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Abstract: Linear discriminant analysis (LDA) is a classical approach for dimensionality reduction. It aims to max-
imize between-class scatter and minimize within-class scatter, thus maximize the class discriminant. However,
for undersampled problems where the data dimensionality is larger than the sample size, all scatter matrices are
singular and the classical LDA encounters computational difficulty. Recently, many LDA extensions have been
developed to overcome the singularity, such as, Pseudo-inverse LDA (PILDA), LDA based on generalized singular
value decomposition (LDA/GSVD), null space LDA (NLDA) and range space LDA (RSLDA). Moreover, they
endure the Fisher criterion that is nonoptimal with respect to classification rate. To remedy this problem, weighted
schemes are presented for several LDA extensions in this paper and called them weighted generalized LDA algo-
rithms. Experiments on Yale face database and AT&T face database are performed to test and evaluate effective of
the proposed algorithms and affect of weighting functions.

Key—Words: Feature extraction; dimensionality reduction; undersampled problem; weighting function; misclassi-
fication rate

1 Introduction the feature selection process should be used in classi-
fication or regression problems [8].
Many machine learning, data mining and bioinformat-
ics problems involve data in very high-dimensional
space. Undersampled problems where data dimen-
sion is larger than the sample size, frequently occur in
many applications including information retrieval [1-
3], face recognition [4-6], and microarray data analy-

Linear discriminant analysis (LDA) [9] is one of
the most popular linear projection techniques for fea-
ture extraction. However, the classical LDA usually
encounters two difficulties. One is the singularity
problem caused by the undersampled problem. In
recent years, many LDA extensions have been de-

sis [7]. veloped to deal with this problem, such as, pseudo-

The feature extraction process is an important part inverse LDA (PILDA) [10-11], LDA/GSVD [12-14],
of pattern recognition and machine learning, which null space LDA (NLDA) [12,15], range space LDA
can results in computation cost decreasing and classi- [16], orthogonal LDA (OLDA) [11,17], uncorrelated
fication performance increasing. An appropriate rep- LDA (ULDA) [11,18] and regularized LDA (RLDA)
resentation of data from all features is an important [19]. In PILDA, the inverse of the scatter matrix is
problem in machine learning and data mining prob- replaced by the pseudo-inverse. It is equivalent to ap-
lems. All original features can not always beneficial proximating the solution using a least-squares solu-
for classification or regression tasks. Some features tion method. The optimal transformation is computed
are irrelevant or redundant in distribution of data set. through the simultaneous diagonalization of scatter
These features can decrease the classification perfor- matrices. LDA/GSVD is one of generalizations of
mance. In order to increase the classification perfor- LDA based on GSVD, it overcomes the singular-
mance and to reduce computation cost of classifier, ity of the scatter matrices by applying the GSVD to
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solve the generalized eigenvalue problem. The clas-
sical LDA solution is a special case of LDA/GSVD
method. In NLDA, the between-class distance is max-
imized in the null space of the within-class scatter
matrix. It is a two-step approach, the transformation
using a basis of null space of the within-class scatter
matrix is performed in the first stage and then in the
transformed space the second projective directions are
searched. In range space LDA, the within-class dis-
tance is minimizes in the range space of the between-
class scatter matrix. Similarly, we propose a method
based on the transformation by a basis of the range
space of the within-class scatter matrix to handle un-
dersampled problems.

Another drawback of LDA-based algorithms is
that the Fisher separability criterion is not directly
related to classification rate. A promising solution
to this problem is to introduce weighted schemes
into the criteria. We can see from [20-21,25] that
weighting functions are close with classification ac-
curacy. Different weighting functions can lead dif-
ferent classification error. Selecting suitable weight-
ing function can increase classification accuracy. In
this paper, we focus on weighted versions of PILDA,
LDA/GSVD, NLDA and range space LDA with five
weighting functions for each weighted scheme, in
which the K-Nearest neighbors (KNN) method [22]
is used for a classifier. We apply the Euclidean dis-
tance d;; = ||m; — m;|| between the means of class
i and j in weighting functions w(d;;). A weight-
ing function is generally a monotonically decreasing
function because classes that are closer to one another
are likely to have a greater confusion and should be
given a greater weightage. For weighting functions,
we first apply two special cases of the weighting func-
tion w(d;j) = (di;) P proposed by Lotlikar et al. in
[20] with p = 1 and p = 2, and then an improved ver-
zmerl (5 5)
presented by Loog in [25] where the Mahanalobis dis-
tance is replaced by the Euclidean distance. In addi-

tion, according to the feature of weighting functions,
we present two new weighting functions.

