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Abstract

Linear Discriminant Analysis (LDA) isawell-known scheme for feature
extraction and dimension reduction. It has been used widely in many ap-
plications involving high-dimensional data, such as face recognition and
image retrieval. An intrinsic limitation of classical LDA is the so-called
singularity problem, that is, it fails when all scatter matrices are singu-
lar. A well-known approach to deal with the singularity problem is to
apply an intermediate dimension reduction stage using Principal Com-
ponent Analysis (PCA) before LDA. The agorithm, called PCA+LDA,
is used widely in face recognition. However, PCA+LDA has high costs
in time and space, due to the need for an eigen-decomposition involving
the scatter matrices.

In this paper, we propose anovel LDA algorithm, namely 2DL DA, which
stands for 2-Dimensional Linear Discriminant Analysis. 2DLDA over-
comesthe singularity problem implicitly, while achieving efficiency. The
key difference between 2DLDA and classical LDA liesin the model for
data representation. Classical LDA works with vectorized representa-
tions of data, while the 2DLDA algorithm works with data in matrix
representation. To further reduce the dimension by 2DLDA, the combi-
nation of 2DLDA and classical LDA, namely 2DLDA+LDA, is studied,
where LDA is preceded by 2DLDA. The proposed agorithms are ap-
plied on face recognition and compared with PCA+LDA. Experiments
show that 2DLDA and 2DLDA+LDA achieve competitive recognition
accuracy, while being much more efficient.

1 Introduction

Linear Discriminant Analysis[2, 4] is awell-known scheme for feature extraction and di-
mension reduction. It has been used widely in many applications such as face recognition
[1], image retrieval [6], microarray data classification [3], etc. Classical LDA projects the
data onto a lower-dimensional vector space such that the ratio of the between-class dis-
tance to the within-class distance is maximized, thus achieving maximum discrimination.
The optimal projection (transformation) can be readily computed by applying the eigen-
decomposition on the scatter matrices. An intrinsic limitation of classical LDA is that its
objective function requires the nonsingularity of one of the scatter matrices. For many ap-
plications, such as face recognition, all scatter matrices in question can be singular since
the data is from a very high-dimensional space, and in general, the dimension exceeds the



number of data points. Thisis known as the undersampled or singularity problem [5].

In recent years, many approaches have been brought to bear on such high-dimensional, un-
dersampled problems, including pseudo-inverse LDA, PCA+LDA, and regularized LDA.
More details can be found in [5]. Among these LDA extensions, PCA+LDA hasreceived a
lot of attention, especially for face recognition [1]. In thistwo-stage algorithm, an interme-
diate dimension reduction stage using PCA is applied before LDA. The common aspect of
previous LDA extensions is the computation of eigen-decomposition of certain large ma-
trices, which not only degrades the efficiency but also makes it hard to scale them to large
datasets.

In this paper, we present a novel approach to aleviate the expensive computation of the
eigen-decomposition in previous LDA extensions. The novelty liesin a different data rep-
resentation model. Under this model, each datum is represented as a matrix, instead of as
avector, and the collection of datais represented as a collection of matrices, instead of as
asingle large matrix. This model has been previously used in [8, 9, 7] for the generaliza-
tion of SVD and PCA. Unlike classical LDA, we consider the projection of the dataonto a
space which isthe tensor product of two vector spaces. We formulate our dimension reduc-
tion problem as an optimization problem in Section 3. Unlike classical LDA, there is no
closed form solution for the optimization problem; instead, we derive a heuristic, namely
2DLDA. To further reduce the dimension, which is desirable for efficient querying, we con-
sider the combination of 2DLDA and LDA, namely 2DLDA+LDA, where the dimension
of the space transformed by 2DL DA is further reduced by LDA.

We perform experiments on three well-known face datasets to evaluate the effectiveness
of 2DLDA and 2DLDA+LDA and compare with PCA+LDA, which is used widely in face
recognition. Our experiments show that: (1) 2DLDA is applicable to high-dimensional
undersampled data such as face images, i.e., it implicitly avoids the singularity problem
encountered in classical LDA; and (2) 2DLDA and 2DLDA+LDA have distinctly lower
costs in time and space than PCA+LDA, and achieve classification accuracy that is com-
petitive with PCA+LDA.

2 Anoverview of LDA

In this section, we give abrief overview of classical LDA. Some of the important notations
used in the rest of this paper arelisted in Table 1.

