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SVD as basis + transformed Address 
 
 



SVD of 
this? 



U(:,1:4) D(1:4,1:4) V(:,1:4)’ 



[u,d,v] = svd(I); semilogy(diag(d(1:20,1:20)),'x-') 

Im2 = u(:,1:20)*d(1:20,1:20)*v(:,1:20)'; 
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Vector Mean 
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I1        +    I2         =  mean image 



Eigenfaces 

Eigenfaces look somewhat like generic faces. 



Eigen-images of Berlin 
 



Eigen-images 
 

 Average of 16 individuals transformed via 
biometrical data of different ethnics 



Average of 16 individuals transformed via 
biometrical data of different ages 



Rank 

A U= D VT

m x n m x n n x n n x n 

drank(A) = r min(m,n) D

Rank is the same as the number of nonzero singular values  

r



Nullspace 

A U= D VT

m x n m x n n x n n x n 

null(A) = Vr :n Vr :nA = 0



Example III (Fundamental Matrix) 

F = 
  1.0e+003 * 
   -0.0000    0.0000    0.0030 
   -0.0001    0.0002    0.0564 
    0.0132   -0.0292   -9.9998 

[u,d,v] = svd(F) 
 
u = 
   -0.0003    0.9981    0.0618 
   -0.0056   -0.0618    0.9981 
    1.0000   -0.0001    0.0056 
 
d = 
  1.0e+004 * 
    1.0000         0         0 
         0    0.0000         0 
         0         0    0.0000 

v = 
    0.0013   -0.9660    0.2586 
   -0.0029   -0.2586   -0.9660 
   -1.0000   -0.0005    0.0032 
 

 d(1,1) 
ans =  1.0000e+004 
 
d(2,2) 
ans =    0.0021 
 
d(3,3) 
ans =  2.7838e-016 

Rank(F) = 2 



Matrix Inversion with SVD 

A U= D VT

m x n m x n n x n n x n 

�A UT= �D 1V

1 , , ,�D = n"ı ı ı1 2diag{1/ 1/ 1/ } if                 , otherwise zero.  !iı 0�A A = I



Two types of Least Square Problem:  
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Two types of Least Square Problem:  
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