sion of weighting function w(d;;) =

The rest of the paper is organized as follows. In
Section 2, we briefly review generalized LDA algo-
rithms. Weighted versions of generalized LDA algo-
rithms and weighting functions are introduced in Sec-
tion 3. Extensive experiments with proposed algo-
rithms have been performed in Section 4, the results
demonstrate the effective of the proposed algorithms
and the affect of weighting functions. Conclusion fol-
lows in Section 5.
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2 Generalized LDA

In this section, we review several generalized LDA
algorithms which can overcome the limitation of
the classical LDA. Given a data matrix A =
[a1, -, an] € R™*" where a; € R™,i = 1,---n.
Assume the original data is already clustered and par-
titioned into r classes. Let A = [Ay,---, A,], where
A; € R™*™ is the data matrix belonged to the i-th
class and 22:1 n; = n. Let N; be the set of indices of
i-th class, i.e., a; belongs to the i-th class for j € N;.

The aim of LDA is to find a linear transforma-
tion G € R™*! that maps each a; to y; € R!
by i = GTa; and optimally preserves the cluster
structure in the reduced-dimensional space. Let the
between-class, within-class and total scatter matri-
ces are defined as S, = Y_I_ ni(c; — ¢)(¢; — ¢)T,
Sw = iy ZjeNi (aj —ci)(aj — ;)" and S; =
> i1 (aj —c)(ay —c)T (see [1]), where ¢ =
(1/ni) > sen, aj and ¢ = (1/n) > 7, a; are class
centroids and the global centroid, respectively. We
can easily see that the trace of S, measures the
within-class closeness and the trace of S, mea-
sures the between-class separation. In the lower-
dimensional space obtained from the transforma-
tion G, three scatter matrices above become SL =
GTS,G, St = GTS,G and StL = GTS,G. An op-
timal transformation G would maximize trace (Sé:)
and minimize trace (SL), simultaneously. In classical
LDA which requires .S, or Sy is nonsingular, common
optimizations include

mgx{trace((Sﬁ)_ISf)}

mGin{trace((SbL)_lSlLU)}. M

The problem (1) is equivalent to finding the
eigenvectors satisfying the generalized eigen equa-
tion Spx = ASyx for A # 0. The solution can
be obtained by solving an eigenvalue problem on the
matrix Sy, 1S, if S, is nonsingular or on Sy lg, if
Sy is nonsingular. There are at most » — 1 eigen-
vectors corresponding to nonzero eigenvalues since
rank(S,) < r — 1. Therefore, the reduced dimen-
sion by classical LDA is at most » — 1. A stable way
to solve this eigenvalue problem is to apply singular
value decomposition (SVD) on the scatter matrices,
the details can be found in [5].

When the data dimensionality is larger than the
sample size, all scatter matrices are singular and the
classical LDA is no longer applicable. In order to
solve the small sampled size problems, several gen-
eralizations of LDA have been proposed.
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2.1 Pseudo-inverse LDA

The pseudo-inverse of a matrix A, denoted as A™,
refers to a unique matrix satisfying ATAAT =
AT AATA = A (AAT)T = AAT and (ATA)T =
ATA. The pseudo-inverse A' is commonly com-
puted by SVD [23]. If A = U { i 8 VT is the
SVD of the matrix A, where U and V are orthogonal
and X is diagonal with positive diagonal entries, then

»1 0
+ _ T
A—V{ 0 O]U.

