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Abstract

When clustering images, the images are typically sampled as nonlinear manifolds. In this case, local learning-based image
clustering models are used. Several proposed clustering models are based on linear discriminant analysis (LDA). In image
clustering based on linear discriminant analysis (LDA), the problem of small-sample-size (SSS) is presented when the
dimensionality of image data is larger than the number of samples. To solve this problem, various image clustering models based
on local learning have been introduced. In the proposed clustering models, we added tuning parameters to deal with the small-
sample-size (SSS) problem arising in linear discriminant analysis (LDA). In this paper, we propose an exponential regularized
discriminant clustering model as an image clustering model based on local learning. In the proposed local exponentially
regularized discriminant clustering (LERDC) model, the local scattering matrices of the regularized discriminant model are
projected into the exponential domain to address the SSS problem of LDA. Compared with previous clustering methods based
on local learning, k-nearest neighbors and regularization parameter A in the local exponentially regularized discriminant
clustering model are the tuning parameters for clustering. The experiments are concluded that the clustering performance of the
proposed LERDC model is comparable to that of the clustering methods based on previous local learning.
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1. Introduction

Cluster analysis is often used to process and classify images
by computer as well as classification of data in various

process high-dimensional data, the dimensionality of data
must be reduced.

scientific fields [1-3].

Image clustering is a method to optimally partition images
so that image data points belonging to the same group are
similar to each other and not to image data points belonging
to other groups.

In many fields, data are generally high dimensional, so to

Linear discriminant analysis (LDA) is a well-known
method for dimensionality reduction.

In [4], a model selection algorithm for PCA+LDA and
RLDA (regularized linear discriminant analysis) is proposed.

Some researchers have used repeated K-means to obtain
clustering labels in LDA and LDA to select the discriminant
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subspace in K-means clustering [5, 6].

In [7], a discriminant K-means (DisKmeans) algorithm is
proposed to solve the trace maximization problem by a simple
iterative procedure.

However, LDA cannot be directly used on high-
dimensional image datasets because of the small-sample-size
(SSS) problem.

Therefore, in [8], discriminant information in the data
matrix was used for linear discriminant analysis.

Suppose that X is an image dataset consisting of » images
from c different classes.

Let us denote the within-class and between-class scattering
matrices by S, and Sp, respectively.

We can obtain the optimal scaled cluster assignment matrix
A* using LDA by solving the maximization problem [8] as
follows

A" =arg mgx tr((SW)_le). 1

In [9], LDA was modified by using the total scattering
matrix S(=S,+Ss) instead of S, in (1).

In image clustering by LDA, if the number of images in an
image dataset is less than the image feature dimension then
the SSS problem often occurs.

Methods to deal with the SSS problem in LDA at the global
level have been proposed in [10-12].

The regularized discriminant analysis (RDA) is presented
in [10], where they added the identity matrix / with
regularization parameter A>0 to make S; non-singular such as
the following

A" = tr((S, + A)7S
argmax r((Sy + A1) " Sp) . ©)

In RDA, S:;and S, are evaluated on a global level for the
entire image dataset X. In [13-18] using the manifold
assumption, researchers have developed various local learning
based clustering methods to efficiently learn nonlinear

manifolds in image data using local neighborhood information.

Ncut (normalized cutting) [16] and K-way Ncut [19] are
well-known clustering methods that perform data clustering
through local learning based on similarity between
neighboring data points.

n [17], based on RDA [10], an image clustering model
using LDMGI (local discriminant models and global
integration) is proposed.

In LDMGI, the local image matrix JX; is made using k-
nearest neighbor images of each image x; in the image dataset
X.

To evaluate the clustering performance of images in the

local image matrix Xj, a local clustering model was considered.

The local clustering model with all the local image matrices
X, i=1, 2,..., n, is set as the following optimization problem.

A* = arg mini tr[AQ.)LjAm], 3)

An o

L = H(XTX, + AD"'H,, @)

where A4, Li , Xi are the local scaled cluster assignment

matrix, local discriminant model and centering matrix for the

local image matrix Xj, respectively. And Xi is expressed by

Xi = Xi{Hy, H =1 —@/K)L 15 e R0* .

