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Abstract

In this paper, we present a general framework for face
modeling under varying lighting conditions. First, we
show that a face lighting subspace can be constructed
based on three or more training face images illuminated
by non-coplanar lights. The lighting of any face image
can be represented as a point in this subspace. Second, we
show that the extreme rays, i.e. the boundary of an
illumination cone, cover the entire light sphere. Therefore,
a relatively sparsely sampled face images can be used to
build a face model instead of calculating each extremely
illuminated face image. Third, we present a face
normalization algorithm, illumination alignment, i.e.
changing the lighting of one face image to that of another
face image. Experiments are presented.

1. Introduction

As face recognition techniques advance, more
researchers have focused on challenging issues arising
from illumination and pose. Varying illumination is one
of the most difficult problems and has received much
attention [1-4][7-25] in recent years. It is know that image
variation due to lighting changes is larger than that due to
different personal identity.

Because lighting direction changes alter the relative
gray scale distribution of face image, the traditional
histogram equalization method used in image processing
[30] and face detection [31] for image normalization only
transfers the holistic image gray scale distribution from
one to another. This processing ignores the face-specific
information and can not normalize these gray level
distribution variations. To deal with this problem,
researchers have made many breakthroughs in recent
years.

Adini [1] has compared different face representations,
such as edge map, image intensity derivatives, and images
convolved with 2D Gabor-like filters, under lighting
direction changes. Their results demonstrated that none of
these algorithms were robust to variations due to light
direction changes. The main drawback of this kind of
approaches is that the most valuable information, gray
value, is discarded and person’s discriminative
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information in face image is weakened in perusing so
called “illumination invariant features”.

The quotient Image method [3][4] proposed by
Shashua and Tammy provided an invariant approach to
deal with the illumination variation. Under assumption of
Lambertian model without shadow and ideal class, they
deduced that the image ratio (Quotient image) between a
test image and linear combination of three non-coplanar
illuminated images reflects only the texture information,
which is illumination free. The main contribution of this
method is that it provided very simple and practical
approach for robust recognizing face under varied lighting
directions with only 2D images. It has been used in some
image based rendering papers [5][6]. A drawback is that
this method failed in case of shadow [3][4].

The illumination Cone method [7][8][9] theoretically
explained the property of face image variations due to
light direction changes. In this algorithm, both self-
shadow and cast-shadow were considered and its
experiment results outperformed most existing methods.
The main drawbacks of illumination cone are the
computational cost and the strict requirement of seven
input images per person.

Terence Sim et al [16] proposed a statistical algorithm
for modeling face. This method used abundant training
face images illuminated differently in which the general
shape of the face and its integrability are statistically
implied. These images have enough information to
construct face lighting space.

Recently two researchers, Ramamoorthi [10-12] and
Basri [13-15], independently developed spherical
harmonic representation in face images variation under
various lighting conditions. This original representation
explained why images of an object under different
lighting conditions can be described by low dimensional
subspace in some empirical experiments [10] [11]. The
implementation of this algorithm requires knowledge of
face’s albedos and surface normals, however no practical
method was provided in their original work [10-15].

The above approaches have a common characteristic
that they all analyze face images in 3D space instead of
2D image space. They are based on a more general face
representation depicted in Figure 1. In fact, such a
representation has been used by computer graphics for
Image-based-rendering (IBR) for a long time. However,



the face analysis problem is an inverse procedure of IBR,
i.e. decomposing the image into three parts, 3D shape,
texture and lighting.

0=t TG

Face Image = 3D Model + Texture + Illumination
Figure 1. A general face representation

The rest of this paper is organized as follow. In section
2, we present a face lighting subspace model and show
how the illumination of a face image can be easily
estimated. Section 3 is the implementation of our
illumination alignment approach in global and local face
lighting space. The experiment results are discussed and
analyzed in section 4. Finally, we make a conclusion and
suggest the future work in section 5.

2. Face and Lighting Modeling

2.1 Notions for Face and lighting Subspaces

Let us first look at the following experiment shown in
Figure 2. Fig.2(a) shows ten persons’ frontal face images
under 12 different illumination directions. 2(b) shows the
ten persons’ face manifolds (trajectories) in a 3-D face
PCA subspace where the PCA is derived based on all
training examples of all persons. It is clear that all the
manifolds have very similar shape. 2(c) is similar to 2(b)
but the PCA is derived based on face images of only one
person. The red curve (if the pdf/ps file is viewed) is the
person self manifold and the other nine trajectories are the
projections in that person’s PCA subspace.

