AHMOKPITEIO MANENIZTHMIO ©GPAKHZ

Avayvwpion MpoTunwv

Ouadonoinon dedopevwv AZKHZEIX
(K-means and ISODATA Clustering)

Xpiorodoudoc Xaulac

7a NEPIEYOLEVO aQUTIIC TNG NIAPOUCIaons Laciferal oTnv napouciacr Tou avrioToiyou JIOaKTEOU LaBniuaros Tou kab. Kumar, University of Minessota. BaoileTar oTo Kef.8 &9 Tou BiBAiou:
“Introduction to Data Mining”, Chpt 8, Pang-Ning Tan, Michael Steinbach, Vipin Kumar, Addison-Wesley, 2006
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i EniAenouevn vs Mn-EnmiBAenopevn Maénon

Mexpl Twpa Bewpnoape nebodouc avayvwpionc Ue
classification onou To npoTuno xapakTtnpileTal ano Ta
ueyeon {x,w}

AuTa Ta npoBAnuaTa avayvwpionc ovoualovTal
EmBAenopeva (supervised) agou diaTtiBevTal Kai To
XapakTnpeIoTIKO Olavuoua Kai n owoTn anavrnon.
Ynapyouv OpWC NEPINTWOEIC Onou OiVETAl TO
XapakTnPIoTIKO diavuoua Xwpic TNV KAAon.

AuTec ol pebodol kahouvTal Mn-EnmiBAenopeveg
(unsupervised) AOyw Tou OTI OV XpNOILOMNOIOUV TN
owaoTn anavrtnon.
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i EniAenouevn vs Mn-EnmiBAenopevn Maénon

Av kai ol peBodol pun enIBAENOEVNC padnon
(paivovTal NEPIoPICUEVWY OUVATOTNTWY UNAPYXOUV
NOAAEC MEPINTWOEIC MOU €MIBAANETAI N XpriON TOUC:

= O xapakTnpIopoc noAAwv dsdouEvVwY PUNopEi va
anoBei danavnpog (n.X. avayvwpion opiAiac)

= To €idoc TNC KAAONC MNOPEI va pnv €ival yvwoTo
€€'apxng.
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i Eidn aAyopiBuwv opadonoinonc

= O K-means kai o1 napaA\ayec Tou

= [apayouv osT aveEapTnTwV clusters
= O1 nio yvwaoToi €ival ol k-means kal ISODATA

= Iepapyikoi aAyopiOuol
= TO anoTeAeopa eivail pia 1epapyia ELPWAIQoPEVOV
clusters
= XwpilovTal oToug evwTIKOUC (agglomerative) kai
dlaxwpIoTIKoUC (divisive)

= MMUKVWTIKOI aAyopIOuol
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K-means Clustering

= AAyoplBuoc dtaxwplopou

s KaBe opada ouvdeetal pe eva centroid (kEvtpo)

s KaBe onpeio amodidetal otnv opado PE TO TILO KOVILVO
KEVTPO

= O aplBuoc twv opadwy, K, mpenel va kaboplotel

= [ToAU amAoc aAyoplOuoc
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A&loAoynon Tmv opadwv Tou K-means

= H Mo KAQoIKn PETPIKN €ival aBpoiopa Tou TETPAYWVOU
o@aAuaTwv (Sum of Squared Error - SSE)
= [a kabe onpeio, To oPAAPa €ivai n anooTacn ano To KEVTPO TNG
KOVTIVOTEPNG OpAadag
= To SSE €ival To aBpoioua Tou TETPAyWVoU OPAALATWV aUTWV:.

K
.
SSE =) > dist*(m;, x)
i=l XECi

Ornou x €ival eva onpueio otnv opada C, kar m; €ival To avTiNnPoOCWNEUTIKO
onueio (To KEVTPO) yia Tnv opada C,
= Agdopevwv duo opadwv, HNOPOUPE va ENIAEEOUNE QUTNV ME TO HIKPOTEPO

opaiua
= 'Evac eukoAoc Tponog yia Tn Meiwon Tou SSE €ival n auénon Tou K, Tou

apiBuou TWV opadwv

= Mia kaAr opadonoinon Pe HIKPOTEPO K PMnopei va xel HIKpOTEPO SSE ano pia
kakr opadonoinon pe peyalutepo K
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i K-means

To MatLab €&xel pia dikr) Tou uAonoinon Tou aAyopiBuou Kmeans.
Ma AenTopEPEIeg Xpnalponoinoe To help kmeans

Mia mio anAr uhonoinon €ival autn nou divetal oTo Mikpakn
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FUNCTION [theta,bel,J]=k_means(X,theta)

This function implements the k-means algorithm, which requires

as input the number of clusters underlying the data set. The algorithm
starts with an initial estimation of the cluster representatives and
iteratively tries to move them into regions that are "dense' in data
vectors, so that a suitable cost function is minimized. This is
achieved by performing (usually) a few passes on the data set. The
algorithm terminates when the values of the cluster representatives
remain unaltered between two successive iterations.