To obtain the solution of the cluster assignment matrix, we
used the eigenvalue decomposition method, which obtains a
more discretized binary cluster assignment matrix for each
image data x;, i=1, 2, ..., n of the image dataset X.

Next, comparing (2) and (4), we can see that the
regularization parameter A added in (2) to solve the SSS
problem of LDA on the image dataset X at the global level also
exists in the local discriminant model L;, such as (4), to deal
with the SSS problem of LDA on the local image data X; at the
local level.

In the LDMGI model proposed in [17], the value of 4 was
chosen reasonably for {1078, 107,107, 1072, 10°, 102, 104, 10°,
108} and the number of images k nearest to image x; was set
to 5.

In [20], an EDA (exponential discriminant analysis) is
proposed to map scattering matrices into exponential domain
in LDA.

As shown in [20], the discriminant information of LDA is
not lost even in EDA.

Some researchers have proposed exponential local
discriminant embedding (ELDE) [21] and exponential
discriminant analysis method [22] based on local learning for
face recognition problems.

In this paper, we consider a regularized exponential
discriminant model based on local learning.

In LERDC (local exponential regularized discriminant
clustering) model, the local scattering matrices of regularized
discriminant are mapped onto the exponential domain.

In the proposed LERDC model, the local image matrix X;
for each image x; was constructed including &k (=5) nearest
neighbor images and a local exponential regularized
discriminant model (LERDM) was proposed to perform
clustering for images in the local image matrix X;.

The whole image clustering result was obtained by
summing all the LERDMs for all local image matrices X, i =
1,2,..., n.

In LERDM for image x;, X,

i is the image complement of

X i »and k and A are the clustering parameters in the proposed

local exponential regularized discriminant clustering model.
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The clustering performance of the proposed LERDC model
is comparable to known clustering models (Ncut [19], SEC
[18] and LDMGI [17]).

Experimental results using 10 image databases showed that
the proposed LERDC model can compare clustering
performance with the LDMGI model.

The proposed LERDC model is based on EDA.

The proposed LERDC model is evaluated to be able to
compare clustering performance with the currently known
local learning-based clustering methods.

The rest of this paper is organized as follows.

In Section 2 of the paper, we give the mathematical
formulation of the LERDC model.

In Section 3, the proposed LERDC model is compared with
the existing clustering method. The experimental results are
presented in Section 4. The conclusions for the proposed
LERDC are given in Section 5.

2. LERDC Model

In this section, we describe the proposed local exponential
regularized discriminant clustering (LERDC) model for image
clustering.

Let N be a set of n images and X = {xi, x2, ..., x,} €R™" be
the image data matrix, where x;eR™, I =1, 2,..., n is the ith
image data and m is the feature dimension of image data x;.

For image data matrix X, the total scattering matrix S; and
the between-class scattering matrix S, are

S, = Zi”zl(xi —X)(% %) = XXT,

Sp= Y (% -0 -X)T =X2ZTXT,

X :XHn, Hn = I _(1/n)1n1-|r; emnxn,
ln :(1’1"“11)1— Emn, Hn = HI :Han

where X is the centralization matrix of the image data

matrix X, X, is the average of images belonging to the ith

class, and X is the average of n images belonging to the
image dataset . Image clustering is to partition » images into
d clusters {D;, j=1, 2, ..., d} of similar images. Let Y=[yi,
V2, -y va]"€{0, 1377 be the cluster assignment matrix, where
y:€{0, 1}*! is a cluster assignment column vector whose
image x; belongs to the jth cluster, while the jth element of y;
is 1 and otherwise 0.

