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Abstract

Face recognition under unconstrained illuminations
(FR/I) received extensive study because of the existence of
illumination subspace. [2] presented a study on the com-
parison between Principal component analysis (PCA) and
subspace Linear Discriminant Analysis (LDA) for this prob-
lem. PCA and subspace LDA are two well-known linear
projection methods that can be characterized as trace opti-
mization on scatter matrices. Generally, a linear projection
method can be derived by applying a specific matrix analy-
sis technique on specific scatter matrices under some opti-
mization criterion. Several novel linear projection methods
were proposed recently using Generalized Singular Value
Decomposition or QR Decomposition matrix analysis tech-
niques [10, 17, 11]. In this paper, we present a comparative
study on these linear projection methods in FR/I. We further
involve multiresolution analysis in the study. Our compar-
ative study is expected to give a relatively comprehensive
view on the performance of linear projection methods in
FR/I problems.

1 Introduction

There have been extensive works on face recognition un-
der unconstrained illuminations because of the existence of
illumination subspace which has been shown by the em-
pirical study [7, 5, 2] and the theoretical study [1, 12].
Among different choices of illumination subspaces, 3-D,
4-D, 5-D, 7-D, and 9-D have received extensive attention
[7, 5, 2, 1]. [2] studied 3-D illumination cones where
face surface is assumed to be Lambertian without self-
shadowing. Most recent works focused on 9-D illumina-
tion subspaces. More specifically, [6] presented a sophisti-
cated model-based method; [8] presented 9 pointlights by

hardware configuration; [18] presented a statistical method
(bootstrap face models are used to capture the statistics of
illuminations). The limitation of these methods is the in-
volvement of 3-D face models or special physical configu-
ration, which makes it difficult to apply to more general face
recognition problems. For example, under unconstrained
expressions and illuminations, 3-D face models involved
have to contain different facial expressions.

[2] presented a study on the comparison between Prin-
cipal component analysis (PCA) [15] and subspace Linear
Discriminant Analysis (LDA) [14] in face recognition under
unconstrained illuminations. PCA and subspace LDA are
two well-known linear projection methods that can be char-
acterized as trace optimizations on scatter matrices. Gen-
erally, a linear projection method can be derived by apply-
ing a specific matrix technique on specific scatter matrices
under some optimization criterion. The projection crite-
rion used in PCA is to choose the directions along which
training data has maximum variation to construct the re-
duced subspace. The basic criterion of LDA is to maxi-
mize the between-class scatter and minimize within-class
scatter. Classical LDA has singularity problem (i.e., it will
fail if both scatter matrices are singular). Subspace LDA,
also called PCA+LDA, is a widely used implementation of
LDA. Subspace LDA uses PCA to intermediately reduce the
dimension of original data so that the singularity problem
can be overcome. But the intermediate dimension reduc-
tion can cause information loss.

Recently, several novel linear projection methods were
proposed. One is called Orthogonal Centroid Method
(OCM) that aims to maximize the between-class distance
(by orthogonizing the centroids of classes/subjects) [11].
This method is simple and efficient. LDA/GSVD and
LDA/QR are two novel implementations of LDA [10, 16].
By applying Generalized Singular Value Decomposition
(GSVD), the former method can overcome the singularity
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problem without intermediate dimension reduction. By ap-
plying QR Decomposition, the latter method converts an
eigen decomposition on original scatter matrices to the one
on “reduced” scatter matrices, and thus distinctly reduces
the cost in computing projection matrices. LDA/QR, as well
as PCA+LDA, is a two-stage LDA.

This paper presents a comparative study on different
linear projection methods in face recognition under un-
constrained illuminations (FR/I). It is a development of
the work in [2], where a comparison between PCA and
PCA+LDA in FR/I was presented. It is worthy to note
that FR/I is a very good testbed in comparing the effective-
ness of linear projection methods because of the existence
of illumination subspace. We are concerned with the time
complexity in this study since an FR/I technique with low
time/space complexity and no involvement of 3-D models
or physical configuration is expected to target general face
recognition problems more easily.

