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ABSTRACT

This thesis presents the clustering of the multi-channels image by using the PCA-FCM
technique. The PCA-FCM clustering technique is combining between the PCA (Principal
Components Analysis) data reduction and the FCM (Fuzzy C-Means) clustering.

The FCM is the high efficient clustering method. It is the iteration process and requires a
large processing time. The muilti-channel images are very useful for many fields of science and
are normally the large data volume and high dimension. So, the multi-channels image clustering
is very interesting problem but it's not convenience about its requires the large time process. The
solution on this problem is reduction the data of multi-channels image using the PCA
transformation.

The PCA is a transform that retains the significant of the image information while the
data volume is reduced. So the result image, such as the remote sensing images and the magnetic
resonance of brain images after clustering by the PCA-FCM technique gives closely the same
quality, the shorter processing time, the less required memory while compared with the FCM

clustering.
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MIUUINGUMNMUUTaRT ULl aalfinalia PCA-FCM

Multi-Channel Images Clustering Using PCA-FCM Technique

7T UM NOUYY 1AM Y
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Abstract
This paper proposes the multi-channel images clustering by using the PCA (Principal Components Analysis) to
decrease the data sets of the multi-channel images combining with the FCM (Fuzzy C-Mean) clustering, so called

the PCA-FCM clustering technique. The PCA is a transform that retains the significant of the image information while the
data volume is reduced. So the result image, such as the remote sensing images and the magnetic resonance of brain images after
clustering by the PCA-FCM technique gives closely the same quality, the shorter processing time, the less required memory while

compared with the FCM clustering,
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%Script Ele MrDemo M rssssssro s oo nmu o nn s

% Parameter
Cluster = 2;

T1File="30t1"; T2File='30t2";PdFile='30t3";

Option(1) =2; % m
Option(2) = 1000 ; % Max Iterations
Option(3) = 1e-2 ; % Min improvement

Option(4) = 1 ; % Show Information

disp(sprintf("\nExperiment by Somijit Nédee'));

disp(sprintf("\nFile Name:%s %s %s',char(T 1File),char(T2File),char(PdFile)));

disp(sprintf(\nCluster ; %d',Cluster));

[T1,72,Pd,GreyMap] = LoadFile(T 1File, T2File,PdFile);
U = initfem(Cluster;size(T1(:),1)); % Initial fuzzy partition
[Row,Col] = size(T1),

Xin=[T1C). T2y Pd() )

% T1 T2'Pd FCM Experiment
disp(sprintf(\m\nT 1T2Pd FCM Experiment’));
[HO_F,FO_F,I_F,|_F,Rx] = FCMClus{Xin,[T1(:)
T2(:)],Option,IU,Cluster, Row;Cel,'FTiger');

%PCA-FCM Experiment
disp(sprintf("\nPCA-FCM Experiment));
Option2 = Option(2);

vv = SaveComp(Xin,GreyMap.Row, Col);
full = ww(1) + w(2) + w(3);

Option(2) = round(Rx + Rx*0.5);

[HO_PF,FO_PF,T_PF,|_PF] = PCAFCM(Xin,2,0Option,IU,Cluster,Row,Col,'PFTiger');
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disp(sprintf('\nResult"));

disp(sprintf("\nFCM Experiment Result));

disp(sprintf(\n
disp(sprintf(\n

disp(sprintf(\n

Hard Objective Function : %0.5g'\HO_F));
Fuzzy Objective Function : %0.5g',FO_F));
Estimated Time = %0.5g',T_F));

disp(sprintf("\nPCA-FCM Experiment Result’));

disp(sprintf(\n\n"vw(1)/Full = %0.5g\n wi(2)/Full =%0.5g\n w(8)/Full =
%0.5g\n’, w1 Jfull, v (2)/Fall ww(3)/fulh));

disp(sprintf(\n
disp(sprintf('\n
disp(sprintf(\n

Hard Objective Function : %0.59,HO_PE));
Fuzzy Objective Function ! %0.5g',FO_PF));
Estimated Time = %0.5g", T_PF));

disp(sprintf(\nComparative Resuilt'));

disp(sprintf('\n
disp{sprintf(\n
disp(sprintf(\n
disp(sprintf(\n

Hard Obj Dif = %0.5g",(100/HO_F)*(HO_PF-HO_F)));
FCM-Obj Dif = %0.5¢',(100/FO_F)*(FO_PF-FO_F)))%
Time Dif = %0.5g".(100/T_F)*(T_PF-T_F)));