By [19], the scaled cluster assignment matrix ZeR™ is
given by

Z=[z,25, 2,1 =Y(YTY) V2, (5

where z; is the scaled cluster assignment vector as follows

T
1 1
I = 05’”505 2T 505”750
/ A le A n'j
) (6)
j-1 d
Z?’li Hj Z?’Ii
i=1 i=j+1

Here n; is the number of images in the jth cluster {D;, j=1,2, ...,
d}.
In (5), we see that YTY is a diagonal matrix and

ZTZ=( YTY)JIZ YT Y( YTY)J/Z:[ (7)

From [6], the optimal scaled cluster assignment matrix Z* can
be write as

Z* = argmaxtr((exp(S; + /! N lexp(Sy)).  (8)

Using (7), the maximization problem of (8) can be replaced
by the minimization problem as follows

Z*=argmin t{Z 7 Z — ((exp(S; + A1) L exp(Sp))}. (9)

The manifold learning algorithms [13, 14] and clustering
algorithms [16-18] demonstrated that using local geometric
properties is beneficial to recover the intrinsic manifold
structure of data in manifold learning. Considering that the
structure of the local manifold in [14] is mostly linear, it can
be considered that the local image cluster Ny(xi) for each
image x; consists of £ images including image x; and its nearest
k-1 neighbor images.

Let the index set of images belonging to the set of local
images Ni(x;) for image x; be F={iy, i1, i2, ..
the local image data matrix of
Xi =%, %, % )

o X

The total scattering matrix and the between-class scattering
matrix for the local image data matrix X; can be defined as
follows

oy -1}, L0=1, and
Ni(xi)) be

X1

=X iT, Sb(i) :Xiz(i)Z(Ti)XiT>

S
L)

where Z; is the local scaled cluster assignment matrix
obtained from matrix Z as follows

T
In (10) elements of G;e{0, 1}™* is the selection matrix

with its elements (Gi)y=1 if p=Fi{q}; (Gi)ps=0, otherwise and
Z;eR¥ . p is the index of image data and ¢ is the index of the
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image data which belong to the set of local images Ni(x;).
The jth column of the matrix Z is equal to

T
Z(J;) = O;'“)O) ! s T ! )O)'“:O
Jj-1 d
> my m; > m;
=1 ’ r=j+1

where M; , =1, 2, ..., d be the number of images belonging
to the rth cluster in the set of local images N(x;). As in [17],
imposing a regular term tr(Z (Ti) HyZg)) to control the

power of LERDC, the objective function for the ith local
image matrix X; can be written as follows

arg r?in tr{Z(Ti) HeZg - ((exp(Stm + Al ))‘1 exp(Sb(i) N} (12)
(i)

Using define and property of matrix exponential, we have
. T
arg r?(ll? tr{Z(,) H kz(i) — eXp(—(St(i) + Al ) + Sb(i) )}
(13)

Also, substituting values for S, and Sb(i) in (13), we

LO)
obtain

argn;in tr{Z(Ti)HkZ(i) —exp(- (X XT +/1I)+X Z )} (14)

(0]

It has been shown in [23] that for any square matrix U, its
exponential exp(U) is finite and there is also an inverse

(exp(U))*=exp(-V).

Using Jordan matrix decomposition in [24], the square
matrix U is decomposed into

U=wJiw =,

where U and J are similar matrices, J is a matrix of Jordan
canonical form and W is the matrix inverse of W. We can
write from the above relation: J=W 'UW. Thus, we can see
that

exp(J) = exp(W uw) =w L exp(U)W .

Lemma [22]: Let U = X; X[ + A1,V = X,Z{,Z{ X

and U,V

are the image complements of matrices U and V,

—U+V=-UV

By the Lemma, (14) can be written as follows

respectively. Then we have

arg ryintr{Z(Ti)HkZ(i)—exp( (x X; +/u)x ZiZ{HX )} (15)
(0]

where Xi is the image complement of Xi

[25].

