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Fig. 8. A multivariate image can be represented as a stack of
intensity (univariate) images, one for each waveiength, or as
an image where each pixet is a vector of intensity values. For
graphical ciarity not all vectors are shown.
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Fig. 4. A multivariate image (or O?V array) X can be written
as a long data matrix X by unfolding.
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Multivariate curveresolution
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Imageprocessing
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MCRALS OF HSI DATA
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MCRALS OF HSI DATA
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Refold / unfold step:
- Spatial information is recovered
- Image processing constraintan be applied in a mapise way and individually for each component

Journal ofChemometrics2015



Imageprocessingonstraints

- Smoothness
- Sparseness
- Segmentation
- Edgepreservingsmoothing(TV, RTV)
- X

Deconvolution

Smoothing Edge enhancement
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ACA, 2018



Shouldwe care?

http://www.codeops.tech/blog/



THE IMPORTANCE OF CONSTRAINTS HNINCR

T have achemicalphysicaimeaning

_— - helpinterpretability
Constraintsshould <=

= -Improvereliability

- reducerotational ambiguity



THE IMPORTANCE OF CONSTRAINTS HNINCR

T have achemicalphysicaimeaning

. - helpinterpretability
Constraintsshould <=

- -improvereliability

- reducerotational ambiguity



NN MCRALSon 3replicates

4

Variability isin the semencomponentspectrum



