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Abstract

We present an image-based method for face recognition
across different illuminations and different poses, wherethe
term `image-based' means that only 2D images are used
and no explicit 3D models are needed. As face recog-
nition across illuminations and poses involves three fac-
tors, namely identity, illumination, and pose, generaliza-
tions from known identities to novel identities, from known
illuminations to novel illuminations, and from known poses
to unknown poses are desired. Our approach, called the il-
luminating light �eld, derives an identity signature that is
invariant to illuminations and poses, where a subspace en-
coding is assumed for the identity, a Lambertain re�ectance
model for the illumination, and a light �eld model for the
poses. Experimental results using the PIE database demon-
strate the effectiveness of the proposed approach.

1. Introduction

Face recognition (FR) under illumination and pose varia-
tions has been identi�ed as a main challenging problem, ac-
cording to a recent survey paper [12]. Figure 1 shows some
example images of a face under different views and illumi-
nations and illustrates the signi�cant changes in the visual
appearances. State-of-the-art algorithms do not produce
satisfactory recognition performance when confronted with
these variations. In general, the pose variation is slightly
more dif�cult to handle than the illumination variation.

A practical FR system should (i) not make any restriction
on the pose and illumination conditions, i.e., the gallery and
probe images need not be taken under the same poses and
illumination, (ii) store a small number of images (with a
minimum of one image only) per object in the gallery set
while the training set can store multiple images per object,
and (iii) assume no identity overlap between the training and
gallery/probe sets. Thus, an ideal FR recognition system
should be able to generalize from known illuminations to
novel illuminations, from known poses to novel poses, and
from known objects to novel objects.
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Fig. 1. One PIE object under different illuminations and poses.
Courtesy to CMU for providing the PIE database [11].

Recent works on FR under illumination variation [1, 3,
10, 13] employ a Lambertian re�ectance model with a vary-
ing albedo �eld. The Lambertian re�ectance model, when
the attached and cast shadows are ignored, implies a rank-3
subspace [9] in which the appearances under different illu-
minations reside. If attached shadows are considered [1],
the rank grows to in�nity, but the energy is largely packed
in a few harmonic components, thereby leading a low-
dimensional subspace approximation. However, in [1, 3],
for one object to be recognized, multiple (� 3) images must
be stored in a gallery set, which is very inconvenient in
practice. This requirement is relaxed in [10, 13]: Only the
training set stores multiple observations for multiple objects
in the training set and the gallery set store only one image
per object. Linear generalization from the training set to
the gallery/probe set is assumed. The difference between
[10] and [13] lies in how the linear blending coef�cients are
learned. Once learned, the linear blending coef�cients offer
an illumination-invariant signature of the identity. [10]uses
a quotient image technique which assumes that the shapes
of all objects are same and the albedo �eld of an unknown
object lies in the rational span of the training set. [13] poses
a rank constraint on the product of the albedo and surface



normal. Both [10, 13] can recognize probe images under
illuminations different from those of gallery images.

Addressing pose variation essentially amounts to a corre-
spondence problem. If a dense correspondence across poses
is available and a Lambertian re�ectance is assumed, then
a rank-1 constraint is implied. Unfortunately, �nding the
correspondence is a very dif�cult task and, therefore, no
subspace exists when confronted with pose variation. Ap-
proaches to FR under pose variation [7, 3, 4] avoid the corre-
spondence problem by sampling the continuous pose space,
v.i.z. storing multiple images under different poses for each
person. In [7], view-based `Eigenfaces' are learned from
the training set and used for recognition. In [3], a denser
sampling is used to cover the pose space. However, [3] uses
object-speci�c images and hence appearances belonging to
a novel object (i.e. not in the training set) cannot be han-
dled. In [4], the concept of light-�eld [6] is used to charac-
terize the pose space. `Eigen' light �elds are learned from
the training set. Recognition can be based on probe images
under arbitrary poses other than the gallery images. How-
ever, the implementation of [4] discretizes the pose space.
One should note that the light �eld is not related to the il-
lumination variation. It [6] “characterizes the �ow of the
light through unobstructed space in a static scene with �xed
illumination”.