The above shows that lighting subspace constructed
from one person’s face images can represent face lighting
conditions of face images with different identities. This
trait gives us an opportunity to estimate the lighting
conditions of a person by using a subspace representation
derived from face images of another person. Shashua[3][4]
explicitly employed this characteristic in their quotient
image method. Sim [16] also implicitly used this trait in
their statistical model.

Now, we put forward concepts of face lighting space,
general face model and general face imaging model, to
further describe the face illumination analysis.

For a face image I; with n pixels, it lies in a subspace
of R". Let I represent this space.

IcR"
Face images with the same pose under different lighting
conditions form a subspace of I. Let F represent this
space.

Fcl,FcR",m<n

All our following concepts and theories are based on the
subspace F.
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Figure 2 (a) face images of 10 persons under 12
different lighting conditions. (b) face manifolds
(consisting of “trajectory” of each person under the
varying lighting) in a 3-D PCA subspace derived
from training examples of a//persons. (c) face
manifolds (consisting of “trajectory” of each person
under the varying lighting) in a 3-D PCA subspace
derived from training examples of one person.

Concept 1: Face Lighting Space

Face lighting space L is a d-dimensional subspace
constructed from face images space F under different
lightings.

L=T(F),LcF,LcR' d<m
where T is a transformation function from face image
space to face lighting space.
For any two face image /; and /, under the same lighting
with different identities, we have

I=T(1,)=T(,)

where [ is their projections into lighting space / € L .

In this space, only face image’s lighting condition instead
of face identity information is concerned.

This definition imply that human face have similar 3D
structure and the lighting condition in one person images
can be estimated by the other person’s subspace.

According to this definition, face images of different
persons under the same lighting conditions are



overlapping points in this space. The difference between
face lighting space and light space' is that face lighting
space is d-dimensional (d>3) space and light space is 3-
dimensional space. A point in the lighting space reflects a
face image’s lighting conditions including shadow and
shading information and not just a light source that
illuminates the face.

Concept 2: General Face Model

A general face model M is the function of face 3D shape
and texture.

M = f(D,T), @

where D is face 3D shape and T is the face texture.

Concept 3: General Face Imaging Model

I=M6e] 3)
where e represents dot product. This concept means that
any face images I can be represented by the dot product
of face model M and lighting conditions /.

Our face model and face-imaging model are very
generic ones without any constrains, which can be
adapted to various models according to different
application environments. In the spherical harmonic
analysis, M can be expressed in spherical harmonic
images [11-15] and / becomes the spherical harmonic
light. The simplest model M is composed of face images
from the same pose under different lightings. In this case,
a point / in the lighting space L reflects the relative
intensity ratio of different point lighting conditions in
these face images. Our face model can be further
simplified to Lambertian Model as in the case quotient
image, where I becomes the point light source’.

2.2. Appearance-Based Illumination Modeling

Belhumeur etc. [7] have proved that under the
assumption of Lambertian model and convexity of face
3D shape, face image variations due to lighting changes
lie in a high dimensional convex space, called
illumination cone. In fact, the face space F under various
lightings is also approximately convex even if there is no
any assumption of imaging model.

"Let set the S is a point light source. It can also be rewritten to
|| S || (6, ®) form in sphere coordinates, where || S || is the
intensity of S, 0< 0 <z and 0< ¢ <2w are azimuth angle and the
polar angle respectively. If lighting intensity is not considered,

points in unit sphere (Light sphere) can represent light directions.

%Face images in daily life are usually illuminated by area light
source instead of an ideal point light source.

(b) 10 equally sampled points along the line segment
between the two images of (a)
Figure 3 the convexity of face space Funder
different lightings

To test a space is convex, we must check that any point
in the line segment between two points in the space also
belongs to the space. Figure 3. (a) displays two real face
images with shading and shadow (cast shadow and
attached shadow). The images in Fig.3 (b) are ten equally
distributed points between the two points of 3.(a) in face
space. And all the ten images belong to the same person
as the two points in 3. (a).

To build face model in a very high dimensional
subspace, Belhumeur etc. [7] employed extreme ray
concept. According to their definition, the extreme ray
(Figure 4) is defined as

S, =nxn; 4)

where n;, n; are two non-collinear Lambertian surface
normals of face.

