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. (%) Considered as set of individual observations a - )
(% Functional nature ignored i.e. connectivity between points , shape Dissimilarity
) Few objects in high dimensional space ) representatlon)

©) Allows including shape information in representation of spectra

© Dimensionality depends on the number of objects at most

©Curse of dimensionality can be tackled

@ Any traditional classifier that works on feature spaces can be also used

The goal of this paper was to make a study on the benefit of using a dissimilaritya measure which takes shape of spectra into account. We show that the dissimilarity representation of
spectra with a shape-based measure leads to better classifiation results, and a certain number of objects is enough to achieve it.
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Experiments

Figures. Average 10 times k-fold cross-validation error (in %) for all data sets with (top-left) Manhattan, (top-right)
Euclidean and (bottom) Shape measures. Learning curves are shown for various sizes of training and representation Wine data set, AMD measure p=1
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Wine data set, AMD measure p=2
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) DR seems to be a good solution to tackle the curse-of-dimensionality problem in most
spectral data sets, if a suitable dissimilarity measure is used.

) It is important to take into account the functional nature of spectra in its representation.

. o . . . ) It is shown that if we use the shape information, a few samples are enough for classifiers
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