Approaches to handling both illumination and pose vari-
ations include [8, 5, 13]. [8] uses morphable 3D models to
characterize the human faces. Both geometry and texture
are linearly spanned by the training ensemble consisting of
3D laser scans. It is able to handle both illumination (with
illumination direction given) and pose variations. Its only
weakness is the requirement of the 3D models. [5] uses the
Fisher light �eld to handle both illumination and pose vari-
ations, where the light �eld is used to cover the pose vari-
ation and the Fisher disciminant analysis (FDA) to cover
the illumination variation. However, there is no evidence
supporting that FDA generalizes to new lighting conditions.
Instead, this generalization may be inferior because FDA
tends to be overly tuned to the lighting conditions of the
training set. In [13], preliminary results are reported by �rst
warping the albedo and surface normal �elds at the desired
pose and then carrying on recognition as usual.

This paper uni�es the two approaches of generalized pho-
tometric stereo and `Eigen' light �eld to achieve an image-
based recognition algorithm, where the term `image-based'
means that only 2D images are used in the training set
and no explicit 3D models are needed. This uni�cation is
achieved by exploiting the fact that both approaches use a
subspace model for identity. The `Eigen' light �eld ap-
proach combines subspace modeling with light �eld and
offers a pose-invariant encoding of identity. The gen-
eralized photometric stereo algorithm combines the iden-
tity subspace with the illumination model and provides an

illumination-invariant description. However, the `Eigen'
light �eld approach assumes a �xed illumination and can-
not handle illumination variations, i.e., its pose-invariant
identity encoding is not invariant to variations in illumina-
tion. The generalized photometric stereo algorithm assumes
a �xed pose and cannot easily handle pose variations, i.e.,
its illumination-invariant identity description is not invari-
ant to variations in pose. This motivates our integrated ap-
proach for handling both pose and illumination variations
by an illumination- and pose-invariant identity signature.

Section 2 describes the principle of combining the iden-
tity subspace with an illumination model to handle the il-
lumination variation [13]. Section 3 describes the principle
of the `Eigen' light �eld approach [4], which can perform
FR under pose variations. Section 4 presents our integrated
approach referred to as Illuminating light �eld. Section 5
gives our experimental results on the PIE database [11] and
Section 6 concludes the paper.

2. Illumination Variation: Illumination Subspace

A Lambertian imaging model with a varying albedo �eld is
assumed. A pixelhs under a distant illuminants is formu-
lated as

hs = pnTs = tTs; n3� 1
:= [ nx ; ny ; nz ]T; t3� 1

:= pnT

(1)
wherep is the albedo at the pixel,n is the unit surface nor-
mal vector at the pixel, ands (a3 � 1 unit vector multiplied
by its intensity) speci�es the distant illuminants.

For imagehs, a collection ofd pixels f hs
i ; i = 1 ; :::; dg,

by stacking all the pixels into a column vector, we have

hs := [ +d
i =1 hs

i ] = [ +d
i =1 tTi ]s = T s; (2)

where1 T := [ +d
i =1 tTi ] := [ a; b; c]d� 3 contains all albedo

and shape information for the object.
In the case of photometric stereo,n images of thesame

object, sayf h1; h2; : : : ; hn g are observed at a �xed pose
illuminated by differentn lighting sources. Thus,

Hd� n
:= [ ) n

i =1 hi ] = T[) n
i =1 si ] = Td� 3 S3� n ; (3)

whereH is the observation matrixand S := [ ) n
i =1 si ].

Hence photometric stereo is rank-3 constrained. Therefore,
given at least three exemplar images for one object under
three different independent illuminations, the identity of a
new probe image can be decided by checking if it lies in
the linear span of the three exemplar images. This requires
capturing at least three images for one object in the gallery
set, which might be very restrictive for a gallery set, though
for a training set this knowledge is usually assumed. Note

1Notation: [) n
i =1 Ai ] = [ A1 ; A2 ; : : : ; An ], [+n

i =1 Ai ] =

[AT
1 ; AT

2 ; : : : ; AT
n ]T. The matrix dimension is given by conformation.



that in this recognition setting, the training set is equivalent
to the gallery set.