Theorem 1: Let matrix 4 is dxn dimension and B is nxd
dimension. Then tr(4B)=tr(BA)

Proof:

tr(AB) = Y [ABJ;; = > AxBsi = D" > ahy = D > by
i i K ki
= ByxAy = Y [BAly =1tr(BA)
k K

obtained using

Let A= (X, X + Al )XiZ; and B= Z(Ti) X from
theorem 1. Then we show that (15) can be circularly shifted as
follows

arg mln tr{Z(,)H Zg) —exp( )? ()i(, Z

(16) is as following
arg r}"n tr{Z(T)HkZ(,) —exp(—Za-)()?,T)z +ll);|‘r§|2(l))}a (17)
(i)

because A(ATA+Al)=(44™+A1)A4 for any matrix A.
Theorem 2: The optimization problem of (17) is equivalent
to the following cost function

~(XT
(X7

X, +A)XTX,
X; +

arg mintr{ Z )| H, exp isd
i

Z(i)

H |Zgt (18)

We can simply prove by using the proof method of theorem
6 in [22].
Using Theorem 2, we can write (18) as follows

arg r?(l? trZLer 2], (19)

where

(XX +AXTX
H()ZI)Zi +A|)>ZI>ZiH

Ler, = H exp Ho  (20)
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is the LERDM (local exponential regularized discriminant
model) for the image x;.

In (20), the dimensions of )Zi and )? IT )Zi are dxk and
kxk, respectively. Also, as in [17, 18], the number of nearest
neighbor images & is set to 5. Thus, LERi ,i=1,2, ..., nis the
k> k matrix which is computationally not extensive.

To obtain the optimal Z, the following objective function
was obtained by summing all the local exponential regularized

discriminant model (LERDM) Lgg, ,i=1,2, ..., n:

n
arg rg(i_?Ztr[Z(Ti) Len Z(i)], 1)
i

From (10), we have
n
argmzintr ZT[ZG(i)LERiG(Ti)JZ :
i
Let

n
Ler = DGy Ler, G()
i=1
Ler, (22)
=[G, Gy, -+, Gp] [G1, Gy, -+, Gy]"

Ler,
The objective function of LERDC becomes

argmin tZ " L Z] 23)
z

As proved in [17], the matrix defined in (22) is a Laplacian
operator matrix. However, the objective function for the local
exponentially regularized discriminant clustering using
regularized discriminant with two constraints Z=Y(YY) 2
and Z7Z=I for Z can be written as

argmintr[Z " LgrZ]
z (24)
st.Z=YYTY)? and 2Tz =1

Since the scaling cluster assignment matrix Z of the
objective function in (24) is constrained by Z=Y(Y'Y)'?,
removing this constraint from [26] and relaxing Z in the
continuous range, the objective function can be written as

argmintr(Z" LggZ) |
2"z

To solve such optimization problems,
decomposition method is used.

eigenvalue

Lerwi= Jiw; (25)
where Ag<A1<Ao<, ...., <An-1 are the eigenvalues and w;, i=0,
1, ..., n—1 are the corresponding eigenvectors. Eliminating the
trivial solutions with 40=0 and wo=1,, we have the optimal
scaled cluster allocation matrix Z* as follows

Z*=[w1, 2, ..., Wa_1, W] (26)

We define the mapping to cluster allocation matrix Y* from
the scaled cluster assignment matrix Z* as

Y =2z =Diag(z"z ") V22" (7

Then, by solving the following optimization problem

. 2
ar min -Y*R
gYEBnXd,REded IY || (28)
s.t. Y1y =1,, RTR=1

using spectral rotation [19], we obtain the cluster allocation
matrix YEB™ and the rotation matrix R simultaneously. We
summarize our proposed LERDC model in Algorithm 1.

Algorithm 1

Procedure Y=LERDC(X)

1) For each image x;, we construct a set of local images
N(xi), &=5, i=1, ..., n and obtain the image data matrix
Xi.

2) Using [25], we obtain the image complement X i of
)ZI ,Where )ZI = XIHk’
3) Compute LERi ,i=1,2, ..., naccording to (20);

4) Compute Lgr using (22);

5) To obtain the optimal Z*=[w:, w2, ..., W41, ®4], We
solve the eigenvalue decomposition problem in (25).
The solution w¢=1, corresponding to the eigenvalue
A0=0 is eliminated;

6) Compute Y* by (27) and solve the optimization problem
(28) using spectral rotation [19].