In this subsection, we consider the criterion
F1(G) = trace((SE)TSL) proposed in [10], which
is a natural extension of (1) since the inverse of a ma-
trix may not exist, but the pseudo-inverse of a matrix
is well-defined. Moreover, when the matrix is invert-
ible, its pseudo-inverse is the same as its inverse. In
PILDA, the optimal transformation matrix G can be
obtained by solving a minimization problem

m(;n Fi(G). ()

The main technique for solving the problem (2) is
to use GSVD. Define the matrices

Hy =[A1 —ci(en)?, -+ A —
Hb: [m(cl_c)7"'aﬁ(07'

Ht:[al—c,‘--,an—c],

Cr(er)T]

- C)]7

)

where ¢; = (1,---,1)T € R™. Then, the scatter ma-
trices can be expressed as Sy, = Hy,HL, Sy = HyH}
and S; = H;H}'. Let GSVD be applied to the matrix
pair (H', HL) such that

U'HFX =Ty, 0],
(3)
UTHTX =[T, 0],

where U, € R™" and U,, € R™*" are orthogonal,

X € R™*™ is a nonsingular matrix, I/ ', + ', T, =
T

H
I;, s = rank [ H%

onal matrices with nonincreasing and nondecreasing
diagonal components, respectively. The simultaneous

} and FbTFb and FZFw are diag-
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diagonalizations of S, and S,, can be obtained by

[l
xTsx = | b }
Omfs
Iu
— DT
Os—,u—T
L Om—s
_va
[ T
XTS,x = | telv }
L Omfs
Ou
J— ET
IS—M—T
L Omfs
:Dun

“)
where I and 0 denote identity and zero matrices, re-
spectively. D, = diag(apt1, -, 0uqr), Er =
diag(Bus1, - Butr) With oy > -+ = apyr >
0,0 < Buy1 < -+ < Bugr and a% +BZ-2 = 1 for
i=p+1,---,u+ 7. By (4), we can deduce that

130]

0 0
To solve the problem (2), we need the follow-
ing three lemmas, where the proofs of the first two
are straightforward from the definition of the pseudo-
inverse and the third lemma can be found in [10].

X7 X = XTs,X + XT5,X = [

Lemma 1 For any matrix A € R™*™ we have
trace(AA™) = rank(A).

Lemma 2 For any matrix A € R™", we have
(AATY = (AT AT,

Lemma 3 Ler X = diag(oy,---,0s) be any diago-
nal matrix with o1 > --- > o5 > 0. Then, for any

matrix M € R"™*® with rank(M) = 0, the following
inequality holds:

0
trace(MESMT)*MMT) > S L
7; 1

where the equality holds if and only if M =
D

v [ 0 0

and matrix D = £1Q%9 € RO%9, where Q € R%*9 g

orthogonal and .1, ¥o € R*9 are diagonal matrices

with positive diagonal entries.

] for some orthogonal matrix U € R™*™

Theorem 4 Let X be the matrix specified by the
GSVD of(HbT, HI)in (3) and X the matrix consist-
ing of the first § columns of X, where § = rank(Sp).
Then G = XsM minimizes Fy for any nonsingular
M.
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Proof: By the GSVD of the matrix pair (H, HL),
we have SbL = GDyGT and Sﬁ = GD,GT, where
G = (X')T. Let G = [G1,Ga,G3,Gy] be
a partition of G such that G; € R¥E Gy € REXT,
G3 € RIX(s=k=7) and Gy € RI*(m—s), Putting
G = [Gl, GQ], we have Sﬁ—f—SL = GlzG?Q%—GgG:J;

and SL = G123GY,, where ¥ = [ L D ] By
T

Lemma 1, we get

trace((SE)TSE) = rank(SE)

< rank(Sp) = 4. ©®)
N 1/2 N S 0] 7
Let G = GppX/“and G = U 0 0 V* be the

SVD of G. Then rank(G) = rank(Gyz) and Gt =

S—1
v { EO 8 ] UT. Consequently, by Lemma 3, we

can deduce that

trace((SE)* (S + SE))

= trace((G12XG1,) T (G12GT, + G3GY))

> tI‘aCC((Glng{Q)JFGlQG%)

= trace((GH)TGTGE1GT) (6)
= trace(V 71Vj)

>3 1+ > 4,

where Vj is the matrix consisting of the first § columns
of V. We can easily show that the last inequality in

Qs

(6) becomes equality if Vs = [ 0

] for any orthog-
0 0

RP0H7) where D = %Qs%; /? and % is the 6-th
principal submatrix of . It follows from (5)-(6) that

onal matrix Q5 € R%%% and Gio = U [ D0 ] €

Fi(G) = trace((SE)T(SL + SL)) — trace((SE)*TSE)

é
> 3 (&),
1=p+1
where the equality holds if rank(SL) = 4, G2 =
S ~1/2
U EQ5§5 0 and G3 = 0.