Linear generalization from the training set to the gallery
and probe sets is realized by imposing a rank constraint on
T. This rank constraint is motivated by the fact that all im-
ages in the training, gallery, and probe sets belong to the
same human face class. It states that anyT matrix can be
represented as a linear combination of some basis matrices
f T1; T2; : : : ; Tm g, i.e., there exist coef�cientsf i 's such that

T =
mX

i =1

f i Ti = [ ) m
i =1 Ti ](f 
 I3) = W(f 
 I3); (4)

wheref := [ +d
i =1 f i ]m � 1, W := [ ) d

i =1 Ti ]d� 3m , and 

denotes the Kronecker product or the matrix tensor product.
Since theW matrix encodes all albedos and surface normals
for a class of objects, it is called asclass-speci�c albedo-
shapematrix [13]. Substitution of Eq. (4) into Eq. (2)
yields

hs = Ts = W(f 
 I3)s = W(f 
 s) = W k; (5)

where k3m � 1
:= f 
 s. Thus, f can be regarded as an

illumination-invariant description of the identity.
If n imagesf h1; h2; : : : ; hn g for n differentobjects are

observed at a �xed pose illuminated byn different lighting
sources, the observation matrix can be factored as

Hd� n = W[) i (fi 
 si )] = W[) i ki ] = W K; (6)

whereK3m � n
:= [ ) i ki ]. It is a rank-3m problem, which

combines the rank 3 for the illumination and the rankm for
the identity.

3. Pose Variation: Light Field

Light �eld measures the radiance in free space as a 4D func-
tion of position and direction. An image is a 2D slice of
the 4D light �eld. If the space is only 2D, the light �eld
is then a 2D function. This is illustrated in Fig. 2 (also
see [4] for another illustration), where a camera conceptu-
ally moves along a circle, within which a square object with
four differently colored sides resides. The 2D light �eldL is
a function of� and� as de�ned in Fig. 2. The image of the
2D object is just a vertical line. If the camera is allowed to
leave the circle, then a curve is traced out in the light �eld to
form the image, i.e. the light �eld is accordingly sampled.
Even though the light �eld for a 3D object is a 4D function,
we still use the notationL(�; � ) for ease of explanation.

Starting from the light �eldsf Ln (�; � ); n = 1 ; :::; N g of
the training samples, the `Eigen' light �eld approach uses
PCA to �nd the eigenvectorsf ei (�; � ); i = 1 ; :::; mg which
spans a rank-m subspace. The `Eigen' light �eld [4] is again
motivated by the similarity among the human faces. From

Fig. 2. This illustrates the 2D light-�eld of a 2D object (a square
with four differently colored sides), which is placed within an cir-
cle. The angles� and� are used to relate the viewpoint with the
radiance from the object. The right image shows the actual light
�eld for the square object.

the PCA principle, we know thatei (�; � ) is just a linear
combination of theLn (�; � )'s, i.e., there existain 's such
that

ei (�; � ) =
X

n

ain Ln (�; � ): (7)

For an arbitrary subject, the light �eldL(�; � ) is assumed
to lie in this rank-m subspace. In other words, there exists
coef�cients f i 's such that,8(�; � ),

L(�; � ) =
mX

i =1

f i ei (�; � ) = e(�; � )Tf; (8)

wheree(�; � ) := [ +m
i =1 ei (�; � )]m � 1 andf = [ +m

i =1 f i ]m � 1.
As mentioned earlier, obtaining an imagehv at a particu-

lar posev (a collection ofd pixels) is equivalent to sampling
the light �eld. Suppose that one pixelhv is the point sam-
ple of the light �eld associated with the coordinate(� v ; � v ),
i.e.,

hv = L(� v ; � v ): (9)

The imagehv can be expressed as

hv := [ +d
i =1 hv

i ] = [ +d
i =1 L(� v

i ; � v
i )]; (10)

where(� v
i ; � v

i ) is the corresponding coordinate in the light
�eld for the pixel hv

i . Substituting (8) into (10) yields

hv = [ +d
i =1 e(� v

i ; � v
i )T]f = Ev f; (11)

whereEv := [ +d
i =1 e(� v

i ; � v
i )T]d� m . Thus, f can be re-

garded as a pose-invariant identity signature.
Constructing a light �eld is a practically dif�cult task.

However, if only some speci�c poses are of interest with
each pose sampling a subset of the light �eld, we can then
focus on the portion of the light �eld that is equivalent to
the union of these subsets.