3. Comparison with Previous Clustering
Models

To compare the optimization problem for the LERDC
model presented in this paper, we briefly describe the
optimization problem for the local learning-based clustering
models proposed in the previous Ncut [19], SEC [18], and
LDMGI [17].
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3.1. Normalized Cut

In NCut [16],

L=1-DY2gpV2 (29)

is a Laplace matrix, where D is a diagonal matrix with the
. n .
diagonal elements Dj; = Zj:lGij for i=1,...,nand G is a

graph affinity matrix computed with the Gaussian function

2
s -l
exp| —

G = o’

X; and X; arek —nearestneighbours .

0 otherwise

The k- nearest neighbors and the bandwidth ¢ are the
clustering parameters.

3.2. SEC (Spectral Embedded Clustering)

In [18], the SEC model becomes the following optimization
problem.

argmintr [AT (Zi":l L+l )A]
where
Ly =Hp—(XT(XXT +74))7X (30)
and
Li =H =T OGXT +A) X . (D)

The k-nearest neighbors and the regularization parameters
w1 and y are the clustering parameters.

Table 1. Clustering parameters in clustering models.

Clustering Models Clustering parameters
NCut [19] k,o

SEC [18] k,y, 1

LDMGI [17] k, A

proposed LERDC k, A

3.3. LDMGI (Local Discriminant Model and
Global Integration)

The LDMGI clustering model proposed in [17] is the
following optimization problem

- 7 < T
arg mAlnt{A {ZSiLiSi JA},

i=1

where S; is the selection matrix such as (10) and Z; is the same
as (4). The clustering parameters are k-nearest neighbors and
the regularization parameter A.

As shown in Table 1, compared with previous clustering
methods [17-19], we also find that the number of nearest
neighbor images k is a clustering parameter in the proposed
LERDC model.

In this study, we show in (2) that the clustering parameter
A involved to deal with the SSS problem of LDA is a
restriction. Also, when we carefully compare (30) and (31)
with (4), we see that the objective of the regularization
parameter y is equal to 4.

Total clustering parameters

NN W N

In the SEC model, parameter y was included because of the
singularity problem in the scattering matrices for high-
dimensional image datasets.

4. Experiment

We compare the performance of the proposed LERDC
model with K-means, NCut [19], SEC [18], and LDMGI
[17] clustering models using twelve benchmark image
datasets.

A comparative study about the performances of all
clustering models is performed by clustering accuracy (ACC)
and normalized mutual information (NMI) performance
measures.

The initialization [19] is affected to the results for all
clustering algorithms.

In order to reduce statistical variation, the random
initialization was repeated 20 times during the simulation.

The average of the results of repeated runs for each
clustering model is estimated by ACC =+ std and NMI + std,
where std is the standard deviation from the mean.
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The clustering performance is the best when ACC and NMI
are the best in 20 runs.

4.1. Image Dataset

To evaluate the performance of the new image clustering
model, we used 10 870 samples from 10 benchmark image
datasets.

We used 20 objects from the Caltech101 image database [27]
containing an image of objects belonging to 101 classes with
40 ~ 800 images per class.

The Caltech faces dataset [28] involves 450 face images for
27 people under different lighting, expressions and
backgrounds, where 380 face images for 19 people were used.

The COIL-20 database has 1 200 images for 20 objects,
each consisting of 60 images captured from different views
[29].

Corel database [31] divided the images from [30] into 80
concept groups, where 20 concept groups were used, such as
aircraft, car, doll, flag, boat, steam engine and train, according

to the category of objects.

The JAFFE database used 150 images of different facial
expressions of 10 female models [32].

The MPEG7 shape image database [33, 34] used 540
images aligned by geometric transformation using [25].

The ORL image database [35] contains 400 images of different
time, facial expression and face detail for 40 distinct subjects.

The Pointing 04 face database contains images of 15 people
covering a wide range of poses with various skin colors, with
or without glasses [36].