We observe that the minimization of F} is inde-
pendent of G4 and simply set it to zero. Hence, the
minimum of F} is attained if the partition of G =
[G1, G2, Gs,Gy] satisfies

$Qs%; % 0
0

Gio=U 0

,Gg =0and G4 = 0.
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Let U = [Uy, Uy be a partition of U so that U; €
R!*% and Uy € R (=9)_ 1t follows that

G, =U

Note that U is orthogonal matrix, ()s is an arbitrary
orthogonal matrix and ¥ and X5 are diagonal matri-

ces. Therefore, M is an arbitrary nonsingular matrix
and G = XM minimizes F;(G). O

This method is called PILDA, that is,
Algorithm 2.1. PILDA
Hy

1. Compute the SVD of K = [ T
H’LU

]asK:

P [ i 0 } U™, where P and U are orthogonal

0 0
and R is diagonal;
2. Let s = rank(K) and § = rank(H;). Com-

pute W from the SVD of P(1:7,1:5s), the
submatrix consisting of the first » rows and the
first s columns of matrix P from Step 1, as
P(1:71:8)=VIWT;

bl

-1
3.LetX:U[R w 0]

0 I
4. Assign the first § columns of the matrix X to Xj;

5. G = XsM, where M is any nonsingular matrix.

2.2 LDA based on GSVD

In this subsection, we review another method based on
the GSVD proposed by Howland et al. [12-14]. This
approach is justified to preserve the cluster structure
after dimension reduction.

When S, = Hng; is nonsingular, it is well-
known that trace((S%)~1S}) is maximized if G, €
R™*! consists of [ eigenvectors of S;; 'S, correspond-
ing to the [ largest eigenvalues [1]. Let x; denote the
i-th column of X, then

SpTi = \iSwi, (7
which means that )\; and xz; are an eigenvalue-
eigenvector pair of S, 1Sy and trace(S,1Sy) = A1 +

.-+ + Ap. Expressing \; as /%, the eigenvalue
problem (7) becomes
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BZHyH v; = o?H,HE z;. 8)

Let X = [X1,X9,X35,X4] € R™™ be
a partition of X obtained in section 2.1 with
X1 € R™H, Xy € R™¥T, X3 € R™*(71=7) and
X, € Rm*(m=s) " Defining o; = 1,3; = 0 fori =
1,---,panda; =0,8; = 1fori = u+7+1,--- s, we
can see that (8) is satisfied for 1 < ¢ < s. For the re-
maining m — s columns of X, HbeTxi and Hngxi
are zero. So, (8) is satisfied for arbitrary values of «;
and B; when s+1 < ¢ < m and then the columns
of X are the generalized singular vectors for the ma-
trix pair (H]', HL). A question that remains is which
columns of X to include in Gy, If S, is singular, [14]
argues in terms of the simultaneous optimization

max (trace(GT S,Gh))
Gi
min(trace(G7 S, Gh)).

G

(©))

Letting g; represent a column of G}, we have
trace(G:,CSth) = ngSbgj and trace(Gr;CSwGh) =
> g]TSw g;. If z; is the one of the leftmost x columns
of X, then z; € null(S,,) N null(Sy)¢ (the superscript
c denotes the complement), which indicates that in-
cluding x; in G}, can increase trace(GszGh) while
leave trace(G?1 S,,Gp,) unchanged. If z; is the one
of the rightmost m — s columns of X, then z; €
null(.Sy,) N null(.Sy), which implies that adding x; to
G}, has no effect on these trace and does not contribute
to either maximization or minimization in (9). In ei-
ther case, GG, should be comprised of the leftmost
p+ 7 = rank(H!') columns of X, as illustrated in
[24]. Hence, in LDA/GSVD the transformation ma-
trix is G, = [X1,X2]. An efficient algorithm for
LDA/GSVD was presented in [12] as follows.

Algorithm 2.2. LDA/GSVD

2. Compute V from the EVD of S, =
s, 2T s, U s P S, = v T, VT

3. Assign the first 7 — 1 columns of U12]1_1/2

Gh.

