


Spectral component images
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Algorithm PCA

Calculate correlation matrix for the data set

Calculate eigenvalues and elgenvectors for the
correlation matrix

Select elgenvectors corresponding to the largest
eigenvalues as a new basis for the data set

Calculate principal components between
elgenvectors and the data set

Applications. compression, pattern recognition
etc. Freguently used for spectral image data



Spectral Images & Principal
Component Analysis (PCA)

1. calculating correlation matrix and

spectrum eigenvectors, selecting base vectors
1 T
s(A) = (s(AM1) s(Aa) ... s(An))! R=—58 R® = o®
biy(M) - bi(Aa)
2-D spectral image B — : . .

bm {}Ll) e bm (.}“J?)
si(A1) o sm(A)

S= : : Matrix B needsto be transposed
st(An) o sml(Aa) 2. calculating inner product images
P=B'S

3. reconstructing spectral image

S =BB’S =BP
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pase vectors B
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Component images of a spectral image

Eiganveclors for speciral image
ﬂ.i [ T T T T T
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Spectra' image as RGB_image ‘dno 450 500 550 i li] 650 Joo
Wavelongth (rim)

Inner-product images between the
spectral image and eigenvectors:
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J [Principal Component Analysis

i Mumber of eigenvect
Load image ..-_' Change wave Fidelity 99.

|nner product images Comprezsion emrors




.
J [Principal Component Analysis

Fidelity 3

Inner product images 0r B




Principal Component Analysis

File Help
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Qriginal and reconstructed spectra
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Compression Rate 26,98 pixel 971171 :

Byerage emrors: Errors of selected spectium;

aE 7.0l E 21.5
a E S-CIELAE E.35[la E 5-CIELAR 534
Peak Signal-to-Moize F atio 2.3l Pealk Signal-to-Moize Ratio 3242
bean Square Ermar 0.00037|[ bdean Square Emor 0.00057
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Spectral Image compression







Algorithm of the SOM

e Let L be a discrete lattice of units z;, where i is
the index of the unit.

e Each unit x; is assigned a weight vector w;.

e A point s from the input space S is mapped to a
best matching unit z; for which

lIs = wjll = min; ||s —wil

e A self-organizing procedure:

1. Draw a sample s from S and find the best
matching unit z;.

2. Adjust the weights w; of all units z; in the
neighborhood of z; by

wie = w4+ 1 (s — wild),
where [ is the learning parameter.

3. Repeat points 1. and 2. [ times. [ is the
number of learning steps.
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Spectral image
database

ooQg -0

Histogram database creation
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Self-organized
map

A spectral image
to search
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Example of BMU-image
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the BMU isdefined for
Input data vector, X, asfollows:

|z — wemy|| = min;||z — w;|]




wilt+1) = { wilt) + o(la(t) —wit)], ifi € Npwu(t)

w;(t), otherwise

product of learni













Spectral Image Filtering

459 nm 459 nm

612 nm 612 nm

Original P  Filtered

Filtered by using
MEDIAN filter

Put
pepper noise

The medians are chosen according to
the order defined by the SOM










Problems

« NMF don’t care about image content
Information. Only color.

e NMF isiterative method and number of
Iterations and rank of factorization r 1s not
clear

 |nitial state Is random and process can
converge to alocal minimum.