Given adata matrix A € IRV*", classical LDA aimsto find atransformation G € IRV **
that maps each column a; of A, for 1 < i < n, inthe N-dimensional spaceto avector b; in
the /-dimensional space. That isG : a; € RN — b, =GTaq; € IR"(Z < N). Equivalently,
classical LDA aims to find a vector space G spanned by {g;}¢_,, where G = [g1, -, g¢],
such that each a; is projected onto G by (97 - as,---, g7 - a;)T € IR".

Assumethat the original datain A ispartitionedinto k classesas A = {I1y, - - -, 11 }, where
II; contains n; data points from the ith class, and Ele n; = n. Classical LDA aimsto find
the optimal transformation G such that the class structure of the original high-dimensional
spaceis preserved in the low-dimensional space.

In generd, if each class is tightly grouped, but well separated from the other classes, the
quality of the cluster is considered to be high. In discriminant analysis, two scatter ma-
trices, called within-class (S,,) and between-class (.S;) matrices, are defined to quantify
the quality of the cluster, as follows [4]: S, = Z’f:l > wer, (@ — my)(z —m;)", and

Sy = Zle ni(m; —m)(m; —m)T, wherem,; = - >z, * isthemean of the ith class,

n;

andm = 15" S . wistheglobal mean.



Notation | Description

n number of images in the dataset

k number of classesin the dataset

A; ith image in matrix representation

a; ith image in vectorized representation

T number of rowsin A4;

c number of columnsin A;

N dimension of a; (N = r * ¢)

11, jthclassin the dataset

L transformation matrix (left) by 2DLDA
R transformation matrix (right) by 2DLDA
1 number of iterationsin 2DLDA

B; reduced representation of A; by 2DLDA
/q number of rowsin B;

£l number of columnsin B;

Table 1: Notation

Itis easy to verify that trace(.S,,) measures the closeness of the vectors within the classes,
while trace(S;) measures the separation between classes. In the low-dimensional space
resulting from the linear transformation G (or the linear projection onto the vector space G),
the within-class and between-class matrices become SF = GT'S,G, and SL = G* S, G.

w

An optimal transformation G' would maximize trace(S;) and minimize trace(SZ%). Com-
mon optimizations in classical discriminant analysisinclude (see[4]):

max {trace((SL)~'S¢)} and min {trace((Sy)~'S5)}. )

The optimization problemsin Eg. (1) are equivalent to the following generalized eigenvalue
problem: Syz = AS,z, for A # 0. The solution can be obtained by applying an eigen-
decomposition to the matrix S, S, if S,, is nonsingular, or Sy 1S, if Sy isnonsingular.
There are at most k — 1 eigenvectors corresponding to nonzero eigenvalues, since the rank
of the matrix .Sy, is bounded from above by £ — 1. Therefore, the reduced dimension by
classical LDA isat most k — 1. A stable way to compute the eigen-decomposition is to
apply SVD on the scatter matrices. Details can be found in [6].

Note that alimitation of classical LDA in many applications involving undersampled data,
such astext documents and images, isthat at least one of the scatter matricesis required to
be nonsingular. Several extensions, including pseudo-inverse LDA, regularized LDA, and
PCA+LDA, were proposed in the past to deal with the singularity problem. Details can be
foundin [5].

3 2-Dimensional LDA

The key difference between classical LDA and the 2DLDA that we propose in this paper
is in the representation of data. While classical LDA uses the vectorized representation,
2DL DA works with datain matrix representation.

We will seelater in this section that the matrix representation in 2DLDA leadsto an eigen-
decomposition on matrices with much smaller sizes. More specifically, 2DLDA involves
the eigen-decomposition of matriceswith sizesr x r and ¢ x ¢, which are much smaller than
the matrices in classical LDA. This dramatically reduces the time and space complexities
of 2DLDA over LDA.



Unlikeclassical LDA, 2DLDA considersthe following (¢; x ¢5)-dimensiona space L& R,
which is the tensor product of the following two spaces. £ spanned by {ui}f;l and
R spanned by {v;}‘2,. Define two matrices L = [uy,---,us,] € IR and R =
[v1, -, vg,] € IR, Then the projection of X € IR™° onto the space £L ® R is
LTXR e R,

Let A; € IR™*¢, fori = 1,---,n, bethe n images in the dataset, clustered into classes
II,,-- -, I, where II; has n; images. Let M; = ni > xemn, X be the mean of the ith
class, 1 < i < k,andM = 15%  S°\ 1 X bethe globa mean. In 2DLDA, we
consider images as two-dimensional signals and aim to find two transformation matrices
L € R and R € IR**‘ that map each A; € IR™*, for 1 < i < n, to a matrix
B; € IR“*% guchthat B, = LT A;R.