© Extreme Ray

Figure 4 Extreme ray S;;from two surface normals
(n;, nj) in the light space

For a p-pixel-face image with ¢ (q<p) independent
surface normals, there at most (g-1)¢+2 extreme rays[7].
From the above equation, we can see that the face space
and the face lighting space are determined uniquely by
face’s surface normals.

If all the extreme rays are consider in recognition, the
computation expense will be very high. In fact, this space
can be further compressed by Principle Component
Analysis (PCA) [9] in the construction of illumination
cone. Therefore a more practical way is needed to model
face.

To propose our new idea, we first present Lemma 1.



Lemma 1: All cross products of two surface normals in a
unit hemisphere H, form a unit sphere S.
Proof: (Omitted due to length constraint).

For a general analysis, a human face can be roughly
represented as a hemisphere or has all the surface normals
that a hemisphere has if face surface is considered as
continuous or piecewise continuous surface and face
image’s resolution is infinite.

Theorem 1: Extreme ray directions form the whole unit
light sphere.
Proof: According to Lemma 1 and the assumption of face
hemisphere representation, all extreme rays consist
a unit light sphere.
The calculation of all these rays will require high
computational expense and are very impractical for real
application.

Theorem 2: Face lighting space L is convex for a given

face.

Proof: Let I; and I, are face images with illumination
conditions /; and /; respectively in the face lighting
space L, and I;is another point in the space, which
is sampled among line segment between /; and ,
then

L, =a +(1-a)l,, where 0<a <.

Left multiplying face model M on both side of the
above equation, we get

Mel,=aM el +(1-a)M e,
I, =al +(1-a)l, , where 0<a <I.

"+ 1,,1, € I and convexity of face image space

Funder different lightings,
sl el
~lhel

In this theorem, we do not assume any constrains on
face model and light.

This result is also consistent with our daily experience.
No matter how extreme the lighting directions of two
images from the same person are, their convex
combination is still a face image of the same person. Even
if all kinds of shadow, self and cast, are considered, this
theory is still valid (shown in Figure 3).

According to theorem 1 and 2, similarity of all human
face 3D structure, convexity of face space under different
lightings, a practical and simple approach of modeling
face is constructing subspace from sparsely sampled face
images under different lighting conditions. More
variations in lighting changes among these sampled
images will ensure more accurate lighting space. If no
computational expense is considered, these images can be
directly used as coordinate axes of the lighting space L.

The unknown lighting conditions / of input face image
can be estimated or interpolated by convex combination
of known lighting conditions due to the convexity of face
lighting space.

3. Illumination Alignment

In this section, we present a method for illumination
alignment, i.e. relighting the illumination of a face to any
designated illumination.

3.1 Ideas

The following assumptions are made:

(1) Images in face database (training set) have little or no
shadow and the test image for identification or
verification can be in any illumination conditions.

(2) All face images have been geometrically aligned.

Condition (1) can be satisfied by most applications
cases. And condition (2) limits our focus only on face
illumination problem. Our recognition approach is a
synthetic one based on illumination alignment.

Illumination alignment is a procedure in face lighting
space that maps all face images in the database into the
same lighting condition as that of test image.

Let I; is the i-th image in face database and / is lighting
conditions of input unknown identity image, then

I, =P (,), ®)
where P, is mapping function and I ; 1s the mapped

image according to the lighting /. By illumination
alignment we can compare face images under same
lighting conditions shown in Figure 8, where Fig. 5(a) is
the input image and Fig. 5 (b) to (f) are face images in
face database and their corresponding mapped images
according to lighting condition of input image. In some
application without 3D model, the mapping direction is
one way. Because the test image may contain large
shadow, no 3D shape and albedos can be deduced from
these regions.

(
Figure 5 (a) the input image, (b)(c)(d)(e)(f) the face
image in training set and its corresponding synthetic
image according to illumination effects of input (a)



Two kinds of algorithms can be derived from the
illumination alignment, global lighting space method and
individual lighting space method.

Global lighting space is constructed from face images
with the same pose (e.g. frontal) under different lighting
conditions. Due to calculation -efficiency, we can
compress these face images into a subspace. In fact, many

researchers have done a large amount of work in this field.

Before Ramamoorthi [10-12] and Basri [13-15]’s
theoretic analysis, many researchers [21-23] had found
similar results in empirical experiments that the face
images under different lighting conditions lie in a very
low dimensional subspace. Ramamoorthi [10-12] and
Basri [13-15] explained this phenomenon by spherical
harmonic analysis. According to their analysis, nine-
dimensional subspace can account for 99% the image’s
energy.

