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ABSTRACT

This paper presents a new approach for class-oriented spec-
tral partitioning for hyperspectral image classification. First,
without empirical information, we automatically search the
spectral bands that correspond to a specific class by using d-
ifferent band selection approaches. Then, the obtained class-
oriented spectral partitions are used respectively as the input
of a group of classifiers, the results of which are combined to-
gether to generate a final one by a multiple classifier system.
Our experimental results, conducted with the well-known In-
dians Pines test site hyperspectral image collected by the Air-
borne Visible Infra-Red Imaging Spectrometer (AVIRIS) in
NW Indiana, suggest that our presented spectral partitioning
method leads to competitive results when compared with oth-
er state-of-the-art approaches.

1. INTRODUCTION

Hyperspectral imaging has developed significantly during the
past two decades [1]. In order to deal with the very high spec-
tral resolution of hyperspectral data cubes, several techniques
have been used to perform dimensionality reduction. Classic
techniques include feature extraction via principal componen-
t analysis (PCA) [2], independent component analysis (ICA)
[3] or manifold learning (ML) [4], as well as feature selection
[5, 6] and subspace-based approaches [7, 8]. Many of these
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methods discard part of the original physical information col-
lected by the sensor.

Another strategy used in recent developments is spectral
partitioning, which aims mainly at rearranging the original
spectral bands in the hyperspectral image without discard-
ing them. As a result, spectral partitioning generates sever-
al groups of band subsets of the original spectral bands so
that each band subset is a so-called spectral partition contain-
ing a much lower number of of spectral bands as compared
with the original hyperspectral image. The union of all spec-
tral partitions normally gives the original hyperspectral im-
age. Therefore, spectral partitioning provides multiple views
of the original hyperspectral image while reducing its dimen-
sionality via subgroups that are effectively exploited simulta-
neously without discarding any original spectral information.
This helps coping with the Hughes effect and the curse of di-
mensionality [1].

An important aspect of spectral partitioning techniques is
that they generally do not account for the likely fact that dif-
ferent objects may have very similar spectral signatures [9],
which requires a class-oriented approach for spectral parti-
tioning that can be used to effectively discriminate the classes
in the subsequent classification stage. This is because finding
the most suitable spectral bands for discriminating between
objects in practice is an essential aspect that should be ac-
counted for when conducting the spectral partitioning. To ad-
dress this issue, this paper develops a new technique for class-
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oriented spectral partitioning for hyperspectral image classi-
fication. First, we automatically search for the spectral bands
that best discriminate each specific class by using different
band selection approaches. Then, the obtained class-oriented
spectral partitions are fed to a group of classifiers, the results
of which are combined together via a multiple classifier sys-
tem to generate a final classification map. For this purpose,
we use two well-established classifiers: the support vector
machine (SVM) [10] and the subspace multinomial logistic
regression (MLRsub) [8]. Our experimental results, conduct-
ed using the well-known Indian Pines test site collected by the
Airborne Visible Infra-Red Imaging Spectrometer (AVIRIS)
in NW Indiana, suggest that our class-oriented spectral par-
titioning method leads to competitive results when compared
with other state-of-the-art approaches.

2. METHODS

In this section, we illustrate the proposed class-oriented spec-
tral partitioning method. Fig. 1 shows a flowchart of the pro-
posed approach. First, training samples are separated into a
certain number (Nc) of subgroups Gi which are given by the
number of classes. Then, each group Gi is fed to a band se-
lection (BS) algorithm that selects the most relevant bands for
each class. The result is a set of Nc class-oriented spectral
partitions SPi with much lower dimensionality as compared
to the original hyperspectral image. The partitions are finally
fed to a multiple classifier system (MCS) that combines the
spectral partitions and generates a final classification result.
In the following we describe the BS algorithms used in our
experiments and the MCS used two generate the final classi-
fication.

Fig. 1. Flowchart of the proposed class-oriented spectral par-
titioning method.

2.1. Band selection (BS) algorithms

The process of BS intends to select an appropriate band
subset from the original data set to represent the data ac-

cording to some sense of optimality [11]. Generally, B-
S can be expressed as an exhaustive searching process
for all possible cases: (L|ΩBS |) = L!