4. Illumination and Pose Variations: Illuminating
Light Field

Clearly, the light �eld under a �xed illuminations also fol-
lows the Lambertian re�ectance model:

Ls(�; � ) = t(�; � )Ts; (12)



wheret(�; � ) is the product of the albedo and the surface
normal at a proper pixel and does not depend ons. Com-
bining (7) and (12) yields the `Eigen' light �eldes

i (�; � )
under the illuminations,

es
i (�; � ) =

X

n

ain tn (�; � )Ts = tei (�; � )Ts; (13)

wheretei (�; � ) :=
P

n ain tn (�; � ). Eq. (8) then becomes

Ls(�; � ) = [ +m
i =1 tei (�; � )Ts]Tf = W(�; � )( f 
 s); (14)

whereW(�; � ) := [ ) m
i =1 tei (�; � )]1� 3m does not depend on

s. This successfully leads to a two-factor analysis [2, 13].
A pixel hvs under a posev and an illuminations is

hvs = Ls(� v ; � v ) = W(� v ; � v )( f 
 s); (15)

and an imagehvs under the posev and the illuminations,
which samples the light �eld under the illuminations, is

hvs = [ +d
i =1 hvs

i ] = [ +d
i =1 W(� v

i ; � v
i )]( f 
 s): (16)

Thusf provides an identity signature invariant to both pose
and illumination.

The remaining issues are learningW(�; � ) from a given
training ensemble and computingf and s for an arbitrary
imagehvs .

Suppose that the training ensemble is given as
f Ls

n (�; � ); n = 1 ; :::N; s = 1 ; :::; Sg, whereLs
n (�; � ) is

the light �eld of the nth training object under the illumi-
nations. LearningW(�; � ) from the training ensemble is
detailed in [2] and is further extended in [13] by imposing
the integrability constraint. The underlying principle isto
use a two-fold singular value decomposition (SVD) algo-
rithm, i.e., performing the SVD on the following two matri-
ces:[+N

n =1 [) S
s=1 Ls

n (�; � )] ] and[+S
s=1 [) N

n =1 Ls
n (�; � )] ].

Computingf ands for an arbitrary imagehvs utilizes (16)
iteratively [13]. If f is �xed, (16) is linear ins and its least
square (LS) solution can be easily found; ifs is �xed, (16)
is linear in f and its LS solution can be easily found. We
iterate this process until convergence. Meanwhile, we can
also imposefT1 = 1 (1 is a vector of 1's) to normalize the
solution to the same range and take into account the pixels
in shadows as in [13]. This iterative algorithm can be easily
modi�ed to handle a group ofk imagesf hv1 s1 ; : : : ; hvk sk g
having the samef but differents's since multiple equations
like (16) can be formulated. Usually, using a group of im-
ages yields a robust estimate forf.

It is interesting to compare the proposed approach with
the Fisher light �eld [5] since both of them use the light
�eld to handle the pose variation. The main difference lies
in handling the illumination variation. Our approach uses
the Lambertian model while [5] uses Fisher discriminant
analysis. Therefore, our approach can generalize to novel

illuminations and [5] does not have such a generalization.
Also, in Section 5 the proposed approach leads to a new
recognition scenario which is not possible using the Fisher
light �eld [5].

5. Experiments

5.1. PIE Database and Recognition Setting

We used the `illum' subset of the PIE database [11] in
our experiments . This subset has 68 subjects under
21 illuminations and 13 poses. Out of the 21 illu-
minations, we selected 12 of them denoted byF =
f f 16; f 15; f 13; f 21; f 12; f 11; f 08; f 06; f 10; f 18; f 04; f 02g
as in [5], which typically span the set of variations.
Out of the 13 poses, we selected 9 of them denoted by
C = f c22; c02; c37; c05; c27; c29; c11; c14; c34g, which cover
from the left pro�le to the frontal to the right pro�le. In
total, we have 68*12*9=7344 images. Fig. 1 displays one
PIE object under illumination and pose variations.

Registration is performed by aligning the eyes and mouth
to desired positions. No �ow computation is carried out
for further alignment. After the pre-processing step, the
cropped face image is of size 48 by 40, i.e.d = 1920. Also,
we only study gray images by taking the average of the red,
green, and blue channels of their color versions. We believe
that our recognition rates can be boosted by using color im-
ages and �ner registrations. Fig. 3 shows some examples of
the face images actually used in recognition.

c22

c27

c34

Fig. 3. Examples of the face image actually used in recog-
nition. The order of the illuminations from left to right are
f f 16 ; f 15 ; f 13 ; f 21 ; f 12 ; f 11 ; f 08 ; f 06 ; f 10 ; f 18 ; f 04 ; f 02 g.