We further involve multiresolution analysis (MRA) [9,
4]. [3] applied PCA+LDA to waveletfaces that refer to faces
in the low-frequency domain. [3] did not address FR/I prob-
lems.

The experiments in our study were done on CMU-PIE
and YaleB [13, 6]. Several novel conclusions are led by this
comparative study, including:

• LDA/GSVD, the discriminant method without inver-
sion on scatter matrices, always achieves highest accu-
racy in different testing scenarios, and it is insensitive
to the use of MRA.

• LDA/QR, the discriminant method using QR Decom-
position, obtains significantly improved performance
with the use of MRA. (The integration of LDA/QR
and MRA approximates the accuracies achieved by
LDA/GSVD.)

• OCM, the method with the only effort in maximiz-
ing between-class distance, outperforms PCA (with or
without integration of MRA).

The rest of the paper is organized as follows. Section 2
reviews linear projection methods. Section 3 presents the
basics of MRA. Section 4 presents the experimental results
and analysis. We further have a discussion on the use of
interpolation scheme in constructing training sets for FR/I
and the use of longer wavelets in Section 5. Conclusions
are given in Section 6.

2 Linear projection methods

In this section, we will review Orthogonal Centroid
Method and different implementations of LDA. (Since PCA
is well-known and technically simple, it is not reviewed

here.) These linear projection methods can be unified as
a general trace optimization problem. The different use
of scatter matrices and different matrix analysis techniques
distinguish the functionality and power of these linear pro-
jection methods.

In the following illustration, we denote N to be the num-
ber of training instances, n to be the dimension of an in-
stance item, and k to be the number of subjects/individuals.
Furthermore, between-class scatter matrix Sb and within-
class scatter Sw are defined as follows:

Sb =
1

N

k∑
i=1

Ni(mi − m)(mi − m)T =
1

N
HbH

T
b ,

Sw =
1

N

k∑
i=1

∑
x∈Ai

(x − mi)(x − mi)
T =

1

N
HwHT

w , (2.1)

where

Hb = [
√

N1(m1 − m), · · · ,
√

Nk(mk − m)] ∈ Rn×k,

Hw = [A1 − m1 · e1, · · · , Ak − mk · ek] ∈ Rn×N , (2.2)

ei = (1, · · · , 1) ∈ R1×Ni , Ai is the data matrix for ith
class, mi is the centroid of ith class, and Ni is the number
of instances in ith class.

2.1 Orthogonal Centroid Method (OCM)

OCM aims to maximize the separability of different
classes [11]. OCM is based on QR Decomposition, and it
utilizes the centroid information of training data, both of
which lead to the efficiency of OCM in contrast to PCA.
(We will find that OCM also achieves higher accuracy in
FR/I than PCA, shown in the later experimental part.) More
specifically, assume C ∈ IRn×k is a matrix, each column
of which is the centroid of training instances of a subject.
OCM uses the following optimization criterion,

G = arg max
GT G=I

trace(GT SbG). (2.3)

The solution to (2.3) can be obtained through QR Decom-
position as follows. Let C = QR be the QR Decomposition
on C, where Q ∈ Rn×k, R ∈ IRk×k. Then G = QW for
any orthogonal matrix W ∈ IRk×k solves the optimization
in (2.3). The dimension of projected subspace via OCM is
k, the number of subjects. The time complexity of OCM is
O(nNk).

2.2 Classical LDA

Classical LDA is commonly found by solving the trace
optimization of the following,

G = arg max
G

trace
(
(GT SwG)−1(GT SbG)

)
, (2.4)
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The optimization criterion in (2.4) is equivalent to the
following generalized eigen problem,

Sbx = λSwx, for λ �= 0. (2.5)

The solution can be obtained by solving an eigen problem
on matrix S−1

w Sb. There are at most k − 1 non-zero eigen-
values, since the rank of the matrix Sb is bounded by k − 1.
Therefore, the reduced dimension by classical LDA is at
most k − 1. A way to solve the eigen problem is to ap-
ply SVD on the scatter matrices. Classical LDA will fail if
the scatter matrix Sw is singular, which occurs frequently in
face recognition where face images (even the cropped ones)
usually have extremely high dimensionality.

