6. Reconstructed examples with input images from MPI DB using m illuminated exemplars.

where f={f1 , f2 , . . . , fm } is the set of coefﬁcients from the
m illuminated exemplars and used for face recognition. The
fk is the coefﬁcient for the illuminated exemplar kth object.
The Ẽ = {Ẽ1 , Ẽ2 , . . . , Ẽm } is the matrix of the illuminated
exemplars which are synthesized from the previous section.
The problem is to choose f so as to minimize the cost
function C(f). We deﬁne the cost function as the sum of
square errors which measures the difference between the
input image and the linear sum of the illuminated exemplars.
We can ﬁnd the optimal set of coefﬁcients which minimizes
the cost function,
f∗ = arg min C(f),

(17)

f

d

2

m

I (xi ) −
i=1

fk Ẽk (xi )

.

(18)

k=1

The solution to Eq. (17) is obtained by the least
square minimization method. We assume that the number of illuminated exemplars is m and the number of
pixels is d. We represent the kth illuminated exemplar,
Ẽ = {Ẽ(x1 ), Ẽ(x2 ), . . . , Ẽ(xd )} where Ẽ(xi ) is the intensity of a pixel, xi . To represent the input image H using
illuminated exemplars, we have to ﬁnd f by the following
equation:
⎛
⎞ ⎛
⎞⎛ ⎞
f1
I (x1 )
Ẽ1 (x1 ) . . . Ẽm (x1 )
..
..
.. ⎠ .
⎝ ... ⎠ = ⎝ ...
⎠
⎝
(19)
.
.
.
I (xd )
Ẽ1 (xd ) . . . Ẽm (xd )
fm
This can be rewritten with dimensional information as follows:
Id×1 = Ẽd×m fm×1 ,

Ẽ1 (x1 )
..
⎝
Ẽ =
.
Ẽ1 (xd )

(20)

...
..
.

⎞
Ẽm (x1 )
..
⎠,
.

(21)

. . . Ẽm (xd )

f = (f1 , . . . , fm )T ,
I = (I (x1 ), . . . , I (xd ))T .
The least square solution satisﬁes ẼT I = ẼT Ẽf. If the
columns of Ẽ are linearly independent, then ẼT Ẽ is nonsingular and has an inverse. Then the optimal set of coefﬁcients is
f∗ = ẼT Ẽ

with the cost function
C(f) =

where
⎛

−1

ẼT I .

(22)

We can express the input image I using the computed f∗
on the assumption that the columns of matrix Ẽ are linearly
independent. If they are not independent, the solution f∗
will not be unique. In this case, the solution can be solved by
the pseudo-inverse of Ẽ, Ẽ+ . But, that is unlikely to happen
for proposed method. The reconstructed image I R of the
input image is represented as follows:
m

IR =

fk∗ Ẽk = f∗ Ẽ.

(23)

k=1

By using Eq. (23), we can get the optimal set of coefﬁcients to represent the input image. To verify the coefﬁcients
as the signature identity, we reconstruct the input image using the computed optimal set of coefﬁcients. Figs. 6 and
7 show the examples of reconstructed images of MPI DB
and KFDB using the optimal set of coefﬁcients f∗ . In these
ﬁgures, (a) shows the input image under the arbitrary lighting condition, (b) shows the reconstructed images using the
linear combination of illuminated exemplars and (c) is the
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Fig. 7. Reconstructed examples with input images from KFDB using m illuminated exemplars.

Fig. 8. The recognition principle for one gallery and probe image under arbitrary illumination.
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Fig. 9. Results of reconstructed images by bilinear analysis method.

Fig. 10. MPI face database. (a) The position conﬁguration of lights and (b) example of data set.