Like classical LDA, 2DLDA aimsto find the optimal transformations (projections) L and
R such that the class structure of the origina high-dimensional space is preserved in the
low-dimensional space.

A natural similarity metric between matricesis the Frobenius norm [8]. Under this metric,
the (sguared) within-class and between-class distances D, and D, can be computed as
follows:

D,

K
SO NX =Ml Dy=>_ nil|M; - M|[3.
=1

i=1 Xell;

Using the property of thetrace, that is, trace(M M ™) = || M ||%, for any matrix M, we can
rewrite D,, and D,, asfollows:

k
D, = trace (Z > (X = Mi)(X - Mi)T> ,
i=1 Xell;
k
D, = trace <Z ng(M; — M) (M; — M)T> )

In the low-dimensional space resulting from the linear transformations L and R, the within-
class and between-class distances become

k
D, = trace (Z > L"(X - M;)RR"(X — Mi)TL> ,
=1 Xell;
k
D, = trace (Z n; LT (M; — M)RR™ (M; — M)TL> :
=1

The optimal transformations L and R would maximize D, and minimize D,,. Due to
the difficulty of computing the optimal L and R simultaneously, we derive an iterative
algorithm in the following. More specifically, for afixed R, we can compute the optimal
L by solving an optimization problem similar to the one in Eq. (1). With the computed
L, we can then update R by solving another optimization problem as the one in Eq. (1).
Details are given below. The procedure is repeated a certain number of times, as discussed
in Section 4.

Computation of L

For afixed R, D,, and D, can be rewritten as
D,, = trace (L"SEL), Dy, = trace (LT SEL),



Algorithm 2DLDA (A4, -, Ay, 41, £2)
InpUt A1>"'5An1£11£2
Output: L, R, By, ---,B,
1. Compute the mean M; of ith classfor each i as M; = ni EXGH,; X;
2. Compute the global mean M = 2 S°F >xem, X
3. Ry — (Ip,,0)";
4. For jfrom1tol
5 Sp e Zi:l oxen, (X = Mi)R; 1 RT (X — M;)T,
SEt = Yy ni(M; — M>Rj71RjT—1(Mi - M)T; )
Compute the first ¢; eigenvectors {¢} };1, of (SF)™" S,
8. Sk X1 Yxen, (X — M) L;LT(X — M),

St — S8 ni(M; — M)TL;LT(M; — M); 1
9.  Computethefirst £, eigenvectors {¢f}52, of (SL) ™ SE;
11. EndFor
12. L — L;, R +— Ry;
13. By LTAgR, fori=1,---,n;
14. return(L, R, By, - - -, Byp).

N o

k k
SE=3">"(X-M)RR"(X - M;)", Sff=>> ni(M;— M)RR"(M; — M)".
=1 X€ell; i=1

Similar to the optimization problem in Eq. (1), the optimal L can be computed by solving
the following optimization problem: max, trace (LT SEL)~* (LT SFL)). The solution
can be obtained by solving the following generalized eigenvalue problem: SZz = A\SEz.
Since S isin general nonsingular, the optimal L can be obtained by computing an eigen-

decomposition on (S%) ™" SZ. Note that the size of the matrices S& and SE isr x r,
which is much smaller than the size of the matrices S,, and S, in classical LDA.

Computation of R

Next, consider the computation of R, for afixed L. A key observation is that D,, and D;,
can be rewritten as
D, = trace(RTSLR), D, =trace(RTSER),
where
k k
SE=>"N" (X - M)TLL™(X = M;), Sf = ni(M;—M)"LL"(M; — M).
i=1 X €L, i=1
Thisfollows from the following property of trace, that is, trace(AB) = trace(BA), for any
two matrices A and B.

Similarly, the optimal R can be computed by solving the following optimization problem:
maxp trace ((RTSLR)~! (RTSER)). The solution can be obtained by solving the follow-

ing generalized eigenvalue problem: SZz = ASEz. Since SL isin genera nonsingular,



the optimal 12 can be obtained by computing an eigen-decomposition on (Sf) ! SE. Note
that the size of the matrices S% and S/ isc x ¢, much smaller than S, and .