2.3 PCA+LDA

One way to overcome the singularity of Sw is to use PCA
to reduce the dimension of the original data before classical
LDA is applied. This is known as PCA+LDA or subspace
LDA [19]. It is a popular face recognition technique [2, 14].
The choice of the reduced dimension for PCA is the biggest
challenge in using PCA+LDA. If the reduced dimension is
large, the eigen problem in the discriminant stage will be
expensive (note that the time complexity is O(N2n)), and
unstable because of the high dimensionality. If it is too
small, it may not provide sufficient discriminant informa-
tion. Generally, PCA+LDA is an expensive method when
the number of subjects or the number of training instances
is large.

2.4 LDA/GSVD

A recent work on overcoming singularity problem in
LDA is the use of Generalized Singular Value Decomposi-
tion (GSVD) [10, 16]. This method is named LDA/GSVD;
it computes the solution exactly (without losing any infor-
mation), because the inversion of the matrix Sw can be
avoided with the use of GSVD. It was shown to outperform
PCA, OCM, and PCA+LDA on text classification prob-
lem [10, 16]. The time complexity of the LDA/GSVD is
O((N +k)2n) [10, 16], thus it is also an expensive method.

2.5 LDA/QR

[17] presented a novel LDA implementation, namely
LDA/QR. LDA/QR contains two stages. The first stage is
to maximize separability between different classes and thus
has similar target as OCM. The second stage of LDA/QR
incorporates the within-class scatter information by apply-
ing a relaxation scheme to W . The final optimization prob-
lem is exactly the same one as in classical LDA. However,
when applied to matrices of much smaller size, LDA/QR
runs more efficiently and stably.

Specifically, we would like to find a projection matrix G
such that G = QW , for any matrix W ∈ IRk×k, hence W
is not required to be orthogonal. The original problem of
finding G is now equivalent to computing W . In the first
stage, LDA/QR chooses W to be any orthogonal matrix,
by omitting the within-class scatter. It considers both the
between-class and within-class scatters in the second stage
as follows. Since

GT SbG = WT (QT SbQ)W,

GT SwG = WT (QT SwQ)W, (2.6)

the original problem of finding optimal G is equivalent to
finding W , such that

W = arg max
W

trace
(
(WT S̃bW )−1(WT S̃wW )

)
, (2.7)

where S̃b = QT SbQ and S̃w = QT SwQ. Note that S̃b

has a much smaller size than the original scatter matrix Sb

(similarly for S̃w), which is the main reason why LDA/QR
preserves the same time complexity as the first stage. The
optimization in (2.7) now can be solved efficiently by solv-
ing a small eigen problem on S̃−1

b S̃w. The time complexity
of LDA/QR is the same as OCM’s, i.e., O(nNk).

2.6 Time/space complexity

The time/space complexity of the linear projection
methods is presented in Table 1. PCA, PCA+LDA and
LDA/GSVD are uniformly more expensive than OCM and
LDA/QR. Note that MRA is of low time complexity.

Methods Time Complexity Space Complexity
PCA O(N2n) O(nN)
OCM O(nNk) O(nk)
PCA+LDA O(N2n) O(nN)
LDA/GSVD O((N + k)2n) O(nN)
LDA/QR O(nNk) O(nk)

Table 1. Complexity comparison. N is the
number of training data points, n is the num-
ber of dimensions, and k is the number of
classes.

3 Multiresolution analysis (MRA)

We now give a brief review on multiresolution analysis
(MRA) (from the perspective of wavelet analysis). More
details can be found in [9]. We start from MRA on a 1D
signal space and then on a 2D signal (i.e., image) space.
Assume V0 is the highest resolution of a digitized 1D signal
space. MRA of V0 is the ladder of subspaces of V0:
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(a) Two layers (b) Four layers

Figure 1. An example of the MRA ladder in
image plane.