But all their results are deduced from Lambertian
Model without cast shadow. Because face is not perfect
convex, even small illumination direction variation affects
the subspace dimensionality severely. Figure 6 shows the
energy accumulative distribution in eigen-subspace. In
Fig. 6. (b), the first 6 eigen-values consist only 93% the
total image energy in the first 23 images of Fig.9(a).
Moreover in Fig. 6(c) less than 80% energy is included in
the first-9-eigen-vector subspace built from all the 64
images of Fig. 6(a).

Therefore more than nine-dimensional subspace is
need to model face variation under varied lighting
conditions for a real face recognition system.

After building face lighting space, we can estimate the
face lighting conditions and transform the face images in
the face database into the same lighting conditions as the
input one. Sim [16] used statistical model for this
transformation and Shashua [3][4] employ a very simple
and practical image ratio method to map the face images
into different lighting conditions.

The highlight of global lighting space approach is that
it requires only one face image in the face database for
recognition system. This method is based on a fact that all
human faces have similar 3D shape.

In individual lighting space, we build each person’s
lighting space according to his 3D information, 3D shape
and albedos. Spherical harmonic representation [10-15]
and illumination cone method [7-9] are two theoretical
methods, which have been proved to outperform other
approaches including global lighting space methods. The
excellent performance is due to the fact that each person
has its own 3D model. Illumination cone method utilized
3D face model to synthesize densely sampled face images
illuminated by extreme rays and spherical harmonic
method made use of 3D face model to create the
orthogonal subspace composed by harmonic images. The
lighting estimation in individual lighting space is the
same as that in global lighting space. Illumination
alignment in individual lighting space is relatively simple

and can be achieved by corresponding computer graphic
synthetic methods.
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Figure 6. (a) face image (b) energy accumulative
distribution for the first 23 images (c) energy
accumulative distribution for the first 23 images

The main drawback of individual lighting space is that
they depend on face 3D model. In illumination cone
method, 7 images of each person in the face database are
needed to precisely build a 3D face model from 2D
images. In spherical harmonic approach, face 3D model is
assumed as known parameters.

3.2. lllumination Alignment

3.2.1. Based on Global Lighting Space From One-
Person’s Images

In this algorithm, we construct the lighting space L
from face images of one person under different lighting
conditions (the training set). This lighting space, called
global lighting space, is universal in light estimation and
illumination alignment for all face images in the face
database. After estimating the lighting conditions of input
image by this global lighting space, we map the face
images in the face database into the same lighting
conditions as that of the input-unknown-identity face
image by image ratio technique [3][4].

In our experiment, we choose one person’s face
images in Yale B Face database with the frontal pose but
systemically sampled lighting conditions for building
global lighting space. Because face images lie in a low
dimension subspace [10-15], we compress these images
by Singular Value Decomposition (SVD). This linear



transformation does not change the convexity of face
image space and face lighting space.

Let B =[b,,b,,...,b; ]be the compressed lighting K-
dimensional subspace. Like the texture mapping in
quotient image, we have the image ratio for each face in
the database by the ratio of ¥; and Bel,

Y,
0. =gy =k 2N (6)
f(x)=min|y, —Bel| )

where / is the estimated lighting conditions by minimizing
equation (7), N is the number faces in the database, y; is
the input image for recognition and its estimated lighting
is l,,.

After estimating the lighting /, we can align all face
images in the database into the same lighting conditions
as that of the input image by

Y, =0 ®Bel, i=1,2, N (8

The equation (8) is the illumination alignment process
and the face model is O, ® B, where the ® represents

the pixel-by-pixel multiplication. After this alignment, the
recognition is carried out among the input image ¥, and
the Y, and Y, belongs to class i if it has shortest
distance to ¥,,;. Though our algorithm has a similar form
as that of quotient image algorithm, our subspace is more
complex and lighting /, is not real light. Our estimated
lighting /; contains shading and shadow information
instead of only shading information in quotient image
method.

3.2.2. Based on Individual Lighting Space From Each
Person’s Images

In this algorithm, we need three images with equal
intensity, non-collinear light source directions and small
shadow, we can build an individual lighting subspace by
spherical harmonic representation.. According to the
spherical harmonic approach, we can build 9-dimensional
subspace for each person. It is well known that Signaler
Value Decomposition (SVD) analysis can only recover
face surface normals with ambiguity [27][32]. A practical
approach we proposed in [26] makes use of the similarity
of 3D human face shape to estimate the ambiguity matrix.
Then face images in the database are aligned to the same
lighting conditions as that of the input one. Because this
lighting space is based on individual images for face
database, we call it individual lighting space. In this
algorithm, the face model M itself is the face individual
lighting space L.