INPUT ARGUMENTS:

X: IXN matrix, each column of which corresponds to
an I-dimensional data vector.
theta: a matrix, whose columns contain the I-dimensional (mean)

representatives of the clusters.

OUTPUT ARGUMENTS:

theta: a matrix, whose columns contain the final estimations of
the representatives of the clusters.

bel: N-dimensional vector, whose i-th element contains the
cluster label for the i-th data vector.

Je the value of the cost function (sum of squared Euclidean

distances of each data vector from its closest parameter
vector) that corresponds to the estimated clustering.

(c) 2010 S. Theodoridis, A. Pikrakis, K. Koutroumbas, D. Cavouras

%%%6%%%6%0%%%6%6%%%6%6%%%6%6%%%6%6%%% 6% % %6%6%% % %% %% 6% %% %6%%% %% %% %6% %% %6%% % %6%%% %6%%% % %%% %%

function [theta,bel,J]=k means(X,theta)
[1,N]=size(X);
[1,m]=size(theta);
e=1;
iter=0;
while(e~=0)
iter=iter+1;
theta old=theta;
dist _all=[];
for j=1:m
dist=sum(((ones(N,1)*theta(:,j)"-X")."2)");
dist_all=[dist_all; dist];
end
% dist_all NXm éxstL ti¢ anmootdosig¢ twv N onueLlev
and ta M xévipa tev clusters

[g1,bel]=min(dist_all);
J=sum(min(dist_all));

for j=1:m
if(sum(bel==j)~=0)

theta(:,j)=sum(X" .*((bel==j)"*ones(1,1))) 7/
sum(bel==j);
end
end
e=sum(sum(abs(theta-theta_old)));
end
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| K-means clustering example
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i Mapadeiypa K-means

% Example example_Kmeans_ ISODATA cc
% for data clustering C. Chamzas 15/6/2012
close("all™); clear; format compact ;

% 1. To generate the first N1 points of X1,

m=[1 1 ; 5 10 ; 10 4; 10 10]";

[1,c]=size(m);

S1=[0.8 0.2; 0.2 0.1]; S2=[0.8 0.2; 0.2 0.8];
S3=[0.1 0.25; 0.25 0.8]; S4=[0.2 0.3; 0.3 0.8];
S(:,:,1)=81; S(:,:,2)=S2; S(:,:,3)=S3; S(:,:,4)=54;

P=[1/4 1/4 1/4 1/4];

% 1. Generate X1 the data set

N1=10000;

randn("seed”,0)
[X1,yl]=generate_gauss_classes(m,S,P,N1);
[1,N1]=size(X1);

X1=4*X1;

% Plot the data set
figure(1), hold on
plot(X1(1,:),X1(2,:),"-y")
figure(l), axis equal

50

451

40+

351

30+

251+

20

15+

10+

50

ok

% To apply the k-means algorithm for m =
rows

m=4; [1,N]=size(X1);

% places the initial centers randomly in the range of X1

theta_ini=rand(l,m);

X1_max=max(X1®); X1_min=min(X1%);

for j=1:1
theta_ini(J,:)=theta_ini(J,:)*(X1_max()-

X1 min(3))+X1_min(j);

end

[theta,bel,J]=k_means(X1,theta_ini);
SSE_pikrakis=J
theta

k-means from Introduction to Pattern Recognition: A MATLAB Approach
reapt s 2, The 4 centers
. ~ 40.01 19.94 39.97

16.00 39.92 40.08

SSE = 180940

-10 0 10 20 30 40 50
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4, work as in step
2 of Example 7.5.1. Pikrakis Attention data are given in

3.96
3.97
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%Matlab . Attention data are given in columns
K=4;

[IDX, C, SUMD] = kmeans(X1", K, "Replicates”,5);
SSE_matlab=sum(SUMD)

c=C*

% plots the segmented data

figure(3), hold on

figure(3),
plot(X1(1,1DX==1),X1(2,IDX==1),"r.", ...

X1(1, 1IDX==2),X1(2, IDX==2), "g*" ,X1(1, IDX==3) ,X1(2,
IDX==3), "bo", . ..
X1(1,1DX==4),X1(2, IDX==4), "cx" ,X1(1, IDX==5) ,X1(2,
IDX==5),"md", ...

X1(1, I1DX==6),X1(2, IDX==6), "yp" ,X1(1, IDX==7) ,X1(2,
IDX==7),"ks")

figure(3),

plot(C(1,:),C(2,:),"ko", "MarkerFaceColor","r")
title("kmeans from Matlab®);

figure(3), axis equal

opts = statset("Display”, final");

[IDX, C, SUMD] = kmeans(X1", K, "Replicates”,5, .