Vn0 ⊂ · · · ⊂ V1 ⊂ V0

⊕ · · · ⊕
Wn0 · · · W1

where Vn0 is the lowest-resolution subspace, and Wj is the
complement of Vj in super space Vj−1 (i.e., Vj−1 = Vj ⊕
Wj). With MRA, V0 can be expressed as Vn0 ⊕ Wn0 · · · ⊕
W1.

The MRA of a digitized image space can be obtained
by introducing the tensor products of 1D signal subspaces.
More specifically, assume Vj−1 is a resolution subspace of
an image space that can be represented as the tensor product
of Vj−1 and Vj−1. We have

Vj−1 = Vj−1 ⊗ Vj−1 = (Vj ⊕ Wj) ⊗ (Vj ⊕ Wj)
= (Vj ⊗ Vj) ⊕ [(Wj ⊗ Vj) ⊕ (Vj ⊗ Wj) ⊕ (Wj ⊗ Wj)]
= Vj ⊕ Wj ,

where Wj = [(Wj ⊗ Vj) ⊕ (Vj ⊗ Wj) ⊕ (Wj ⊗ Wj)]
describes the subspace of high-frequency information in
resolution j. Given an image, these high-frequency sub-
spaces capture the local changes of intensities along hori-
zontal, vertical, and diagonal directions respectively. They
are commonly denoted as LHj , HLj and HHj bands re-
spectively (here L refers to low-frequency, and H refers
to high-frequency). Fig. 1 shows an example of the mul-
tiresolution ladder of a given image plane where original
images are decomposed into instances in four consecutive
subspaces. In the following experimental study, we will see
that MRA surprisingly enriches the behaviors of linear pro-
jection methods. In using MRA, we always throw away the
low-frequency information LLn0 .

4 Experiments

In this section, we will first present the datasets and asso-
ciated validation schemes, then the results and observations,
and finally the analysis.

The first 100 principal components are used to construct
projection subspaces in PCA method, and k−1 discriminant
components are used in LDA methods. The wavelet used
to implement MRA is Haar. For convenience, we denote n-
Layer to be the concatenation of high frequency information
of n-layers. (1-Layer indicates no MRA used.) Similar to
the most previous works on face recognition, nearest neigh-
bor is used as the classifier in the face identification stage.

4.1 Datasets and validation schemes

PIE/Pose27: A subset of CMU-PIE face dataset [13].
CMU-PIE contains 68 subjects/individuals each of which
has 13 different poses and 43 illumination conditions, 4 dif-
ferent facial expressions. The dataset PIE/Pose27 used in
this paper contains entire subjects each of which has 21 illu-
mination conditions (indexed from 2nd to 22nd) and frontal
pose (indexed by 27th). Fig. 2 shows 21 illumination in-
stances of a subject in PIE/Pose27. These images are nor-
malized.

All instances of PIE/Pose27 are stored in a raw data ma-
trix M based on naming locality. For example the rows
from 1 to 21 are instances of the first subject, the rows from
22 to 42 are instances of the second subject, and so on. We
choose instances by every m rows in M to form the training
set (and use the rest for testing). For example, if m is 11,
then the 1st, 12th, 23rd, 34th,... row vectors will be cho-
sen to form the training sets. Note that 1st and 12th rows
are associated with the 2nd, 13th illumination instances of
the first subject respectively, whereas the 23rd, and 34th
rows are associated with the 3rd and 14th illumination in-
stances of the second subject respectively. The illumination
instances/conditions of different subjects is not necessarily
the same one, which can bring flexibility in handling FR/I
problems. We will average identification accuracies of all
tests of the same m. Thus this validation can be considered
as “reversed” n-fold validation. (n-fold validation uses n−1

n
pieces to train, and the remaining 1

n pieces to test. Reversed
n-fold switches the training set and the test set in n-fold
validation.)