Fig. 11. Korean face database. (a) The position conﬁguration of lights and (b) example of data set.
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Fig. 12. Recognition rates for all the probe sets with a ﬁxed gallery set.

illuminated exemplars which are synthesized using the input
image to refer lighting condition.

probe image is
norr_corr(G, P ) =

3.3. Recognition
In this section, we describe what kind of signature is used
for recognizing the face. We recognize the new face by the
coefﬁcients of the illuminated exemplars which are synthesized using photometric stereo images and input image. In
the previous section, we had shown the computing procedure of the coefﬁcients and the reconstruction results using
those coefﬁcients.
Fig. 8 shows the basic idea of the face recognition principle for one gallery image and probe image under arbitrary
illumination. When the gallery or probe image is taken, we
synthesize the illuminated exemplars from the photometric
stereo images with each gallery or probe image. We analyze
the input image, gallery and probe image by the linear combination of those synthesized exemplars. We can then get
the set of coefﬁcients which represent the gallery image and
probe image, these two sets of coefﬁcients are used as the
signatures for face recognition. As shown Fig. 8, we perform
the recognition by calculating the normalized correlations
between coefﬁcients for the probe image and the registered
gallery images. We compute the normalized correlation by
ﬁnding the facial image with the nearest correlation coefﬁcient vector and recognized as that person.
Suppose that a gallery image G has its signature fg∗ and
a probe image P has its signature fp∗ . Then the optimal sets
of coefﬁcients for each image are
fg∗ = (ẼgT Ẽg )−1 ẼgT G,

fp∗ = (ẼpT Ẽp )−1 ẼpT P ,

(24)

where Ẽg and Ẽp are the matrices of illuminated exemplars
using G and P as illumination reference of lighting condition. The normalized correlation between a gallery and

Cov(fg∗ , fp∗ )
,
sd(fg∗ ) sd(fp∗ )

(25)

where sd(a) is the standard deviation of a and Cov(a, b)
means the covariance of a and b.
4. Experiments
We have conducted a number of experiments with our
approach using the MPI DB [6] and KFDB [10]. We performed experiments for face recognition using the illumination subset of the whole database. In these experiments, we
compared the proposed method with eigenface/WO3 [11,12]
method and bilinear analysis method [5].
Eigenface/WO3: Eigenface is a method commonly used
in face recognition. We have implemented the eigenface approach by training the eigenvector from the same training
data. To solve the illumination problem, this method is applied without three principal components, the most inﬂuential factor in degradation of performance. This means the
three most signiﬁcant components are discarded on the assumption that the ﬁrst few principal components capture
only variation in lighting.
Bilinear analysis: We also implemented the bilinear analysis method for comparison which is mentioned in Section
2. Fig. 9 shows the results of rendering the novel face under
several illuminations and rendering the 3 out of 100 faces
under the new illumination. We worked with the MPI DB
of face images under well-controlled variation in lighting.
For training, we took the face database of 100 faces under
varying lighting conditions. We ﬁt the bilinear model to
this training data using the iterated SVD procedure. For
testing, the single image per person which is not included
in database is used. We use these results to compare with
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Table 1
Recognition rates comparison
G/P

L11

L22

L33

L44

L55

Avg.

L11
L22
L33
L44
L55
Avg.

—
100/100
99/100
85/77
63/43
89.4/84.0

100/100
—
100/100
99/87
79/47
95.6/86.8

99/100
100/100
—
100/100
95/97
98.8/99.4

92/73
100/79
100/100
—
100/100
98.4/90.4

81/68
86/51
99/100
100/100
—
93.2/71.0

94.4/88.2
97.2/86.0
99.6/100
96.8/92.8
87.4/77.4
95.1/88.9

Fig. 13. Example of the reconstructed input images from MPI DB (64 × 64). The upper row shows the original input images (I ) and lower row shows
the reconstructed image (I R ) of each set (two rows). Each column represents the same lighting conditions.
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Fig. 14. Example of the reconstructed input images from MPI DB (256 × 256). The upper row shows the original input images (I ) and lower row shows
the reconstructed image (I R ) of each set (two rows). Each column represents the same lighting conditions.

