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Distance measure

監督性全像
素分類法



監督性全像素分類法

fid=fopen('paris.lan','r');
fseek(fid,128,-1);
A=fread(fid,[512*7 512],'uint8');
for i=1:7

Cub(:,:,i)=A(512*(i-1)+1:512*i,:);
end

最小距離分類法

Original image



for i=1:512
for j=1:512

dis(1)=norm(shiftdim(Cub(i,j,:))-m1);
dis(2)=norm(shiftdim(Cub(i,j,:))-m2);
dis(3)=norm(shiftdim(Cub(i,j,:))-m3);
[Y,k]=min(dis);
class(i,j)=k;

end
end
figure
imagesc(class)

Euclidean Distance



for i=1:512
for j=1:512

dis(1)=sum(abs(shiftdim(Cub(i,j,:))-m1));
dis(2)=sum(abs(shiftdim(Cub(i,j,:))-m2));
dis(3)=sum(abs(shiftdim(Cub(i,j,:))-m3));
[Y,k]=min(dis);
class1(i,j)=k;

end
end
figure,imagesc(class1)

City Block Distance



非監督性全
像素分類法

K-means clustering



非監督性全像素分類法



Example



Final cluster
means





非監督性全像素分類法

M=rand(7,3)*255; %先隨機取中心點
for i=1:512

for j=1:512
for k=1:3

dis(k)=norm(shiftdim(Cub(i,j,:))-M(:,k));
end
[Y,m]=min(dis);
class(i,j)=m;

end
end
figure
imagesc(class)
%%% 新中心點
for i=1:7

for k=1:3

M(i,k)=sum(sum(Cub(:,:,i).*(class==k)))/nn
z(class==k);

end
end

K-mean



非監督性全像素分類法
%%重複運算
M1=zeros(7,3)
while sum(sum(abs(M-M1)))>1

M1=M;
for i=1:512

for j=1:512
for k=1:3
dis(k)=norm(shiftdim(Cub(i,j,:))-M(:,k));
end

[Y,m]=min(dis);
class(i,j)=m;
end

end
figure,imagesc(class)
drawnow
for i=1:7

for k=1:3

M(i,k)=sum(sum(Cub(:,:,i).*(class==k)))/nnz(
class==k);

end
end

end



監督性次像
素分類法

An example of spatial mixing







Linear Mixing Model

監督性次像
素分類法







•Linear Spectral Mixture Analysis
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監督性次像素分類法

for i=1:512
for j=1:512

abd(i,j,:)=inv(M'*M)*M'*shiftdim(Cub(i,j,:));
end

end
figure
for i=1:3

subplot(2,2,i)
imagesc(abd(:,:,i))

end
colormap(gray)

最小方差法



監督性次像
素分類法

最大似然法



最大似然法

監督性次像素分類法









監督性次像素分類法
C1=(reshape(Cub(318:322,51:55,:),25,7))'*(

reshape(Cub(318:322,51:55,:),25,7))/25
-m1*m1';

C2=(reshape(Cub(279:281,265:270,:),18,7))
'*(reshape(Cub(279:281,265:270,:),18,7
))/18-m2*m2';

C3=(reshape(Cub(225:230,291:300,:),60,7))
'*(reshape(Cub(225:230,291:300,:),60,7
))/60-m3*m3';

for i=1:512
for j=1:512
y(3)=1/sqrt((2*pi)^7*det(C3))*exp(-

1/2*(shiftdim(Cub(i,j,:))-
m3)'*inv(C3)*(shiftdim(Cub(i,j,:))-m3));

y(2)=1/sqrt((2*pi)^7*det(C2))*exp(-
1/2*(shiftdim(Cub(i,j,:))-
m2)'*inv(C2)*(shiftdim(Cub(i,j,:))-m2));

y(1)=1/sqrt((2*pi)^7*det(C1))*exp(-
1/2*(shiftdim(Cub(i,j,:))-
m1)'*inv(C1)*(shiftdim(Cub(i,j,:))-m1));

abd(i,j,:)=y/sum(y);
end
end
for i=1:3

subplot(2,2,i)
imagesc(abd(:,:,i))

end

最大似然法



Endmember choice

非監督性次像素分類法



Choose largest as M0
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變異目標偵測

•RX-Algorithm
•High-order statistical method



RX Algorithm

L : the number of spectral bands
r : pixel vector in an image
: the sample mean
: the sample covariance matrix
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:

s : whitening matrix
A : eigenvector matrix

: eigenvalue matrix
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Matlab code (RX Algorithm)
clear all; %清除變數
load ImageCub; % 載入高光譜影像資料，以AVIRIS LCVF為例
data=reshape(ImageCub,40000,158); %將資料重新排列
data_mean=mean(data); %求平均值
data=data-repmat(data_mean,40000,1); %將資料減去平均值
cov_m=data‘*data; %計算covariance matrix

cm_inv=inv(cov_m); % 計算inverse of covariance matrix
% 依序將每一個像素代入RX算式中
for i=1:40000;

maha(1,i)=data(i,:)*cm_inv*data(i,:)';
end
imagesc(reshape(maha,200,200)),colormap(gray);
% 將處理好的資料顯示出來



Result of RX algorithm

Original image result



Detection by the high-order
statistical method

skewness：

kurtosis：

measure the asymmetry and the flatness of the

data distribution
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Projection Searching Process
To find the projector which yields the maximum
skewness, we impose a constrained problem as：

subject to

Using Lagrange multiplier method, we construct the
objective function as：

Partially differentiate the above equation with regard to w
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Denote ，

Since above equation is an eigen-problem，the
solution is the eigenvector of the matrix*w

][ T
i

T
iiE wyyy

0)'][(  wIwyyy T
i

T
iiE


3
2

'



Algorithm





Detecting anomalies using skewness



Detecting anomalies using kurtosis
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