YaleB/Pose00: A subset of Yale B face dataset [6]. Yale B
contains 10 subjects, 9 poses, and 64 different illumination
conditions in each pose. The 64 illumination conditions are
further subdivided into 5 subsets. The extremity of illumi-
nations (measured by the azimuth and elevation of the light
sources) is increased along with the index of these subsets
(so subset 5 contains the most extreme illumination condi-
tions, and subset 1 contains the least). YaleB/Pose00 col-
lects all instances of the frontal pose (indexed by 00). Sim-
ilar to the previous works [6, 8, 18], we are also interested
in the first four subsets. The training set for YaleB/Pose00
always consists of one instance from subset 1 and seven in-
stances from subset 4. These instances are randomly cho-
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Figure 2. 21 illumination instances of a sub-
ject in PIE/Pose27 (after normalization).

sen. The final recognition accuracy is the average of dif-
ferent runs. Note that this scheme is essentially consistent
with the one used in PIE. We have more discussion on the
use of this kind of interpolation schemes in using the lin-
ear projection methods in the next section. There are three
different test sets: subset 1& 2, subset 3, and subset 4.

4.2 Results and observations

Fig. 3 shows the accuracy comparison between using no
MRA and MRA to PIE/Pose27. We have the following ob-
servations:

• No MRA vs. MRA/Haar. From the view of PCA and
OCM, MRA/Haar helps to improve the recognition
accuracies, especially in low illumination subspaces.
For example, the recogntion accuracies achieved by
PCA on 3-D illumination subspace are 60% and 86%
using no MRA and MRA/Haar respectively. How-
ever, the effectiveness of MRA/Haar differs when
it is combined with different LDA implementations.
MRA/Haar improves the performance of LDA/QR
(say from 90% to 95% on 3-D illumination subspace),
while usually degrading PCA+LDA’s.

• PCA vs. OCM. The interesting observation is that
OCM behaves much better than PCA on low illumi-
nation subspaces (say 3-D, 4-D) via MRA/Haar. For
example, OCM achieves 95% accuracy rate on 3-D
subspace via MRA/Haar, whereas PCA only achieves
87% accuracy rate under the same senario.

• PCA+LDA vs. LDA/QR vs. LDA/GSVD.
LDA/GSVD outperforms the other two. Actually, it
always performs the best among all linear projection
methods considered in this study.

• 3-D vs. 4-D vs. 5-D vs. 7-D vs. 10-D. Without MRA,
the dramatic accuracy change occurs at 5-D subspace
(i.e., from 5-D to 7-D) from the standpoint of PCA and
OCM, whereas there is no distinct accuracy change
from the view of LDA methods. With MRA, the ac-
curacy jump occurs at 4-D subspace.

The results on the use of different MRA layers are shown
in Fig. 4 from which we have the following observations:

• 1-Layer vs. 2-Layer vs. 3-Layer vs. 4-Layer. With
more numbers of MRA layers involved, the recogni-
tion accuracies via different methods are increasing.
The increasing trends via PCA and OCM are easier to
observe than the ones via LDA implementations. For
example, the accuracy achieved by PCA in 3-D illu-
mination subspaces increases from 58% to 89% as the
number of MRA layers is increasing from 1 to 4. From
the opposite view, we equivalently conclude that LDA
methods are less sensitive to the number of MRA lay-
ers than PCA and OCM.

• PCA vs. OCM. OCM distinctly outperforms PCA, es-
pecially on low illumination subspaces, such as 3-D
or 5-D. For example, in the case of one layer, PCA
achieves accuracy of 57% using 3-D training illumina-
tion subspace, while OCM achieves accuracy of 82%
using the same training illumination subspace.

• PCA+LDA vs. LDA/QR vs. LDA/GSVD.
LDA/GSVD always achieves highest accuracy. The
other two have similar performance. LDA/GSVD is
also most stable to the dimensionality of illumination
subspaces. For example, in the case of three and four
layers, there is a noticeable accuracy change from 4-
D subspace to 5-D subspace in all methods except
LDA/GSVD.

• 3-D vs. 4-D vs. 5-D vs. 7-D vs. 10-D. 5-D illu-
mination subspace is sufficient to provide good ap-
proximation of entire spaces from the perspective of
LDA/GSVD (which always achieves 100% accuracy
rates in all cases); whereas 7-D illumination subspace
is needed to provide 100% accuracy rate from the per-
spective of PCA+LDA and LDA/QR. There is a dis-
tinction between 4-D and 5-D illumination subspace
from the perspective of linear projection methods.