our proposed method for face recognition (see Section
4.1.2) and face reconstruction (see Section 4.2) using same
data set.
4.1. Face database
4.1.1. Max-Planck Institute face database (MPI DB)
The MPI DB is used to demonstrate our proposed approach. We use 200 2D images of Caucasian faces that were
rendered from a database of 3D head models recorded with
a laser scanner (CyberwareT M ) [13,14]. The images were
rendered from a viewpoint 120 cm in front of each face
with ambient light only. For training, we use the images
of 100 people. The images of the other 100 people were
used for testing our algorithm. Images having 25 changes

{L11, L12, . . . , L45, L55} in illumination directions are
used (see Fig. 10). The images had been collected for psychophysical experiments from males and females between
20 and 40 years of age. No glasses, earrings or beards were
presented and all head hair was removed from the images.
The resolution of the images is 256 × 256 pixels and the
color images were converted to 8-bit gray level images.
Fig. 10 shows the position lights and example of data set.
In Fig. 10, (a) shows the position conﬁguration of the
lights and (b) shows example images of lighting condition
changes.
4.1.2. Korean face database (KFDB)
We also used KFDB to demonstrate the effectiveness of
our proposed approach. Images of 200 people were selected
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Fig. 15. Example of the reconstructed input images from KFDB (64 × 64). The upper row shows the original input images (I ) and lower row shows the
reconstructed image (I R ) of each set (two rows). Each column represents the same lighting conditions.

from 1000. For training, we use the images of 100 people.
The images of the other 100 people were used for testing
our algorithm. We also selected frontal facial images without glasses having eight changes {W 1N 1N, W 2N 1N, . . . ,
W 8N 1N } in their illumination directions from a total of
52 images per person. The images are 640 × 480 in resolution. For the experiments, we convert each color images
to an 8-bit gray level image and resize to 64 × 64 pixels.
Fig. 11 shows the position of lights, along with the entire
conﬁguration of the studio platform and example of data
set. In Fig. 11, (a) shows the position conﬁguration of the
lights and (b) shows example images of lighting condition
changes.

4.2. Recognition results and analysis
In this section, we describe the recognition experiments
and their performances. First, we performed experiments for
face recognition using the set of coefﬁcients from synthesized illuminated exemplars. This was then followed with
experiments for reconstruction of input images for verifying the set of coefﬁcients used as the signature identity,
in next section. We present the recognition results when
the images of training and testing sets are taken from the
same database, MPI DB. We have conducted two experiments by changing the lighting directions of the gallery and
probe set.
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Fig. 16. Comparisons of mean reconstruction errors. (a) MPI DB and (b) KFDB.

4.2.1. Experiment in the gallery set of ﬁxed direction and
probe set of all lighting directions
Graph in Fig. 12 shows the recognition rates for the ﬁxed
gallery set of lighting conditions (100 images) with the probe
sets of varying lighting conditions (100 images under each
illumination). We use the gallery set under the ﬁrst lighting
condition, L11 and the probe sets under the other 24 lighting conditions from L12 to L55 in the testing set. In this
experiment, we obtain good recognition results although the
illumination changes are rapid. As shown in Fig. 12, when
the distance between the light sources of the gallery and
probe sets is small, the recognition performance is high,
conversely when the distance between the two is large, the
recognition results are of lower quality, especially when using the eigenface/WO3 and the bilinear methods. The bilinear analysis method allows higher recognition rates than the
eigenface/WO3 method, though neither method results in as
high a performance as our proposed method.

4.2.2. Experiment in the gallery set and probe set of
varying lighting directions
The next experiment is designed for the gallery and probe
sets both under different lighting conditions. Table 1 represents the comparison results between our approach and bilinear analysis approach for the gallery and probe sets under the
different directions of lighting {L11, L22, L33, L44, L55}.
The P means the probe sets and G means the gallery sets.
The number on the right is for bilinear analysis method and
the number on the left is for our proposed method. The average rates obtained by bilinear analysis are 88.9%, while our
approach outperforms it at an average of 95.1%. When the
distance between the light sources of the gallery and probe
sets is small, the recognition performance of both methods
is high. Nevertheless, in cases where facial images are under difﬁcult illumination condition such as L11 and L55,
we cannot avoid performance degradation but our proposed
method is much less.
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As shown Fig. 12 and Table 1, our approach outperforms
the both approaches. The eigenface/WO3 method uses the
principal components of training data but not the invariant
of illumination changes and the bilinear analysis method
takes a large number of iterations to solve concurrent lighting and identity problem. If we take one of the iterations in
the bilinear analysis, the quality of the results drops rapidly,
conversely if a large number of iterations are performed to
convergence, this produces an improvement in the results
at the cost of CPU time. We compared the recognition rate
of our approach with one of the bilinear analysis methods
after three iterations, which has similar time as ours. As a
result, we can recognize the new face under the arbitrary
illumination given by just one registered image and training data under also arbitrary illuminations without recursive
iterations.