The pseudo-code for the 2DLDA agorithm is given in Algorithm 2DLDA. It is clear that
the most expensive steps in Algorithm 2DLDA are in Lines 5, 8 and 13 and the total
time complexity is O(n max(¢1, £2)(r + ¢)?I), where I is the number of iterations. The
2DLDA algorithm depends on the initial choice Ry. Our experiments show that choosing
Ry = (IZQ,O)T, where I, is the identity matrix, produces excellent results. We use this
initial Ry in all the experiments.

Since the number of rows (r) and the number of columns (c) of animage A; are generally
comparable, i.e, r ~ ¢ ~ VN, we set ¢; and ¢, to a common value d in the rest of
this paper, for simplicity. However, the algorithm works in the general case. With this
simplification, the time complexity of the 2DLDA algorithm becomes O(ndN1).

The space complexity of 2DLDA is O(rc) = O(N). The key to the low space complexity
of the algorithm is that the matrices S, Sf, SL, and S& can be formed by reading the
matrices A, incrementally.

3.1 2DLDA+LDA

Asmentioned in the Introduction, PCA iscommonly applied as an intermediate dimension-
reduction stage before LDA to overcome the singularity problem of classical LDA. In this
section, we consider the combination of 2DLDA and LDA, namely 2DL DA+LDA, where
the dimension by 2DLDA is further reduced by LDA, since small reduced dimension is
desirable for efficient querying. More specificaly, in the first stage of 2DLDA+LDA, each
image A; € IR™“isreduced to B; € IR?*¢ by 2DLDA, with d < min(r, ¢). In the second

stage, each B; isfirst transformed to a vector b; € IRY (matrix-to-vector alignment), then
b; is further reduced to bf e IRF! by LDA with k — 1 < d?, where k is the number
of classes. Here, “matrix-to-vector alignment” means that the matrix is transformed to a
vector by concatenating all its rows together consecutively.

The time complexity of the first stage by 2DLDA is O(ndNT). The second stage applies
classical LDA to datain d2-dimensional space, hence takes O(n(d?)?), assuming n > d2.
Hence the total time complexity of 2DLDA+LDA isO (nd(NI + d3)) .

4 Experiments

In this section, we experimentally evaluate the performance of 2DLDA and 2DLDA+LDA
on face images and compare with PCA+LDA, used widely in face recognition. For
PCA+LDA, we use 200 principal componentsin the PCA stage, asit produces good overall
results. All of our experiments are performed on a P4 1.80GHz Linux machine with 1GB
memory. For all the experiments, the 1-Nearest-Neighbor (INN) algorithm is applied for
classification and ten-fold cross validation is used for computing the classification accuracy.

Datasets: We use three face datasets in our study: PIX, ORL, and PIE, which are
publicly available. PIX (available at http://peipa.essex.ac.uk/ipa/pix/faces/manchester/test-
hard/), contains 300 face images of 30 persons. The image size is 512 x 512. We
subsample the images down to a size of 100 x 100 = 10000. ORL (available at
http://www.uk.research.att.com/facedatabase.html), contains 400 face images of 40 per-
sons. The image sizeis 92 x 112. PIE is a subset of the CMU-PIE face image dataset
(available at http://www.ri.cmu.edu/projects/project_418.html). It contains 6615 face im-
ages of 63 persons. Theimage sizeis 640 x 480. We subsample the images down to asize
of 220 x 175 = 38500. Note that PIE is much larger than the other two datasets.
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Figure 1. Effect of the number of iterations on 2DLDA and 2DLDA+LDA using the three
face datasets; PIX, ORL and PIE (from l€ft to right).

Theimpact of the number, I, of iterations. In this experiment, we study the effect of
the number of iterations (/ in Algorithm 2DLDA) on 2DLDA and 2DLDA+LDA. The
results are shown in Figure 1, where the z-axis denotes the number of iterations, and the
y-axis denotes the classification accuracy. d = 10 is used for both algorithms. It is clear
that both accuracy curves are stable with respect to the number of iterations. In general,
the accuracy curves of 2DLDA+LDA are dightly more stable than those of 2DLDA. The
key consequence is that we only need to run the “for” loop (from Line 4 to Line 11) in
Algorithm 2DLDA only once, i.e.,, I = 1, which significantly reduces the total running
time of both algorithms.

Theimpact of the value of the reduced dimension d: In this experiment, we study the
effect of the value of d on 2DLDA and 2DLDA+LDA, where the value of d determinesthe
dimensionality in the transformed space by 2DLDA. We did extensive experiments using
different values of d on the face image datasets. The results are summarized in Figure 2,
where the z-axis denotes the values of d (between 1 and 15) and the y-axis denotes the
classification accuracy with 1-Nearest-Neighbor asthe classifier. Asshown in Figure 2, the
accuracy curves on al datasets stabilize around d = 4 t0 6.