The Scenes image database includes forest, mountain and
city centers, which are composed of eight different categories
for both urban and natural [37].

The Yalefaces database contains 150 images of 15 subjects
with different facial expressions and illumination conditions
and there are 10 images per subject [38].

In Table 2, detailed descriptions of sample size, the number
of classes, original image size and feature dimension for each
image dataset are given.

Table 2. Description of image datasets and image feature dimension.

Dataset Sample size Image size
Caltech101 1 000 260x300
Caltech faces 380 896x592
COIL-20 1200 256x256
COREL 2 400 120x80
JAFFE 150 256x256
MPEG7 540 300x250
ORL 400 112x92
Pointing04 2250 384x288
Scenes 2 400 256x256
Yelefaces 150 320%243

4.2. Performance Evaluation of LERDC

In this paper, we used clustering accuracy (ACC) and NMI
to evaluate the performance of the classification method.

4.2.1. Clustering Accuracy (ACC)

For the ith image, let g; be the result of clustering by
clustering algorithm and p; be the ground truth label. The ACC
is defined as follows

Feature dimension Class number

1200 20
2072 19
1024 20
1 600 20
676 10
200 30
644 40
1120 15
676 8

1024 15

. > 8(pi map(a;))
n

AC (32)

where 7 is the total number of images, map(g;) is the optimal
mapping function that permutes clustering labels to match the
ground truth labels, and 6 (p, ¢) =1 if p=gq.

Using the Kuhn-Munkres algorithm [39], we obtain the
optimal mapping. The larger ACC indicates better clustering
performance.

However, when the number of classes in the image dataset
is large, it is tedious to compute the ACC using the Kuhn-
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Munkres algorithm [39].

Zhu et al. improved the Kuhn-Munkres algorithm by
choosing a reasonable size of permutation in class labels to
maximize ACC [40].

4.2.2. Normalized Mutual Information (NMI)

Another widely used measure to evaluate clustering results
is NMLI. For two arbitrary variables S and 7, NMI is defined as
follows

1(S,T)

VHE)H()

where I(S, T) represents the mutual information between S and
T.

H(S) and H(T) are the entropies of S and 7, respectively. It
is obvious that NMI (S, T) is 1 if S is identical to 7, and 0 if S
is not similar to 7.

Let # be the total samples in the Ath ground truth class
(1<h<d) and t,, be the number of samples in cluster D,,(1<m<d)
obtained by using the clustering algorithms.

NMI is defined as

NMI(S,T) = (33)

Zszlz?nzlth,m log(n- tm,h/thtm)
\/ (Zszlth log(tn / ”))(Z?nzltm log(t,/ n)j

NMI =

(34

where #;,, is the number of samples belonging to both the Ath
ground truth class and the cluster D,,. When the NMI is large,
the clustering results are good.

4.3. Discussion About Clustering Parameters

For comparison with all clustering models, we have £ =5
asin[17, 18].

The optimal value of ¢ and A were determined from the set
{107%,107°, 1074, 1072, 10°, 102, 10%, 10°, 10} asin [17]. Also,
with y= 1, the optimal value of y was determined from the set
{107%,107%, 1074, 1072, 10°, 10%, 104, 105, 10%}.

In the clustering models based on local learning, the
parameter k affects the clustering performance [17].

For most image data sets, we observed that the optimal
value of parameter & in the proposed LERDC model from the
set{2,3,4,5,6,7,8,10 } is 5.

In [41], the neighborhood size k£ was defined from the set
{5, 10, 20, 50, 100}.