PixelMatch = %0.5g".(sum(i-PF==I_F))/length(l_PF)));

disp(sprintf(\nYippy , The Experimentis over'));

function U = initfcm(cluster_n, data®n)

%INITFCM Generate initial fuzzy partition matrix for fuzzy c-means clustering.

%
%
%
%
%
%

U = INITFCM(CLUSTER_N, DATA_N) randomly generates a fuzzy partition
matrix U that is CLUSTER_N by DATA_N, where CLUSTER_N is number of
clusters and DATA_N is number of data points. The summation of each
column of the generated U is equal to unity, as required by fuzzy

c-means clustering.
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%  See also DISTFCM, FCMDEMO, IRISFCM, STEPFCM, and FCM.

% Roger Jang, 12-1-94.
% Copyright (c) 1994-95 by The MathWorks, Inc.
%  $Revision: 1.4 $ $Date: 1995/02/17 13:08:10

U = rand(cluster_n, data_n);

col_sum = sum(U);

U = U./eol_sum(ones(cluster_n, 1), 1),

function [HO,FO,Time, FI,R] = EGMClus(Xin,Xi,Option, W, Cluster,Row,Col, SaveName)
t0 = clock;

[center, U, obj.fcn) = femU(Xi,Cluster,Qption,|U};

[MaxU,Fl] = max(U);

Fl = FI;

UU = (ones(Cluster,1)* Maxu)== U;

Time = etime(clock;10);

[SegCenter, HO] = objective(Xin,UU,1);
[SegCenter, FO] = objective(Xin,U,Option(1));

FI = ArSeg(Xin(:,1),FI);
Output = reshape(F!,Row,Col);

Map = GetClustMap(Cluster);
savebmp(SaveName,Output,Map);
R = length(obj_fcn);

function [HO,FO,Time,l] =
PCAFCM(Xin,CompNum,Option,IU,Cluster,Row,Col, SaveName)
t0 = clock;

[Cx,Mx,e,v,A.Y,v,Mxx] = PCA(Xin);

[center, U, obj_fcn] = femU(Y(:,1:CompNum),Cluster, Option, IU);
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[MaxU,1] = max(U); % Both MaxU and | are the row vector.

=1

UU = (ones(Cluster,1)* MaxU)== U;

Time = etime(clock,t0);

[SegCenter, HO] = objective(Xin,UU,1);
[SegCenter, FO] = objective(Xin, U,Option(1));
| = ArSeg(Xin(:,1),1);

Qutput = reshape(l,Row,Col);

Map = GetClustMap(Cluster);
savebmp(SaveName, Qutput;Map);

% Like FCM but No Intilize Fuzzy Partition

function [center, U, obj_fcn] = fcmU(data, cluster_n, options,U)

% FCM Find clusters with fuzzy c-means clustering.

% [CENTER, U, OBJ_FCN] = FCM(DATA, CLUSTER_N) applies fuzzy c-means

% clustering method to.a given data set. Input and output arguments of

% this function are:

%

% DATA: data set to be clustered; where sach.rowis a sample data
Y% CLUSTER.N: number of clusters (greater than one)

% CENTER: final cluster centers; whereeach row is'a center

% U: final fuzzy partition matrix (or-MF matrix)

% OBJ_FCN: values of the objective function'during iterations

%

% FCM(DATA, CLUSTER_N, OPTIONS) use an additional argument CPTIONS
to

% control clustering parameters, stopping criteria, and/or iteration

% info display:

%

% OPTIONS(1): exponent for the partition matrix U (default: 2.0)

% OPTIONS(2): max. number of iterations (default: 100)



%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%

%

%
%
%

OPTIONS(3): min. amount of improvement (default: 1e-5)

OPTIONS(4): info display during iteration (default: 1)

If any entry of OPTIONS is NaN (not a number), the default value is
used instead. The clustering process stops when the max. number of
iteration is reached, or when the objective function improvement
between two consecutive iteration is less than the min. amount of

improvement specified.