Now we present the experimental results on
YaleB/Pose00. LDA/GSVD is one of our focus be-
cause of the superiority of LDA/GSVD (with or without
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Figure 3. Comparision between using no MRA and MRA. (The five bars in each projection method
are associated with the accuracies using 3-, 4-, 5-, 7-, and 10-D subspaces respectively.)
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Figure 4. Recognition accuracies achieved by different MRA layers of PIE/Pose27.

MRA) on PIE/Pose27. We will also give attention to
LDA/QR because it has much lower time complexity than
LDA/GSVD and attains competitive performance. Detailed
analysis of the superiority of LDA/GSVD and the tradeoff
between LDA/GSVD and LDA/QR will be presented later.
For the convenience of evaluating our methods, we also list
three best results in the literature on face recognition under
unconstrained illuminations [6, 8, 18]. To be consistent
with the result presentation in previous work on YaleB,
we now use error rate (rather than recognition accuracy)
to measure the performance of the recognition methods.
Table 2 presents the results that lead to the following
observations:

• LDA/GSVD achieves very good performance.
LDA/GSVD without MRA is ranked the second

best method among all listed methods. Here the
use of MRA slightly degrades the performance of
LDA/GSVD.

• MRA significantly improves the performance of
LDA/QR. Even though LDA/QR with MRA is worse
than LDA/GSVD, it is competitive with the Bootstrap
and 9PL methods.

We can see that the results on YaleB/Pose00 is consistent
with the ones on CMU-PIE/Pose27.

4.3 Analysis

Superiority of LDA/GSVD An important conclusion in
our study on linear projection methods in face recogni-
tion under unconstrained illuminations is the superiority of
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Method Subset 1 & 2 Subset 3 Subset 4
LDA/QR w MRA 0.5 3.3 2.1

LDA/QR w/o MRA 3.2 19.1 5.7
LDA/GSVD w MRA 0.5 1.7 2.1

LDA/GSVD w/o MRA 0.0 0.0 1.4

Bootstrap[18] 0.0 0.3 3.1
9PL[8] 0.0 0.0 2.8

Cones-cast[6] 0.0 0.0 0.0

Table 2. Comparison of recognition methods
on YaleB/Pose00. (Measured by error rate in
percentage)

LDA/GSVD over PCA+LDA and LDA/QR. LDA/GSVD
not only always achieves the highest accuracies, but also
is insensitive to the dimensionality of illumination sub-
spaces and the different number of MRA layers. Thus,
LDA/GSVD is much more robust to the different represen-
tations of training illumination subspaces than PCA+LDA
and LDA/QR.

We believe that two major factors contribute to the su-
periority and robustness of LDA/GSVD in face recognition
under unconstrained illumination problem. The first is the
absence of inverse operation on Sb in LDA/GSVD. Without
the inverse operation on Sb, the bias that may be introduced
by different choices of training illumination subspaces and
data disturbances can be successfully avoided. The second
factor is the existence of illumination subspaces that sim-
plifies the structure of between-class and within-class scat-
ters. Since LDA/GSVD is based on the optimal criterion
in interpreting the principle of maximizing between-class
distance and minimizing the within-class distance simulta-
neously [16], whereas PCA+LDA and LDA/QR are approx-
imate solutions [17], we are not surprised to observe its su-
periority in FR/I problem. It is important to note that the
distinct superiority may not always occur if the structure of
between-class and within-class scatters is complex.