Table 3. Performance comparison of proposed LERDC with previous clustering models (best ACC and mean ACC=std).

best ACC mean ACCxstd

Dataset NCut SEC LDMGI NCut LDMGI

K-meas [19] (18] [17] LERDC K-means [19] SEC [18] [17] LERDC
JAFFE 83.2 95.8 96.0 96.8 97.5 75.846.2  94.840.8  95.0+0.6  95.8+0.6  96.8+0.4
COIL-20 66.9 83.1 81.2 84.3 86.4 62.0£3.5  82.2+0.7  78.8+1.2  83.5+t04  85.4+0.5
ORL 73.3 78.6 82.9 823 83.4 67.1#4.0  77.5£1.0  82.0+0.6  81.6+0.3  82.7+0.3
Pointing04 52.8 64.7 65.0 67.0 69.2 49.3+32  63.8+0.4  63.2+0.8  65.3+1.2  68.3+0.7
Yalefaces 60.7 70.5 73.7 66.7 68.4 564+4.0  69.7+0.5 732403  65.5£0.8  67.2+0.4
MPEG7 72.0 68.7 73.6 67.9 70.6 66.7£3.4  67.2+1.0  72.840.5 65.8+1.5  69.8+0.5
COREL 374 36.0 353 38.6 383 34.8+2.1 34.8+0.7 34.6£04 37.4+1.0 37.840.3
Caltech faces  26.8 28.0 26.9 279 28.8 25.0£1.2  26.840.5 26.4+03  27.2+0.3  28.0+0.4
Scenes 25.7 249 272 27.1 26.3 23.8+2.4  242+04  259+04  26.5+03  25.8404
Caltech101 18.3 17.5 18.3 19.2 19.5 16.9+1.3  16.5£0.7 17.8+0.2  18.6+0.5  19.0+0.3
Overall mean  51.7 56.8 58.0 57.8 58.8 47.843.1 55.8+0.6  57.0£0.5 56.7+0.7 58.1+0.4
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Table 4. Performance comparison of proposed LERDC with previous clustering models (best NMI and mean NMI + std).

best NMI mean NMI+std

Dataset NCut SEC LDMGI NCut LDMGI

K-meas [19] (18] [17] LERDC K-means [19] SEC [18] [17] LERDC
JAFFE 90.8 95.4 95.7 96.5 97.8 853427 94305 949403  956+0.8  96.7+0.6
COIL-20 80.2 90.3 87.6 95.2 95.8 76.8+1.5 89208  87.040.4 94.8402 95302
ORL 87.3 89.6 93.1 93.7 94.3 845409 877405 925403  92.8+04  93.5+0.3
Pointingd4  53.5 78.3 745 80.4 81.2 51.841.5  77.540.4 735403  78.7%0.6  79.8+0.5
Yalefaces 67.2 72.7 73.4 72.8 72.7 652418 713207 728403 71.840.8  71.5+0.3
MPEG7 86.1 86.7 87.8 86.5 87.6 837413 85805 863+0.7 8530.5  86.5+0.5
COREL 412 39.8 39.4 418 425 39.740.6  38.6£0.5 384405 40408  41.3£0.6
Caltech faces  31.7 35.6 36.8 35.1 36.4 303412 34310 355508 345404 35207
Scenes 8.9 10.6 11.2 13.6 132 8502 101203 105405 129303  12.4£0.6
Caltech101  21.3 19.8 203 20.1 20.4 18541.0  189+0.6 19.120.6 197402  19.5+0.4
22:1311 56.8 61.9 62.0 63.6 64.2 54.4+13 608405 611404  62.6£0.5  63.2+0.4

points.

4.4. Performance Comparison

Tables 3 and 4 shows the image clustering performances of
K-means, Ncut [19], SEC [18], LDMGI [17] and proposed
LERDC models.

The LERDC model achieved a comparable clustering
performance as that of the near competitors Ncut [19], SEC
[18] and LDMGI [17] by means of ACC and Ncut [19],
LDMGI [18] in terms of NMI.

Overall performance of Ncut [19], SEC [18], LDMGI [17]
and proposed LERDC is 55.8%, 57%, 56.7% and 58.1% in
terms of mean ACC, 60.8%, 61.1%, 62.6% and 63.2% by
mean NMI.

The overall cluster performance of the proposed LERDC
model is comparable to that of the previous LDMGI model.

However, on image datasets such as Scenes, Caltechl101,
and Caltech faces, it is shown that the performance of all
clustering models is not optimal.