For example:

data =rand(100, 2);

[center, U, obj_fen] = fem(data, 2);

plot(data(:, 1), data(:, 2), 'o);

maxU = max(U);

index1.= find(U(1, ;) == maxl);

index2 = find(U(2, :) =='maxu);

line(data(index1, 1), data(index1, 2), linestyle', '™, ‘color’, ‘g
line(data(index2, 1), data(index2, 2), ‘linestyle", ™', 'color’, 'r");

See also FCMDEMO, INITFCM, IRISFCM, DISTFCM, and STERFCM.
Roger Jang, 12-13-94.

Copyright (c) 1994-95 by The MathWorks, Inc.
$Revision: 1.4 § $Date: 1995/02/17 13:08:10 8

data_n = size(data, 1);

in_n = size(data, 2);

expo = options(1), % Exponent for U

max_iter = options(2); % Max. iteration

min_impro = options(3);

display = options(4);

% Min. improvement

% Display info or not

obj_fcn = zeros(max_iter, 1); % Array for objective function
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%U = initfcm(cluster_n, data_n); % Initial fuzzy partition
% Main loop
fori= 1:max_iter,
[U, center, obj_fcn(i)] = stepfem(data, U, cluster_n, expo);
if display,
fprintf(’lteration count = %d, obj. fen = %An', i, obj_fen());
end
% check termination condition
ifi>1,
if abs(obj_fcn(i) - obj_fen(i-1)) < min_impro, break;.end,
end

end

iter_n =1i; % Actual number of iterations

obj_fen(iter_n+1:max_iter) = [1

function [U_new, center, obj_fcn] = stepfcm(data, U, cluster_n, expo)
%STEPFCM One step in fuzzy c-mean clustering.
% [U_NEW, CENTER, ERR] = STEPFCM(DATA, U, CLUSTER.N, EXPQ)

% performs one iteration of fuzzy c-mean clustering, where

%

% DATA: matrix of data to be clustered. (Each row is a data point.)
% U: partition matrix. (U(,}) is the MF value of data | in‘cluster i.)
% CLUSTER_N: number of clusters.

% EXPO: exponent (= 1) for the partition matrix.

% U_NEW: new partition.matrix.

% CENTER: center of clusters. (Each row.is-acenter.)

% ERR: objective function for parititon U.

%

Yo Note that the situation of "singularity” (one of the data points is
% exactly the same as one of the cluster centers) is not checked.
% However, it hardly occurs in practice.

%
% See also DISTFCM, INITFCM, IRISFCM, FCMDEMO, and FCM.



% Roger Jang, 11-22-94.
%  Copyright (c) 1994-95 by The MathWorks, Inc.
% $Revision: 1.5 $ $Date: 1995/02/17 13:08:10 $

mf = U."expo; % MF matrix after exponential modification
center = mf*data./((cnes(size(data, 2), 1)*sum(mf'))’); % new center
dist = distfcm(center, data); % fill the distance matrix
obj_fcn = sum(sum((dist. ~2).*mf)); % objective function

tmp = dist. "~ (-2/(expo-1)); % calculate new U, suppose expo != 1
U_new = tmp./(ones(cluster_n, 1)*sum(tmp));

function out = distfem(center, data)

%DISTFCM Distance measure in fuzzy c-mean clustering.

% OUT = DISTFCM(CENTER, GATA) calculates the Euclidean distance

% between each row in CENTER and each row in DATA, and returns a
% distance matrix QUT of size M by N, where M and N are row

% dimensions of CENTER and DATA, respectively, and OUT(l, J) is

% the distance between CENTER(I,:) and DATA(J,:).