After estimating the albedo and surface normals of face,
we align all the face images into the same lighting
condition / of input image.

To estimate the lighting /, of the input image y, we
minimize the energy function,

f(a)= min"yt —H, el || J=1,2..N )

where H, =[h,,h,,,..h

images from each face in the database and N is the
number faces in the database . The face model M; is the
harmonic images H;, which is the polynomial form of
face 3D surface normals and albedos. The aligned image
is synthesized by

] is made of the harmonic

in

Y

syni

=H,el, i=12 ., N (10)

The recognition is the same as in global lighting space.

4. Experiments and Discussion

Two kinds of experiments, recognition and synthesis,
have been done to verify our new approach.

Our recognition is carried out on 5 sets. Set 1 to Set 4 is
from Yale B face database [27] and Set 5 is from MIT
face database [29]. The training set of quotient image
algorithm is from Yale face database and part of Yale B
face database. Only frontal images with lighting variation
are selected and manually cropped and aligned.

Figure 7 is the recognition results of global lighting
space and individual lighting space. In global lighting
space algorithm Fig. 7(a), our algorithm can strikingly
improve the recognition rate by the illumination
alignment compared with direct correlation method,
except in Yale B Set 1, in which the illumination variety is
relatively small. The results of Yale B Set 1 also
demonstrate that our algorithm do not affect the
recognition rate under normal near frontal illumination
condition. Even in the extremely illuminated sets, such as
Yale B Set 3 and 4, our algorithm still can correctly
recognize most of the images. Compared with quotient
image method, our algorithm has higher recognition rate
in all test sets. The recognition rate of quotient image
algorithm decreases strikingly with the increasing lighting
variation.

It is clear in local lighting space method shown in Fig.
7(b) that our estimated model (nine harmonic images) has
almost perfect recognition rate in Set 1 and Set 2, which
is comparable to that of the complex illumination cone
[21]. Even in the case of four harmonic images, this
model still demonstrates its robustness for lighting
changes in Set 3 and Set 4. The decreasing of recognition
rate from Set 1 to Set 4 indicates that the representation



effects deteriorate with the increasing azimuth or
elevation. This result tells us that neglecting the cast
shadow makes the spherical representation only valid
when the azimuth and elevation is relatively small.
Because more images (three images for each face) were
used in local lighting space algorithm, its recognition
results were better than that of global lighting space
method. In most real applications, it is difficult to get
three images with the same lighting intensity and non-
collinear lighting directions. Therefore global lighting
space method is more practical for face recognition
system.
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(a) Results on global lighting space
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Figure 7 Recognition results

Figure 8 displays the lighting transformation results of
Lena and Mona Lisa. Though the geometric alignment is
not perfect due to pose problem, the transformation
results are still reasonable.

We also did some experiments (Figure 9) on nature
lighting conditions, where the lighting variation is due to
curtain and different lamps turning on and off. The first
column of Fig. 9 is the input face images for mapping.
Column 2 to 8 and Row 1, 3 and 5 are real face images
and Column 2 to 8 and Row 2, 4 and 6 are synthetic
images according to the lighting conditions of the above
images by our global lighting space algorithm. In this
case, the light source is not point source and our synthetic
results are still reasonable and realistic.

5 B

Figure 8 Face image-synthesizing results of Lena
and Mona Lisa

Figure 9 Na

5. Conclusion and Future Work

The main contribution of this paper is that we proposed
a very general framework for analyzing and modeling
face images under varied lighting conditions. In this paper,
we introduced the concepts of face lighting space, general
face model and general face imaging model for face
modeling under varied lighting conditions. Then
illumination alignment approach is proposed for face
recognition.

Experiment results showed that our algorithms could
render reasonable face images and effectively improve the
face recognition rate under varied lighting conditions.

Though we deduced an approach that lighting space can
be built from sparsely sampled images with different
lighting, how to construct an optimal global lighting space
from these images and whether a global lighting space
constructed from one person’s images is better than multi-
persons’ images is still an open issue.

In addition, for a practical system, illumination and
pose are two problems that have to be faced concurrently.
Therefore the potential approach is to solve these
problems at the same time, such as in morphable method
[17-19]. How to modeling 3D face parameters only from
2D images will be the most appealing focus in future face
recognition research.
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