Comparison on classification accuracy and efficiency: In this experiment, we eval-
uate the effectiveness of the proposed algorithms in terms of classification accuracy and
efficiency and compare with PCA+LDA. The results are summarized in Table 2. We can
observe that 2DLDA+LDA has similar performance as PCA+LDA in classification, while
it outperforms 2DLDA. Hence the LDA stage in 2DLDA+LDA not only reduces the di-
mension, but also increases the accuracy. Another key observation from Table 2 is that
2DLDA is amost one order of magnitude faster than PCA+LDA, while, the running time
of 2DLDA+LDA iscloseto that of 2DLDA.

Hence 2DLDA+LDA is a more effective dimension reduction algorithm than PCA+LDA,
as it is competitive to PCA+LDA in classification and has the same number of reduced
dimensionsin the transformed space, while it has much lower time and space costs.

5 Conclusions

An efficient algorithm, namely 2DL DA, is presented for dimension reduction. 2DLDA is
an extension of LDA. The key difference between 2DLDA and LDA isthat 2DLDA works
on the matrix representation of images directly, while LDA uses a vector representation.
2DLDA has asymptotically minimum memory requirements, and lower time complexity
than LDA, which is desirable for large face datasets, while it implicitly avoids the singu-
larity problem encountered in classical LDA. We also study the combination of 2DLDA
and LDA, namely 2DLDA+LDA, where the dimension by 2DLDA is further reduced by
LDA. Experiments show that 2DL DA and 2DLDA+LDA are competitive with PCA+LDA,
interms of classification accuracy, while they have significantly lower time and space costs.
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Dataset PCA+LDA 2DLDA 2DLDA+LDA
Accuracy Time(Sec) | Accuracy Time(Sec) | Accuracy  Time(Sec)
PIX 98.00% 7.73 97.33% 1.69 98.50% 173
ORL 97.75% 125 97.50% 214 98.00% 2.19
PIE — — 99.32% 153 100% 157
Table 2: Comparison on classification accuracy and efficiency: “—" meansthat PCA+LDA

is not applicable for PIE, due to its large size. Note that PCA+LDA involves an eigen-
decomposition of the scatter matrices, which requires the whole data matrix to reside in
main memory.

Acknowledgment Research of J. Ye and R. Janardan is sponsored, in part, by the Army
High Performance Computing Research Center under the auspices of the Department of the
Army, Army Research Laboratory cooperative agreement number DAAD19-01-2-0014,
the content of which does not necessarily reflect the position or the policy of the govern-
ment, and no official endorsement should be inferred.

References

[1] PN. Belhumeour, J.P. Hespanha, and D.J. Kriegman. Eigenfaces vs. Fisherfaces: Recognition
using class specific linear projection. |EEE Transactions on Pattern Analysis and Machine Intel-
ligence, 19(7):711-720, 1997.

[2] R.O.Duda, PE. Hart, and D. Stork. Pattern Classification. Wiley, 2000.

[3] S. Dudoit, J. Fridlyand, and T. P. Speed. Comparison of discrimination methods for the classi-
fication of tumors using gene expression data. Journal of the American Satistical Association,
97(457):77-87, 2002.

[4] K. Fukunaga. Introduction to Statistical Pattern Classification. Academic Press, San Diego,
California, USA, 1990.

[5] W.J. Krzanowski, P. Jonathan, W.V McCarthy, and M.R. Thomas. Discriminant analysis with

singular covariance matrices. methods and applications to spectroscopic data. Applied Statistics,
44:101-115, 1995.

[6] Daniel L. Swets and Juyang Weng. Using discriminant eigenfeatures for image retrieval. |EEE
Transactions on Pattern Analysis and Machine Intelligence, 18(8):831-836, 1996.

[7] J. Yang, D. Zhang, A.F. Frangi, and J.Y. Yang. Two-dimensiona PCA: a new approach to
appearance-based face representation and recognition. |EEE Transactions on Pattern Analysis
and Machine Intelligence, 26(1):131-137, 2004.

[8] J. Ye. Generdized low rank approximations of matrices. In ICML Conference Proceedings,
pages 887894, 2004.

[9] J. Ye R. Janardan, and Q. Li. GPCA: An efficient dimension reduction scheme for image com-
pression and retrieval. In ACM SSGKDD Conference Proceedings, pages 354363, 2004.