We randomly divided the 68 subjects into two parts. The
�rst 34 subjects were used in the training set and the re-
maining 34 subjects were used in the gallery and probe sets.
The selections were made so that there was no identity over-
lap between the training set and the gallery and probe sets.
To form the light �eld, we used the images under all avail-
able poses. Since the illumination model has generalization
capability, we could select a minimum of 3 illuminations
in the training set. In our experiments, the training set in-
cluded only 9 selected illuminations to cover the second-
order harmonic components [1]. Notice that this is impos-
sible in the Fisher light �eld approach [5] that exhausts all
illuminations.



cnf 16 15 13 21 12 11 08 06 10 18 04 02 avg
22 56 41 62 68 71 71 53 65 41 44 38 21 52
02 71 76 76 91 88 94 94 94 85 71 50 32 77
37 79 82 82 94 94 97 94 94 76 65 65 50 81
05 68 85 97 100 100 97 97 97 91 82 71 44 86
27 94 100 100 100 100 – 100 100 100 97 94 7697
29 74 82 91 100 100 100 97 97 94 91 88 65 90
11 50 53 68 79 85 97 97 88 79 82 71 62 76
14 15 24 44 71 76 82 74 82 82 74 79 56 63
34 18 18 47 50 56 65 62 56 44 44 41 38 45
avg 58 62 74 84 86 88 85 86 77 72 66 49 74

Table 1. Recognition rates for all the probe sets with a �xed
gallery set (c27 ,f 11 ).

The images belonging to the remaining 34 subjects are
used in the gallery and probe sets. The construction of the
gallery and probe sets conforms the following two scenar-
ios: (A) Use all the 34 images under one illuminationsp

and one posevp to form a gallery set and under the other
illumination sg and the other posevg to form a probe set.
There are three cases of interest: same pose but different
illumination, different pose but same illumination, and dif-
ferent pose and different illumination. We mainly concen-
trated on the third case withsp 6= sg andvp 6= vg. Also
our approach reduces to the `Eigen' light �eld approach [4]
if sp = sg and to the rank-constrained approach [13] if
vp = vg. Thus, we have(9 � 12)2 � (9 � 12) = 11; 556
tests, with each test giving rise to a recognition score. (B)
Divide C into three sets:C1 = f c22; c02; c37g (left-pro�le
views), C2 = f c05; c27; c29g (frontal views), andC3 =
f c11; c14; c34g (right-pro�le views) andF into 3 sets:F1 =
f f 16; f 15; f 13; f 21g (left lights), F2 = f f 12; f 11; f 08; f 06g
(frontal lights), andF3 = f f 10; f 18; f 04; f 02g (right lights).
For each of the thirty four subjects, the gallery set con-
tains all twelve images under the illuminations inFg and the
poses inCg and the probe set all twelve images under the
illuminations inFp and the poses inCg. We made sure that
(Cp; FP ) 6= ( Cg; Fg). Thus, we have(3� 3)2 � (3 � 3) = 72
tests in this scenario that has no counterpart in the Fisher
light �eld [5]. To make the recognition more dif�cult, we
assumed that the lighting conditions for the training, gallery
and probe sets are completely unknown when recovering the
identity signatures.

Our strategy is to: (i) LearnW(�; � ) from the training
set using the bilinear learning algorithm [2, 13]; (ii) With
W(�; � ) given, learn the identity signaturef's for both the
gallery and probe sets using the iterative algorithm [13]; and
(iii) Perform recognition using the nearest correlation coef-
�cient. Suppose that a gallery imageg has its signaturefg
and a probe imagep has its signaturefp, their correlation co-
ef�cient is cc(p; g) = ( fp; fg)=

p
(fp; fp)( fg; fg), where(x; y)

is an inner-product such as(x; y) = xT� y with � is given
or learned. We take� as an identity matrix for simplicity.

cnf 16 15 13 21 12 11 08 06 10 18 04 02 avg
22 44 44 46 45 46 49 46 49 44 32 30 14 41
02 55 58 59 62 63 62 60 60 54 48 40 22 54
37 56 59 61 64 65 62 60 58 51 47 45 34 55
05 56 63 66 67 68 65 59 58 54 51 45 36 57
27 62 66 69 70 70 70 65 69 68 67 65 54 66
29 46 53 53 61 60 63 59 62 66 68 62 60 60
11 41 43 50 53 55 61 57 58 56 61 58 51 54
14 19 24 39 49 53 58 58 61 60 61 57 48 49
34 16 21 38 44 46 51 48 51 46 45 45 42 41
avg 44 48 53 57 59 60 57 59 56 53 50 40 53

Table 2. Average recognition rates for all the gallery sets. For
each cell, say the gallery set at (vg = c27 ,sg = f 12 ), the average
rate is taken over all probe sets (vp ,sp ) wherevp 6= vg andsp 6=
sg . For example, the average rate for (c27 ,f 11 ) is the average of
the rates in Table 1 excluding the rowc27 and the columnf 11 .