%

% | See also FCMDEMO, INITFCM, IRISFCM, STEPFCM, and FCM.

% Reger Jang, 11-22-94.
%  Copyright (c) 1994-95 by The MathWorks, Inc.
%  $Revision: 1.4 $ $Date: 1995/02/17 13:08:10 8

% It is modified by Makawan Changoho.

out = zeros(size(center, 1), size(data; 1));

% fill the output matrix
if size(data,2) ==
for k = 1:size(center, 1),
out(k, :) = (data - ones(size(data, 1), 1)*center(k, :))
end

else
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for k = 1:size(center, 1),
out(k, ;) = sgrt(sum(((data-ones(size(data, 1), 1)"center(k, :)).~2)"));
end
end

function [center, obj_fcn] = objective(data,U,expo)

mf = U.”expo;

center = mf*data./((ones(size(data, 2), 1)*sum(mf))'); % new center
dist = distfcm(center, data); % fill the distance matrix
obj_fen = (sum(sum((dist. ~2).* mf))2Z; % objectivefunction

function [RI] = ArSeg(X.1)

Imax = max(l);
for i = 1:lmax
temp = X.*(1==i),
m(i) = sum(temp) / sum(l==i) ;
end
[A,Z] = sortrows(m');
Rl = I*G;
for i=1:imax
RI'E RY + ((I=2Z0)";
end

function [Map] = GetClustMap(Cluster)

switch Cluster

case 2 %Map for 2. Segments
Map(1,:) = [0,0,0];
Map(2,:) = [1,1,1];

case 3 % Map for 3 Segments
Map(1,:) = [0,0,0];
Map(2,:) = [1,0,0];
Map(3.:) = [1,1,1];

case 4 %Map for 4 Segments
Map(1,:) = [0,0,0];
Map(2,:) = [1,0,0];
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Map(3,:) =[0,1,0];
Map(4.:) =[1,1.1];
case 5 %Map for 5 Segments
Map(1,:) = [0,0,0];
Map(2,:) =[1,0,0];
Map(3,:) = [0,1,0};
Map(4,:) = [0,0,1];
Map(5,:) =[1,1,1];
case 6 %Map for 6 Segments
Map(1,:) = [0,0,0};
Map(2.:) = [1,0,0%
Map(3,:) =[0,1,0];
Map(4.:) = [0,0,1];
Map(5,:) =[1,1,0];
Map(6,:) = [1,1,1];
case 7 %Map for 7 Segments
Map(1,:) = [0,0,0];
Map(2,:) ={1,0,0];
Map(3,’) = [0,1,0];
Map(4,:) =[0,0,1);
Map(5,:) =[1,1,0%
Map(6;:) = [1,0,13;
Map(7,:) =[1,1,1}
case 8 %Map for 8 Segments
Map(1,:).=1{0,0,01;
Map(2,:) = [1,0,0];
Map(3.:) = [0,1,0];
Map(4,:) = [0,0,1];
Map(5,:) = [1,1,0;
Map(6,:) = [1,0,1];
Map(7,:) =[0,1,1];
Map(8,:) = [1,1,1];

end

function [Cx,Mx,e,v,A,Y,vv,Mxx] = PCA(X)



% X : The Metrix to be PCAed; (row:pixel,col:channel)
% Cx : Covariance

% Mx : Mean

% e :eigenvectors

% v : eigenvalues

% Y : Component

Cx = cov(X,1);
Mx = mean(X)’;
[e v] = eig(Cx);

g =8,

v = diag(v);

%Make A
temp1 = length(v);
temp2 = v;
fori= 1:temp1
wi(i) = max(temp2);
temp3 = find( v==vv(i));
Al,:) = e(temp3,2);
temp2(temp3) = stemp2(temp3);

end

Xt = X"
temp1 = length(Xt);

temp2 = length(Mx);
for i=1:temp2
Mxx(i, 1:temp1) = Mx(i);

end

%Y = A*(Xt);
Y = A" (Xt-Mxx);
Y=Y,
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