4.3. Reconstruction results and analysis
We use the coefﬁcients of illuminated exemplars as the
identity signature for face recognition. To verify the set
of coefﬁcients as the signature identity, we reconstruct the
gallery or probe image. We have reconstruction experiments
using MPI DB and KFDB. Figs. 13 and 14 show examples
of the reconstructed input images (gallery or probe sets) using the coefﬁcients of illuminated exemplars from MPI DB.
Each set (two rows) shows image set of one person. The upper row shows the original input images and the other row
shows the reconstructed images. Each column represents the
images under lighting changes. The original images were
color images, set to the size of 256 × 256 pixels. They were
converted to an 8-bit gray level and resized to 64 × 64 pixels. Experiments were performed on both the sets of original images and resized images. First set (top two rows)
in Figs. 13 and 14 is the same person and the other sets
are different. The performance degradation of recognition
and reconstruction with high-resolution images (256 × 256)
were not much as compared with that of low-resolution
images (64 × 64).
Fig. 15 shows examples of the reconstructed input images
(gallery or probe sets) using the coefﬁcients of illuminated
exemplars from KFDB. The original images were color images, set to the size of 640 × 480 pixels. In our experiments,
all images were cropped to include only the face with little hair and background. They were converted to an 8-bit
gray level and resized to 64 × 64 pixels. We align the face
on the images by ﬁxing two eye locations to observe only
variation of lighting (scale and rotate). Each set (two rows)
shows image set of one person. The upper row shows the
original input images and the other row shows the reconstructed images. Each column represents the images under
lighting changes.
Fig. 16 represents the reconstruction errors in input image
per pixel. We use the resized image (64 × 64). The horizontal axes represent the directions of illumination while the
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vertical axes represent the mean displacement error in input
image per pixel. Fig. 16(a) shows reconstruction error rates
of images obtained from MPI DB and Fig. 16(b) shows reconstruction error rates of images obtained from KFDB. As
shown, the reconstruction errors of the proposed method are
smaller than bilinear analysis method.

5. Conclusions and further research
We have addressed a new approach for illuminationinvariant face recognition. The idea here is to synthesize
illuminated exemplars using photometric stereo images and
apply them to represent the new input image under the
arbitrary illumination. This method only requires one input
image and one registered image per person for recognition.
The weighted coefﬁcients are used as the signature identity,
so that a new image can be represented as a linear combination of a small number of illuminated exemplars. Since
we synthesize the illuminated exemplars under the same
lighting conditions for the input image using any three or
more images under different illuminations, we have no need
for illumination information of the training data. We require
three images at least per person, which need not be collected
under the same conditions as the data set of other persons.
In our experiments, we choose images under the random
direction of lighting to synthesize illuminated exemplars.
This allowed the photometric stereo images to have more
lighting information than using images under the ﬁxed directions of lighting. Experimental results on various face
images have shown a good performance when compared
with the previous approaches. Our approach also shows a
stable recognition performance even under the large illumination changes. However, we incur a high computational
complexity due to the synthesizing of illuminated exemplars
for all input images. The cast shadow and the case of multiple light sources are not handled in this paper. This will
be investigated in the future. Furthermore, it can become
particularly difﬁcult when illumination is coupled with pose
variation. Because there are the extreme lighting changes
which are caused by pose variation, we are also trying to
treat not only lighting changes but also pose changes.
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