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MATLAB 6.0

1 teacherm

dd

Y%teacher.m
dd=[84 94 1207291 1039691 71 94 7081 1097977 131 119 1196699];
t=zer0s(1866,10);
init=_;
initt=sum(dd(1:10))+1;
fori=1.10
t(init:(init+dd(i)-1),)=1;
t(initt: (initt+dd(10+)-1)3)=1 ;

init=init+dd()



initt=initt+dd(10+i);
end
2. mihtrain.m

Spectral Signature
Skewness Separability

Confusion Matrix

% Maximumlikelihood

% is number of data per class
% type is number of category

% data is array of data

load Simulate

p=p;

t=f;

[rp cp] = size(p);

[rt cf] =size(t);

% Make the data to follow to class order.
dispCPlease, Enter sequence of data)
seq = input(‘Enter ;)

% Input the number of data for each class,
m =zeros(ct,1);
fori=Lct
dispCPlease, Enter number of each class’)
m(i) = input(‘Enter ;)
end
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% Define the data set.

train = [1.916];
test = [917:1866];
Oftest = [1:916);
ptrn = p(train,:);
ptst = p(test,.);

ttm =t(trai ;);
ttst = t(test,:);

=Cp;
X = ptrn(seq,.);

y = ptst;

testset = ttst;

mn = zeros(ct.cp);
mdn = zeros(ct,cp);
mg = zeros(ct.cp);
mmx = zeros(ct.cp);
mmn = zeros(ct,cp):
skw = zeros(ct.cp);
sd =zeros(ct,cp).
cv = zeros(cp,cp,ct).
ced = zeros(ct,3);

I ¢] = size(y);

sas=0:
unsas=0:
tt = cputime;
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% Compute the signature,
tmp - 0;
fori= Lt

figure(i)

temp = [tmp+Litmp+m(i)];

(i) = mean(ptrn(temp,.));
mdn(i,)) = median(ptrn(temp,.));
mg(i,:) = range(ptrn(temp,:));
cv(:,.,I) = cov(ptrn(temp,.));
cev = ov(: L)
forj = Licp

subplot(cp,L1,));

hist(ptrn((temp(L):temp(m(i))).)))

axis([0 255 0 22))

Title(Histrogram’)

xlabel('DN')

mmx(i,])= max(ptrn((temp(L ):temp(m(i))),));

mmn(i,j)= min(ptrn((temp(L ):temp(m(i))),));
sd(ij) = cev(j));
sd(i]) = sart(sd(i,));
end
tmp = tmp+m(i);
end

figure(ct+1)
fori= 1:cp
forj = Lict
cedjl) = (i)
cd(j2) = mg(j);
ccd(j,3) = 255-(rng(j,i)+mmn(j,i);
end
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subplot(cp/2,2,i);
Title('Coincident spectral plots')
barh(ccd, 'stack’)
axis([0 255 0 12))
xlabel('DN')
ylabel('Class')
grid on
end

fori=1ct
forj=1:cp
skw(if) - ( (i])-mdn(if)) /sd(ij);
end
end

result = zeros(l.ct);
mx = zeros(l,1);
sol= zeros(l,1);

% Classify test set.
forii =11
seed = y(i,);
seed = seed";
forjj = Lict

result(iifj) = ml(mn(jj,.),cv(:,.,ji),.seed);

end
end

tm = cputime - tt;

fori = 11
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X(i) = ax(result(i,.));
end

forh=11
forg = Lt
if mx(h)== result(h,g)
solfh) = g;
end
end
end

%display(' result of each pixel for each class )
result;
Y%display(' result of classification ')
sol;
[r0,co]=size(testset);
check =zeros(ro,1);
for i =1:ro
forj =1.co
if testset(i,))==1
check(i)=;
end
end
end
fori=Lro
if sol(i)==check(i)
sas = sas+1;
else
unsas = unsas+1;
end
end



['Accuracy of Classification is :'1

%disp('Percent accuracy')
%disp((sas/(sas+unsas))*100)
%disp(‘'Cpu Time )
%tm
%disp('Second')
count = zeros(co,1);
fori= 1o
forj = Lro
if check()) == |
count(i)= count(i)+1;
end
end
end

keep =0;

j=1

fori=1.co
Yfigure(i);
figure(ct+2)
keep = keep+count();
pos = [j:keep];
Y = s0i(pos);
z = check(pos);
j = keep+1;
subplot(2,ct/2,);
plot(pos,y, r:0',pos,z,'b..");

2str((sas/(sas+unsas))¥100)," Percent]

%legend('Maximumlikehood','Ground Truth')

xlabel('Number of Testing data’)

ylabeK'Number of Class')

%Title('Checking Result of Classification’)
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grid on
end
conf = zeros(ct,ct+3);
fori=1ro

j = sol(i);

k = check());

conf(kj) = conf(kj) + 1;
end

fori=Lct
conf(i,ct+1)=conf(i,i);
conf(i,ct+2)=sum(con(i,1 :ct));
conf(i,ct+3)=100%(conf{(i,i)/conf(i,ct+2));
end

dimwrite('mean’, ),
spr = zeros(ct,ct);
m=
fori=1ct
ovi = ov(i,.,l);
forj =Lict
oy =cv( )
spr(ij) = 0.5 * trace((cvi-cvj)*(inv(cvj)-
inv(cvi)))+0.5*trace((inv(cvi)+nv(cv)) (mn(:,i)-mn(; ) (mn(:,i)-mn(:,));
spr(i) = 2000%(1-(exp(-(spr(i|))/8)
end
end

dimwrite('median’,mdn);
dimwrite('std',sd);
dimwrite('mih_confusion',conf);
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dimwrite('mir), ),
dimwrite('max\rmx);
dimwrite('skw',skw);
dimwrite(‘'separability’,spr);

