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“polluted” by variables which are not pertinent for the classifications or which are
redundant with other variables.

The supervised clustering allows to select the first peak of the Wine spectra,
which is in agreement with [1] and very satisfactory when analyzing the alcohol
concentration. Indeed, the wavenumbers range around 3600 cm™' corresponds to the
absorption range of the O—H bond present in alcohol.

4 Conclusion

Reducing the dimensionality of NIR spectra is an important issue in order to avoid the
difficulties related to the curse of dimensionality and to build models easier to
interpret. Clustering the spectral variables allows tackling the problem by defining
ranges of wavelengths. Moreover, a supervised clustering is certainly more
appropriate since the target value is taken into account. Such clustering has been
proposed in [3] for regression problems, but this methodology cannot be applied as
such on classification problems and has to be adapted to a discrete target value.

In this paper, we propose a supervised clustering methodology with a modified
similarity measure between features, which can be applied to classification problems.
This approach is applied to two real world datasets and compared to models build
from an unsupervised clustering and from the original features. The two type of
clustering methodologies help to reduce drastically the number of variables implied in
the models for the two datasets. Moreover, the resulting clusters correspond mainly to
parts of the spectra identified as meaningful in the literature ([8] and [1]). The model
performances are improved in both cases with the supervised clustering.

Some variations of the proposed methodology could be considered. For
instance, clusters of spectral variables can be summarized by their mean values but
also by additional values (e.g. maximum).
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