1. Compute the EVD of S;:

20
St:[UlUg}[ !

uf
0 0 '

Uy

V to

2.3 Null space LDA

Chen et al. [15] proposed the null space LDA (NLDA)
for dimensionality reduction of undersampled prob-
lems, which is a two-stage LDA method. This ap-
proach projects the original space onto the null space
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of Sy, by using an orthonormal basic of null (5,), and
then in the projected space, a transformation that max-
imizes the between-class scatter is computed. Let the
EVD of S,, € R™*™ be

where s = rank(S,), U, is orthogonal, 3, is a
diagonal matrix with nonincreasing positive diago-
nal elements and U,,; contains the first s; columns
of the orthogonal matrix U,. We can easily show
that null(S,,) = span(Uy2) and the transformation by
Uw2UZ, projects the original data to null(S,,). The
between-class scatter matrix S’b in the transformed
space is S, = UwQUZ;QSbUwQUZ;Q. Consider the EVD

%)

where sy = rank(gb), Uy € R™%2 and 3 €
R#2>%2In NLDA, the optimal transformation matrix
G, is obtained by G, = UnguT)2U51.

Sw = UpSuUT

Ywi O
:[leUw2]|: !

0 0

T
U% 1
Uw2

Y1 O
0 0

T
Uy

5= 0i50] = [ O Uiz 1| O
b2

2.4 Range space LDA

In this subsection, we propose another approach to
solve undersampled problems. This method first
transforms the original space by using a basis of
range(.S,,) and then in the transformed space the max-
imization of between-class scatter is pursued. We de-
note shortly this method by RSLDA. Let the EVD of
Sy € R™*™ be

where s; = rank(Sy,), X1 is a diagonal matrix and
Ui € R™*51 We can easily show that range(.S,,) =
span (U, 1) and the transformation by V,, = U,y Z;i 2
projects the original data to range(.S,,). The within-

class scatter matrix S, in the transformed space is
Sw = V'SV, = I,. Let the EVD of S, = V, S,V

be 4]

where s3 = rank(Sy), X1 is a diagonal matrix and
Upp € R**%3. In RSLDA, the optimal transfor-
mation matrix G, is obtained by G, = V,Uy =

Ut St 2T

Sw = UySUTL

w1 O
:[leUw2]|: !

0 0

T
U,L% 1
Uw2

Y1 O
0 0

7T
Uni

5= 0507 = [ O O || o
b2
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3 Weighted versions and weighting
functions

As in [25], S}, can be rewritten as

r—1 r
n;n;
Sp=2_ D —(mi—mg)(mi—m;)".

i=1 j=i+1

From this formulation, it can be observed that clas-
sical LDA maximize the Euclidean distance between
the class means and all class pairs have the same
weights irrespective of their separability in the orig-
inal space, which makes that the resulting transforma-
tion preserve the distance of already well-separated
classes and cause a large overlap of neighboring
classes in the transformed space. In fact, the classes
which are closer together are more likely to have
more confusion and should therefore be more heavily
weighted.

Two similarly motivated solutions to this problem
have been proposed: weighted pairwise Fisher crite-
ria [25] and fractional-step LDA [20]. The fractional-
step LDA is iterative and very time-consuming. In
this section, in order to improve the classification ac-
curacy, we study the weighted versions of generalized
LDA mentioned in Section 2. We define a weighted
between-class scatter matrix as

r—1 r
Sy = B w(dig) (mq — my)(ms — mj)T,

;j;l n J J J

(10)

where d;; = ||m; —m;|| is the Euclidean distance
between the means of class ¢ and j and w(d;;)
is a weighting function. Apparently, the weighted
between-class scatter matrix Sp degenerates to the
conventional between-class scatter matrix .5, if the
weighting function in (10) gives a constant weight
value. If the between-class scatter matrix S is re-
placed by the weighted between-class scatter matrix
Sy, by means of the algorithms obtained in Section 2,
we can get some weighted generalized LDA.

3.1 Weighted generalized LDA

With Algorithms 2.1 and 2.2, we can derive weighted
PILDA and weighted LDA/GSVD algorithms.