5.2. Recognition Performance

5.2.1. Scenario A

Table 1 shows the recognition for all probe sets with a �xed
gallery set (c27,f 11), whose gallery images are in a frontal
pose and under a frontal illumination. Using this table we
compare the three cases. The case of same pose but different
illumination has an average rate 97% (i.e. the average of all
11 cells on the rowc27), the case of different pose but same
illumination has an average rate 88% (i.e. the average of
all 8 cells on the columnf 11), the case of different pose
and different illumination has an average rate 70% (i.e. the
average of all 88 cells excluding the rowc27 and the column
f 11). This clearly shows that illumination variation is easier
to handle than pose illumination and variations in both pose
and illumination are the most dif�cult to deal with.

We now focus on the case of different pose and different
illumination. For each gallery set, we averaged the recogni-
tion scores of all the probe sets with different pose and dif-
ferent illumination from the gallery set. Table 2 shows the
average recognition rates for all the gallery sets. As an inter-
esting comparison, the `grand' average is 53% (the last cell
in Table 2) while that of the Fisher light �eld approach [5]
is 36%. In general, when the poses and illuminations of the
gallery and probe sets become distant, the recognition rates
decrease. The best gallery sets for recognition are those in
frontal poses and under frontal illuminations and the worst
gallery sets are those in pro�le views and off-frontal illu-
minations. As shown Figs. 1 and 3, the worst gallery sets
consist of face images almost invisible (See for example the
images (c22; f 02), (c34; f 16), etc.), on which recognition can
be hardly performed.

Fig. 4 presents the curves of the average recognition rates
(i.e. the last columns and last rows of Tables 1 and 2) across
poses and illuminations. Clearly the effect of illumination
variation is not as strong as that of pose variation in the
sense that the curves of average recognition rates across il-



luminations are �atter than those across poses. Fig. 4 also
shows the curves of the average recognition rates obtained
based on the top 3 and top 5 matches. Using more matches
increases the recognition rates very quickly, which demon-
strates the ef�ciency of our recognition scheme. For a com-
parison, Fig. 4 also plots the average rates obtained using
the baseline PCA. These rates are well below ours. The
`grand' average is below 10% if the top 1 match is used.
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Fig. 4. Left: the average recognition rates across illumina-
tions. Right: the average recognition rates across poses.

5.2.2. Scenario B

This test scenario is designed for face recognition based on
a group of images, which can be under different poses and
illuminations. Table 3 lists the obtained recognition rates,
which are much higher than those in Tables 1 and 2. Also,
similar observations can be made regarding the effects of
illumination and pose variations.

Prbn Gly C 1 F 1 C 1 F 2 C 1 F 3 C 2 F 1 C 2 F 2 C 2 F 3 C 3 F 1 C 3 F 2 C 3 F 3 avg
C 1 F 1 – 100 85 100 94 82 62 85 94 88
C 1 F 2 100 – 100 100 100 85 71 82 94 92
C 1 F 3 85 97 – 88 88 91 76 62 65 82
C 2 F 1 97 94 71 – 100 85 71 85 76 85
C 2 F 2 97 100 85 100 – 100 76 91 85 92
C 2 F 3 79 82 76 97 100 – 74 88 91 86
C 3 F 2 59 59 68 85 76 71 – 100 82 75
C 3 F 2 74 85 62 91 94 82 100 – 100 86
C 3 F 3 88 82 62 79 79 94 85 100 – 84
avg 85 88 76 93 92 86 77 87 86 85

Table 3. The recognition rates for test scenario B. 'Prb' means
the probe set and 'Gly' the gallery set.

6. Conclusions

We have presented an image-based approach for recogniz-
ing human faces under illumination and pose variations.

This approach integrates the light �eld and the Lambertain
re�etance model: the former handling the pose variation and
the latter handling the illumination variation. Experimental
results using the PIE database demonstrated the feasibility
of this combination. Extensions include (i) using an image-
based rendering technique to handle novel poses; (ii) uti-
lizing a complex illumination model to provide a better ap-
proximation; and (iii) assuming a nonlinear generalization
on the identity.
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