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TABLE 6.1 Summary of Mercer Kernels
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Mercer kernel
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Comments

Polynomial learning machine
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clear all;
close all;
load fisheriris
data = [meas(:,1), meas(:,2)];
groups = ismember (species, 'setosa');
[train, test] = crossvalind('holdOut', groups) ;
cp = classperf (groups) ;
svmStruct =
svmtrain (data (train, :) ,groups (train) , 'showplot', true, 'boxconstr
aint',6leb) ;
title (sprintf ('Kernel Function: %s',...
func2str (svmStruct.KernelFunction)), ...
'interpreter', 'none') ;
classes = svmclassify(svmStruct,data(test,:), 'showplot',k true)
classperf (cp,classes, test) ;
cp.CorrectRate
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clear all;
close all;
load fisheriris

data = [meas(:,1), meas(:,2)];
groups = ismember (species, 'setosa');
[train, test] = crossvalind('holdOut' , groups) ;

cp = classperf (groups) ;
svmStruct = svmtrain(data(train, :),groups(train),b 'showplot', true);
title(sprintf ('Kernel Function: %s',...

func2str (svmStruct.KernelFunction)), ...

'interpreter', 'none') ;
classes = svmclassify(svmStruct,data(test,:), 'showplot', true);
classperf (cp,classes, test) ;
cp.CorrectRate
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r = sqrt(rand(100,1)); % radius

t = 2*pi*rand(100,1); % angle

datal = [r.*cos(t), r.*sin(t)]; % points

r2 = sqrt(3*rand(100,1)+1); % radius

t2 = 2*pi*rand(100,1); % angle

data2 = [r2.*cos(t2), r2.*sin(t2)]; % points

plot(datal(:,1) ,datal(:,2),'r.")

plot(data2(:,1) ,data2(:,2),'b.")

axis equal

data3 = [datal;data2];

theclass = ones (200,1);

theclass (1:100) = -1;

cl = svmtrain(data3, theclass, 'Kernel Function'
'boxconstraint',Inf, 'showplot', true);

hold on

axis equal

,'rbf', ...
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