Algorithm 3.1. Weighted PILDA

I

2. Compute the weighted between-class scatter ma-
trix Sp;

1. Compute the EVD of S;:

Ya 0 Ut
StZ[UﬂUtz][ - i

0 0| U,
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3. Compute V from the EVD of S, =
ZEI/QUES’IJUHZHUQ Sy = Vfgf‘bVT;

4. Assign the first » — 1 columns of Uy Et_ll/QV to
X5

5. G = Xs;M, where M is any nonsingular matrix.

Algorithm 3.2. Weighted LDA/GSVD

It )

2. Compute the weighted between-class scatter ma-
trix Sp;

1. Compute the EVD of S;:
S 0[] UL
St =[ Un Up ] [ i 7

0 0| UL

3. Compute V from the EVD of S, =
S, PUL S UnS P 8, = VT, VT,

4. Assign the first 7 — 1 columns of UﬂE;ll/QV to
Gh.

From Algorithms 3.1 and 3.2, we can see that
weighted LDA/GSVD is a special case of weighted
PILDA with M being the identity matrix. We will
discuss the affect of the choice of M to classification
accuracy in next section.

Similarly, we can obtain weighted NLDA and
weighted RSLDA.

Algorithm 3.3. Weighted NLDA

1. Compute the EVD of S,,:

Ywi O
Sw:[leUw2]|: 01 0

T
Uw2
2. Compute the weighted between-class scatter ma-
trix Sp;

3. Compute the EVD of S, = UyoUL, Sy UnoUL, -

11

- Y1 0

L [T
SbZ[UblUw][ 0 0 o

U,
4. Go = UyoUL,Uy1.

Algorithm 3.4. Weighted RSLDA

1. Compute the EVD of S,,:
T
Sw == [ le Uw2 ] |: Ewl 0 le

0 0| UL

1E3

2. Compute the weighted between-class scatter ma-
trix Sp;
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3. Compute the EVD of S =
St 2UT, Ui Sy -
Sy 0

4. Gy =UnS 2Oy

3.2 Weighting functions

We can see from [20-21,25] that weighting func-
tions have close relationships with classification accu-
racy. Different weighting functions can product dif-
ferent classification error. Selecting suitable weight-
ing function can increase classification accuracy. In
this paper, we consider four weighted schemes Algo-
rithms 3.1-3.4 with five weighting functions for each
weighted scheme. We apply the Euclidean distance
d;ij = ||m; — m;|| between the means of class i and j
in weighting functions w(d;;). A weighting function
is generally a monotonically decreasing function be-
cause classes that are closer to one another are likely
to have a greater confusion and should be given a
greater weightage.

We first apply two special cases of the weight-
ing function w(d;;) = (d;;)~P proposed by Lotlikar
et al. in [20] with p = 1 and p = 2, and then
an improved version of weighting function w(d;;) =

ﬁeTf(Qd\%) presented by Loog in [25] where the
ij

Mahanalobis distance is replaced by the Euclidean
distance. In addition, according to the feature of
weighting functions mentioned above, we present two
new weighting functions. They are listed below:

w1. w(dij) = (dij)_Q,

d;
wa: w(dij) = QC}% erf(575)
ws: w(dij) = (di'j)_l,
wa: w(diy) = edii
Ws: w(dij) = edlij

4 Experiments and analysis

In this section, in order to explain the effective of
the proposed methods and illustrate the affect of
weighting functions and any nonsingular matrix M
in PILDA and weighted PILDA to classification accu-
racy, we conduct a series of experiments on 5 different
data sets from the AT&T face database [26] and Yale
face database [27].

There are ten different images of 40 distinct sub-
jects in AT&T (or called ORL) face image database.
For some subjects, the images were taken at different
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times, varying the lighting, facial details and facial ex-
pressions. The size of each images is 92 x 112 pixels,
with 256 grey levels per pixel. The Yale face database
contains 165 face images of 15 individuals. There are
11 images per subject, and these 11 images are respec-
tively under the following different facial expression
or configuration: center-light, wearing glasses, happy,
left-light, wearing no glasses, normal, right-light, sad,
sleepy, surprised, and wink. In our experiment, the
images are cropped to a size of 32 x 32, and the gray
level values of all images are rescaled to [0 1]. Some
images of one person are shown in Figure 1.