In this study, all clustering models used image features
based on pixel intensity values.

The image features were obtained using linear interpolation
to adjust the size of the original images as shown in [17].

To improve the clustering performance on these challenging
image datasets, we used an optimization image descriptor [42].

The clustering result for Pointing 04 in our work is different
from that reported in [17] because the 1120-dimensional
feature vector is not normalized.

We also used [25] to align images in the MPEG7 shape
image database by geometric transformation from control pair

In the proposed LERDC model, we also studied the effect
of rescaling after normalization of the exponential regularized
matrix.

We rescaled the matrix obtained from

o (X1 R+ RIT, (e %, - RIR

in (20) by multiplying it with Frobenius norm of
()ZJ X +/u)>?ﬁ X, .

The experimental results show that after normalization, the
effect of rescaling is not significant, and comparable
clustering results were observed without rescaling the
exponential regularized matrix after normalization.

We now discuss how and when the proposed LERDC model
performs better as compared with the near competitor LDMGI
clustering model [17].

Theoretically, these two clustering models utilized the
discriminant performance of LDA at local level.

The LDMGTI is based on RDA [10] whereas the proposed
LERDC is based on EDA [20].

In [20], it was shown that the discriminant information of
LDA is not lost even in EDA.

Thus, in the proposed LERDC model, discriminant
performance of LDA is not decreased.

Furthermore, even if we project the scatter matrices into an
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exponential region, there is no significant change in the
discriminant information of LDA.

That is why the LERDC can compare clustering
performance with the LDMGI model.

As shown in Table 1, the proposed LERDC is a local
learning-based clustering model with parameters such as the
LDMGI clustering model [17], when compared with previous
local learning-based clustering methods [17-19].

4.5. Performance Variation of Previous
Clustering Models

In this study, the optimal value of the clustering parameters
4, y, o were selected from the set {1078, 1076, 1074, 1072, 10°,
102,104, 10°, 108} asin [17].

Therefore, a total of nine observations for each image
database are made in the previous clustering models (Ncut
[19], SEC [18] and LDMGI [17]).

Tuning of clustering parameters for optimal clustering
performance in all previous clustering models [17-19] is
required for each image database.

However, in contrast, such tuning is not required in the
proposed LERDC clustering model.

5. Conclusion

We propose LERDC as a new local learning-based image
clustering model.

In the LERDC model, the local scatter matrices in RDA are
projected into the exponential domain.

Therefore, the small sample size problem of LDA is treated
at the local level with the local scatter matrix added
regularization parameter.

In the proposed LERDC model, k-nearest neighbors and 4
is the clustering parameter as compared with existing local
learning based clustering approaches.

Experimental results on ten reference image databases
show that the proposed LERDC model is able to compare
clustering performance with the RDA-based nearby
competitor LDMGI model [17].

The clustering performance is comparable because the
discriminant information of LDA is not lost even if the scatter
matrix is projected onto the exponential domain.

We conclude that the proposed LERDC model is able to
compare clustering performance with the same parameters as
existing local learning based clustering methods.

In the future, we will investigate how to determine the
optimal parameters and the appropriate discriminative image
feature extraction methods to improve the -clustering
performance, together with using global information in
addition to local information to effectively learn nonlinear
manifolds in image data.
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Abbreviations

ACC Accuracy

DisKmeans  Discriminant K-means

EDA Exponential Discriminant Analysis

ELDE Exponential Local Discriminant
Embedding

LERDC Local Exponential Regularized
Discriminant Clustering

LERDM Local Exponential Regularized
Discriminant Model

LDA Linear Discriminant Analysis

LDMGI Local Discriminant Models and Global
Integration

Ncut Normalized Cutting

NMI Normalized Mutual Information

PCA Principal Components Analysis

RDA Regularized Discriminant Analysis

RLDA Regularized Linear Discriminant
Analysis

SEC Spectral Embedded Clustering

SSS Small-sample-size

std Standard Deviation
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