Trade-off between LDA/GSVD and LDA/QR If a face
recognition problem only concerns the recognition accu-
racy (with no concern about the training efficiency, or scal-
ability to the face database), LDA/GSVD should be the
number one choice. However, in reality, both training ef-
ficiency and scalability are important in choosing linear
projection methods for a general face recognition problem.
It has been shown that LDA/QR is much more efficient
than LDA/GSVD (by theoretical and experimental analysis)
[17]. Furthermore, LDA/QR is also scalable. LDA/QR is
more adaptable to general face recognition problems where
a straightforward solution is to choose representative in-
stances of each unconstrained condition and combine them
into a training set. Under this scenario, the efficiency can be
a bottleneck of LDA/GSVD. Furthermore, if a face database
is too large to let the Sb fit into the memory of a computer,

LDA/GSVD will fail without the scalability.

Non-uniform behavior of linear projection methods
When integrated with multiresolution analysis, linear pro-
jection methods behave differently. This is an interesting
observation in this comparative study. It is different from
the results in [3] that involve the use of wavelets, but not
FR/I. There are two possible factors contributing to the non-
uniform behavior.

1. The use of different matrix decomposition methods
in these linear projection methods. Note that both
OCM and LDA/QR use QR Decomposition, whereas
PCA, PCA+LDA, and LDA/GSVD use either SVD or
GSVD).

2. The ways of using MRA ladder information. [3] used
the low-frequency information via MRA. Here we use
high-frequency information.

We tend to believe that the first factor is more likely
the cause for the non-uniform behavior of linear projection
methods when integrated with MRA.

It is worth mentioning here that QR Decomposition has
received attention in recent face recognition under uncon-
strained illuminations. Both [1] and [18] use QR Decompo-
sition to obtain othornormal bases of illumination subspaces
with the motivation that it has lower time complexity than
SVD. (QR Decomposition used in these works was not ap-
plied to LDA implementations.) Our work is the first one in
showing that QR Decomposition can be useful not only in
reducing time complexity, but also in improving recognition
accuracy.

5 Discussions

5.1 Interpolation scheme

In the experiments on PIE and YaleB, we applied in-
terpolation schemes to construct training data. By inter-
polation scheme, we mean that a test instance is expected
to lie in the illumination subspace constructed by training
instances (of some subject). There are at least two ratio-
nales for the use of interpolation scheme in linear projec-
tion methods. First, the orthogonalization of vector bases
is more stable if each pair of bases vectors has large an-
gles. Second, from the view of within-class distance, ex-
treme training instances can achieve stronger ability to de-
scribe the structure of within-class scatters. Note that we
split the data PIE/Pose27 into n pieces according to the
naming locality, so reverse n-fold validation is an interpola-
tion scheme in constructing training sets. Compared with n-
fold validation, reverse n-fold validation is more challeng-
ing (and contributes better validation on a recognition tech-
nique). This is because it uses less data to train, and more
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data to test. Finally, the high recognition accuracy rate via
reverse n-fold validation suggests that it is not necessary to
use the same illumination subspaces for different subjects,
which brings in flexibility of constructing training data in
real-life face recognition applications.

5.2 How about longer wavelets?

Haar is the shortest (and simplest) wavelet. It is natural
to ask the effectiveness of longer wavelets (say from the
Daubechies wavelet family) in FR/I problems. We have
found that the effectiveness of MRA decreases with the
length of the involved Daubechies wavelets. It is a sur-
prising result at first sight. From the view of image pro-
cessing (e.g. image compression), it has been shown that
longer Daubechies wavelets (say Db6) are superior to the
Haar wavelet since the former has higher vanishing mo-
ments, and can more compactly represent the local infor-
mation. However, the longer wavelets have a more severe
shift-variance phenomenon. By shift-variant, we mean that
the wavelet coefficients of a shifted function/image are dif-
ferent from the ones of the original function/image. It is this
shift-variance property that caused the poor performance of
longer wavelets.

6 Conclusions

In this paper, we presented a comparative study of linear
projection methods in face recognition under unconstrained
illuminations. It further involves the use of multiresolution
analysis that surprisingly enriches the behavior of the linear
projection methods. This study leads to several novel obser-
vations: i). the superiority of LDA/GSVD; ii). the tradeoff
between LDA/GSVD and LDA/QR; iii). the superiority of
OCM over PCA. These observations are expected to be use-
ful when we attempt to apply the current linear projection
methods to other face recognition problems.
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