Figure 1: Images of one person in Yale.

Data sets 1-3 are from Yale face database. Data
set 1 chooses the 201-th dimension to 600-th dimen-
sion, it contains 15 classes and 165 examples with 400
dimensions; data set 2 chooses the 401-th dimension
to 900-th dimension,it contains 15 classes and 165 ex-
amples with 500 dimensions; data set 3 chooses the
800-th dimension to 1024-th dimension, contains 15
classes and 165 examples with 225 dimensions. Data
sets 4-5 are from AT&T face database. Data set 4
chooses the first 150 samples and the first 305 dimen-
sions, it contains 15 classes and 150 examples with
305 dimensions; data set 5 chooses the first 150 sam-
ples and the 333-th dimension to 665-th dimension, it
contains 15 classes and 150 examples with 333 dimen-
sions. For all 5 data sets, the number of data samples
is smaller than the dimension of data space, all scatter
matrices are singular.

In the following experiments, the KNN algorithm
with K = 7 is used as a classifier for all date sets.
For each method, we applied 5-fold cross-validation
to compute the misclassification rate. Experiments are
repeated 5 times to obtain mean prediction misclassi-
fication rate.

4.1 Effect of the matrix M

In this subsection, we study the effect of the matrix
M in PILDA to classification accuracy on five data
sets. We randomly generate 5 matrices for M and
compute the misclassification rates by using the opti-
mal transformation matrices produced in PILDA and
7-NN. The experiment results are listed in Table 1,
where wo: w(d;;) = 1.

From Table 1, we can see that matrix M3 pro-

Volume 13, 2014



WSEAS TRANSACTIONS on MATHEMATICS Jing Yang, Liya Fan, Quansen Sun

Table 1: Misclassification rate (%) on five data sets

kernel w(dsj;) W-PILDA W-LDA/GSVD  W-NLDA  W-RSLDA
M,y Mo M3 My Ms
wo 17.5758  20.6061 13.3333 13.9394 18.1818 16.3636 18.7879 16.9697
w1 18.7879  15.7576 18.7879 15.1515 15.7576 19.3939 16.9697 16.3636
date set 1 wa 15.7576  16.3636 12.7273 18.1818  13.9394 16.9697 13.3333 18.1818
w3 16.9697 17.5758 18.7879 18.7879  13.9394 18.1818 14.5455 18.7879
Wy 17.5758  16.9697 18.7879  20.0000 17.5758 18.1818 20.0000 19.3939
ws 16.9697 15.1515 14.5455 18.1818  13.9394 16.9697 16.3636 18.1818
wo 11.5152  13.3333 13.3333 8.4848  12.1212 14.5455 13.3333 15.1515
w1 10.9091  16.9697 9.6970 13.9394  10.9091 16.3636 10.9091 13.3333
date set 2 w3 10.9091 13.9394 10.9091 13.9394  13.3333 14.5455 10.3030 10.9091
w3 10.9091  13.9394 10.3030 10.9091  10.3030 15.1515 13.3333 13.9394
Wy 10.3030  12.7273 12.1212 12.1212  12.1212 15.1515 12.1212 15.1515
ws 11.5152  16.3636 12.7273 13.9394  12.7273 14.5455 12.1212 14.5455
Wo 41.8182  40.6061 41.8182  38.1818 47.2727 38.7879 38.1818 36.3636
w1 50.3030 43.6364  46.0606  40.0000 40.6061 44.8485 40.0000 38.1818
date set 3 w3 44.2424  46.0606  44.2424  41.8182 41.8182 46.6667 35.7576 34.5455
w3 43.0303 41.2121 43.6364  47.8788  46.0606 45.4545 43.6364 33.9394
Wy 424242 43.6364  46.0606  41.2121 38.7879 44.8485 38.1818 35.1515
W 44.8485 37.5758  43.0303  43.6364 40.6061 44.8485 39.3939 33.9394
Wo 44.6667 55.3333  52.0000  48.6667 50.6667 47.3333 45.3333 42.6667
w1 46.6667 47.3333  52.6667  44.6667 47.3333 43.3333 44.6667 40.6667
date set 4 w2 46.6667 47.3333  52.6667  44.6667 47.3333 43.3333 44.6667 40.6667
w3 51.3333  48.6667  49.3333  42.0000 52.0000 50.0000 46.0000 41.3333
Wy 48.0000 47.3333  51.3333 453333 46.6667 50.0000 45.3333 42.6667
Ws 94.0000 92.0000  93.3333  92.0000  92.0000 96.0000 86.6667 84.0000
Wo 56.6667 64.0000  57.3333  58.6667 54.6667 59.3333 52.0000 38.6667
w1 59.3333  57.3333  58.0000  56.0000 64.6667 57.3333 55.3333 37.3333
date set 5 w3 59.3333  57.3333  58.0000  56.0000 64.6667 57.3333 55.3333 37.3333
w3 59.3333  56.6667  61.3333  58.0000 60.6667 58.6667 52.6667 42.0000
Wy 62.0000 56.0000  60.0000  57.3333  62.6667 59.3333 52.0000 38.6667
W5 96.0000 96.0000  92.6667  91.3333  90.6667 92.0000 93.3333 87.3333
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duces the best classification accuracy for data set 1;
None of the accuracies is higher than matrix My
for data set 2; Matrix M, produces the best clas-
sification accuracy among PILDA, but is not higher
than RSLDA for data set 3; Matrix M; produces the
best classification accuracy among PILDA, but is not
higher than RSLDA for data set 4; Matrix M5 pro-
duces the best classification accuracy among PILDA,
but is not higher than NLDA and RSLDA for data set
5.