"Replicates”,5, "Options~®,opts);
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kmeans from Matlab
*
. * gk F K

17 iterations, total sum of distances = 180940
14 iterations, total sum of distances = 659350
4 jterations, total sum of distances = 180940
4 jterations, total sum of distances = 180940
4 jterations, total sum of distances = 180940
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i ISODATA

= ISODATA eival cuvTtopoypagia Tou lterative Self-Organizing
Data Analysis Technigue Algorithm

= Eival enekTaon Tou k-means nou sPnNepIEXEl EUPIOTIKOUC
TPOMOUC YIa TNV auTOMATN €nAoyn Tou NANBoug Twv
KAQOEWV

= O XpNoTNG €MIAEYEI TIC NAPAPETPOUC (Mapaperpor npoypapparoc):
= NMIN_EX eAaxioto nAnboc derypatwyv ava cluster ( ON )
= ND emBupunto peyioTo nAnBoc cluster ( K)
= 02 peyiotn diaonopa yia diaxwpiopo clusters ( 0S)
= DMERGE peyioTtn anoortaon yia evwaon clusters ( OC )

= NMERGE peyioto nAnooc clusters nou pnopouv va
evwBouv (L)
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i How ISODATA Works:

Cluster centers are randomly placed and pixels are assigned based
on the shortest distance to center method

> The standard deviation within each cluster, and the distance
between cluster centers is calculated

= Clusters are split if one or more standard deviation is greater than the user-
defined threshold

= Clusters are merged if the distance between them is less than the user-defined
threshold

3. A second iteration is performed with the new cluster centers

4. Further iterations are performed until:
= the average inter-center distance falls below the user-defined threshold,

= the average change in the inter-center distance between iterations is less than a
threshold, or

= the maximum number of iterations is reached
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%1 SODATA

ON=15; % threshold number of elements for the elimination of a cluster.
0C=5; % threshold distance for the union of clusters.

0S=7; % deviation typical threshold for the division of a cluster.

k=7; 6 number (maximum) cluster.

L=2; % maximum number of clusters that can be mixed in a single iteration.
1=10; % maximum number of iterations allowed.

X

NO=1; % extra parameter to automatically answer no to the request of cambial any parameter.
min_dist=50; % Minimum distance a point must be in each center. If you want to delete any point

% Give a high value.
%6%%%%%%6%%%%%%% % %%%%%%
% Function ISODATA %
%%6%%%%%%6%%%%%% % %%%%%%%
[C_1SO, Xcluster, A, clustering]=isodata ND(X1", k, L, I, ON, OC, 0S, NO, min_dist);
C_1S0=C_IS0"; IDX_I1SO=clustering”;
% Evaluation the SSE error

ISODATA

[1,m]=size(C_ISO); sol
dist_all=[]; i
for j=1:m w0l
dist=sum(((ones(N,1)*C_ISO(:,J)"-X1").~"2)"); s
dist_all=[dist_all; dist];

end |
SSE_ ISODATA=sum(min(dist_all)) Bf
fprintf("Number of Clusters: %d\n",A); 207
C_ISO 15}

101
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K-means Image Segmentation

An image (1) Three-cluster image (J) on
gray values of |

Matlab code:

| = double(imread('...")); Note that K-means result is “noisy”

J = reshape(kmeans(1(:),3),size(l));
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‘L MNapadeiypara yia Eikovec

% Example "example_Kmeans_Images_cc.m" % segments it in 3 gray level colors

% kmeans for image segnentation [IDX, C, SUMD]=kmeans(1(:),3, “Replicates”,5);

% C. Chamzas 15/6/2012 J = reshape(lDX’Size(l));
mapGRAY=[C";C";C"]"/max(1(:));

close("all™); clear; format compact ; figure(2); imshow(J,mapGRAY);

Im = imread("trees.tif");
imshow(Im);
I = double(Im);

% segments it in 5 gray level colors

[IDX, C, SUMD]=kmeans(1(:),5, "Replicates”,5);
J = reshape(IDX,size(l));
mapGRAY=[C";C";C"]"/max(1(:));

figure(3); imshow(Jd,mapGRAY);

% segments it in 4 level colors

I=double(l);
load mri [1DX, C, 4 colors
1 = D(:,:,8); SUMD]=kmeans(1(:),4,"Start",“uniform®, "Replicates”,5
figure(6); imshow(l,map); , EmptyAction®, "singleton®);

title("MRI imagg num = 8%); J = reshape(IDX,size(l));

- mapGRAY=[C";C";C*]"/max(1(:));
MRI imgge num = 8 figure(7); imshow(J,mapRGB)Eitle("4 colors®);
figure(8); imshow(J,mapGRAY);title("4 gray levels®);

4 gray levels
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