(L−|ΩBS |)!|ΩBS |! , with
L and |ΩBS | being the total number of spectral bands
in |ΩBS | [11]. A classic way to perform the searching
process is to satisfy an optimization problem: Ω∗

BS =

argmax/minΩBS⊂Ω,|ΩBS |=nBS
J(ΩBS). In this way, J(ΩBS)

turns out to be a crucial aspect to establish the importance of
a given spectral band. In this work, we have used to popular
BS algorithms: signal-to-noise ratio (SNR) [12] and band
dependence minimization-based linearly constrained mini-
mum variance (BDM-LCMV) [13] for evaluation purposes.
Both algorithms are used two perform class-oriented band
selection for classification purposes.

2.2. Multiple classifier system (MCS)

The MCS system used to provide the final classification result
from the Nc partitions of the original hyperspectral image is
based on two classifiers: SVM [14] and MLRsub [15]. Since
we are dealing with different spectral partitions (or views) of
the original hyperspecral data, we need a decision rule to fuse
the individual classifications obtained by the two classifiers
from the different partitions. Let pm(i) be the probability ob-
tained by a classifier for a given pixel i and partition m. In
this work, we use a simple majority voting strategy to com-
bine the results obtained from all the partitions. Specifically,
the probabilities resulting from all the different partitions in a
given pixel are modeled by: p̂(i) = 1

n

∑n
m=1 pm(i), where

n is the number of partitions. The final class label for pix-
el i is determined by majority voting as follows: ˆclass(i) =

argmaxk∈{1,...,NC} p̂(k)(i), where NC is the number of
classes, p̂(k)(i) is the probability corresponding to class k for
a given pixel i, and p̂(i) = [p̂(1)(i), . . . , p̂(NC)(i)].

3. EXPERIMENTAL RESULTS

In this section, we evaluate the presented classification frame-
work using the well-known AVIRIS Indian Pines real hyper-
spectral data set. These data1, displayed in Fig. 2(a), com-
prises 145 × 145 pixels and was collected over Northwest-
ern Indiana in June 1992. As shown by Fig. 2(b), a total
of 10366 pixels are available in the labeled ground-truth, in-

1https://engineering.purdue.edu/biehl/MultiSpec/hyperspectral.html
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(a) False color representation (b) Available reference classes

(c) Legend
Fig. 2. Example of placing a figure with experimental results.

cluding 16 mutually exclusive classes. In our experiments,
we only use 640 randomly selected training samples in total
to illustrate the performance of the method using very limit-
ed training sets. We select by hand an average classification
result to display after repeating the random sample selecting
process for 20 times. Although some of the bands are consid-
ered to be corrupted by water absorption features and noise,
we will use all of them since the considered BS algorithms
have the capacity to automatically screen and select the most
useful spectral bands according to a class-oriented criterion.

Before reporting our experimental results, we emphasize
that we have optimized the parameter settings in order to ob-
tain the best performance from each individual method in-
volved in the classification framework. Specifically, the num-
ber of class-oriented spectral partitions has been set empiri-
cally to 60 for both the SVM and MLRsub classifiers, in or-
der to preserve enough spectral details in each partition. For
the SVM classifier, we used a Gaussian radial basis function
(RBF) kernel. For the MLRsub classifier, we empirically set
the subspace dimensionality to the class number (NC = 16)
[8]. Table 1 shows the overall accuracy (OA), average ac-
curacy (AA) and κ statistic obtained by the proposed frame-
work, implemented using the SVM and MLRsub classifiers
and considering two BS methods: SNR and BDM-LCMV. As
shown by Table 1, the proposed approach leads to an increase
in classification accuracy regardless of the classifier or band s-
election method used. For illustrative purpose, Fig. 3 displays
the corresponding classification maps obtained by differen-
t approaches. It can be observed that the proposed approach
provides advanced classification results for most classes in the
scene.

(a) SVM(original) (b) MLRsub (original)

(c) SVM by SNR (d) MLRsub by SNR

(e) SVM by BDM-LCMV (f) MLRsub by BDM-LCMV
Fig. 3. Example of placing a figure with experimental results.

4. CONCLUSIONS

In this paper, we have presented a class-oriented spectral par-
titioning method based on band selection for hyperspectral
image classification and discussed its performance when deal-
ing with limited training samples. The proposed approach ex-
ploits band selection to screen and select the most appropriate
bands for constructing spectral partitions specifically adjusted
to each class. The obtained partitions are combined using a
multiple classifier system, providing better classification ac-
curacies than those obtained using spectral partitions that are
not class-oriented. In the future, we will include additional
band selection algorithms and classifiers to our proposed sys-
tem.
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