4.2 Affect of weighting functions

In this subsection, we study the effect of five weight-
ing functions given in subsection 3.2 to classification
accuracy on five data sets. The experiment results are
listed in Table 1.

miscasscation rate
" 2 "

%
—&—W-PILDA-M1], %
S— W-PILDA-M2

—#+—W-PILDA-M3
—+—W-PILDA-M4
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—F—W-NLDA
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Figure 2: The misclassification rates (%) for Data set
1.

T
—=— W-PILDA-MI
—&— W-PILDA-M2
—+—W-PILDA-M3
e —— W-FILDA-ME
. W-PILDA-ME
/“\ W-LDA/GSVD
&l - —%—W-NLDA //
i 7 —+— W-RSLDA #
1 .
s T — <
2 R 4
L] - 7 d -
i 2_\.‘__ N =
of / \ =

2 3
weighting function

Figure 3: The misclassification rates (%) for Data set
2.

From Figure 2, we can see that the weighting
function wy is better than other weighting functions
for data set 1. Especially, we get the best clas-
sification accuracy 87.2727 for Ms and wy. Fig-
ure 3 shows that the weighting function ws produces
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good overall results for PILDA, the weighting func-
tion we produces good overall results for LDA/GSVD,
NLDA and RSLDA. For data set 3, the weighting
function w4 produces good overall results for PILDA
and LDA/GSVD, the weighting function wy produces
good overall result for NLDA , the weighting func-
tions w3 and ws produce the best results for RSLDA.
For data sets 4 and 5, the weighting function ws
can’t be applied, the weighting functions w; and wo
produce same results. For data set 4 and M7, Mo,
the best weighting functions for LDA/GSVD, NLDA
and RSLDA are w; and we. The weighting function
ws produces the best result for M3 and My. The
best weighting function for M5 is wy. For data set
5 and My, M3, My, the best weighting functions for
LDA/GSVD and RSLDA are w; and wsy. The weight-
ing function ws produces the best results for My and
M5 and NLDA.

5 Conclusion

In this paper, based on Pseudo-inverse LDA,
LDA/GSVD, null space LDA and range space LDA,
we propose weighted Pseudo-inverse LDA, weighted
LDA/GSVD, weighted null space LDA and weighted
range space LDA. Not only can these methods deal
with the singularity problem caused by the undersam-
pled problem, they can also make the criterions di-
rectly related to classification errors. In order to ex-
plain the effective of the proposed methods and illus-
trate the affect of weighting functions and any non-
singular matrix M in PILDA and weighted PILDA to
classification accuracy, we conduct a series of exper-
iments on 5 different data sets from the AT&T face
database and Yale face database. Results show that
different weighting functions and different nonsingu-
lar matrix M affect the classification accuracy of the
proposed methods.
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