3. thcls.m

Spectral Signature
ASCII Ih_result.asc

load Simulate
load signature
p=p'
t=f;
[rp cp] = size(p);
[rt ct] = size(t),
fid = fopenCswampl.asc'.r);
fidd = fopen('mlh_resultasc', ,);
forintf(fidd," FL : ¢:/chantaburifutmjndian/geo_p128r51 03nov2000jndian.img\n\
F1 \ X Y Bl )
tt=0;
while feof(fid) ==
tt=tt+1;
tline = fgetl(fid);
if tt>4
tine=str2numtline);
Y%tline(10)=D
seed =tline;
tline(3:7)=0
seed(L:2)=1;
%seed(6) =10;



seed =seed"
cresult = zeros(rt,1);
forj=1:1t
cresult(,1) = ( (j).cv(: ), seed);
end
cmx = max(cresult);
forj=1rt
if cmx == cresult());
csol =j;
end
end
tline = [tline,csol];
forintf(fidd, %8.2d %8.2d %4.2d\ 'tline);
[This time, 'num2str(it-4)," pixels are clsssified']
end
end
fclose('aH);
displayCFinished MLH Classify Process)

4. nntrain.m

%Neural Network Classification for Satellite Image
load Simulate

sas = 0;

unsas = 0;

[pn, eanp,stdp,tn, meant,stdt] = prestd(p.t);
[R.Q] = size(p);

[x.y] = size(t),



%Define each set of data,
iitr =[1:916];

| iitst = [1:916];

litst = [917:1866];
Y%ival = D

%pclsfy = trastd(dat,meanp,stdp);
ptr = pn(:,iitr);

ttr = tn(;,iitr)

ptst = pn(:itst),

ttst = tn(;,iitst);

%val.p = pn(;,ival);

Yval.T =tn(;,ival);

Y%setting all of parameter

net = newff(minmax(pn),[23 x].{logsig’, purelin’}, trainrp’);

net.trainParam.epochs = 15000,
net.trainParam.mc =0.7;
net.trainParam.show =5,
net.trainParam.goal = le-2;

net = init(net);

Y%Learning step

tm = cputime;

%[net,tr] = train(net,ptr,ttr,G,[],val);
[net.tr] = train(net.ptr.ttr);

clsfytime = cputime - tm;

an = sim(net.ptst);

a= poststd(an,meant,stalt);
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a=4a,

[ro co] = size(a);
test =t(;,iitst);
test =test’;

soli = zeros(ro,1);
chk = zeros(ro,1);

fori=Lro
forj = L:co
ifa()) == ax(a(i,.))
soll(i)=;
end
iftest(i,)) == 1
chk(i)=;
end
end
end

%compute the accuracy
fori=1ro
if soll(i)==chk(j)
sas = sas+l;
else
unsas = unsas +1,
end
end
%csoll = csoll’;

%Output

['Accuracy of Classification is :'

%(sas/(sas+unsas))*100

2str((sas/(sas+unsas))¥100)," Percent]]

93



Y%disp('Percent)

soil = soil’

chk = chk}

[Training time is ;' num2str(clsfytime)," seconds']
%disp('Training Time :)

Yclsfytime

%disp('Seconds)

[co ro] = size(ttst);
count = zeros(co,1);
fori=1:co
forj = Lro
if chk()) ==
count(i)= count(i)+1 ;
end
end
end

%Plot the result of classification,
count;
keep =0;
=1
figure(1)
fori=1:co
Y%figure(i+co)
keep = keep+count(i);
pos = [j.keep];
y = soll(pos);
z = chk(pos);
j = keep+1;
subplot(2,co/2,);

9%



plot(pos,y,:0',pos,z,'0:.")
%legend('Neural Network','Ground Truth')
xlabel('Number of Testing data’)
ylabeK'Number of Class')
%Title('Checking Result of Classification’)
grid on

end

% "conf" is confusionmatrix
soil = soli’;
chk = chk’
conf = zeros(co,co+3);
fori=Lro

j = soil(i);

k = chk():

conf(kj) = conf(kj) + 1,
end
fori=1co

conf(i,co+1)=conf(i,i);

conf(i,co+2)=sum(conf(i,1 :co));

conf(i,co+3)=100%(conf(i,i)/conf(i,co+2));
end
dimwrite('NN_confusion’,conf);
Y%dlmwrite('NN_soiution',csoll);

5. nncls.m

ASCI|

_result.asc
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%Neural Network Classification for Satellite Image
load simulate

load trained_net

[RQ] =size(p);

[xy] = size(t)

fid =fopen('swampl.asc','r’);
fidd =fopen('nn_result.asc'," '),
fprintf(fidd," FL : c:/chantaburi/utm_indian/geo_p128r51_03nov2000Jndian.imgin\
Fl \ X Y BLY);
tt=0;
while feof(fid) ==
tt=tt+1;
tline = fgetl(fid);
if tt>4
tine=str2numtline);
Y%tline(10)=D;
seed =tline;
tline(3:7)=0;
seed(1:2)= D
%seed(6) =)
dat = seed;
pclsfy = trastd(dat,meanp,stdp);
can = sim(net, pclsfy);
ca = poststd(can,meant,stalt);
Ca =Ca;
%[cro cco] = size(ca);
mmx = max(ca);
forj = 1x
if ca(j) == mmx
csoll =j;



end
end
tine = [tline,csoll];
forintf(fidd, %8.2d %8.2d %4.2d\ ' tline);
['This time, num2str(tt-4)," pixels are clsssified']
end
end
fclose('aH);
displayCFinished Neural Network Classify Process)
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