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Abstract—Remotely sensed hyperspectral images exhibit very
high dimensionality in the spectral domain. As opposed to band
selection techniques, which extract a subset of the original spec-
tral bands in the image, spectral partitioning (SP) techniques re-
assign the original bands into subgroups that are then processed
separately. From a classification perspective, this strategy has the
advantage that all the original information in the hyperspectral
data can be retained while addressing the curse of dimensionality
given by the Hughes phenomenon. Even if SP prior to classifica-
tion has been widely used, the strategies adopted to perform such
partitioning did not consider the diversity of spectral classes in the
scene. In other words, available techniques are not driven by the
information contained in the classes of interest, which can be very
useful to perform the SP in a more effective manner for classifica-
tion purposes. To address this issue, in this paper, we present a new
class-oriented SP technique that exploits prior information about
the classes by automatically ranking the spectral bands that are
more useful for each specific class (instead of considering the hy-
perspectral image as a whole). The resulting multiple subgroups of
bands with lower dimensionality are then fed to a multiple classifier
system. Our experimental results, conducted with three different
hyperspectral airborne images, suggest that the presented method
leads to competitive results when compared to other state-of-the-
art approaches in the field.

Index Terms—Hyperspectral imaging, multiple classifier
systems (MCS), spectral partitioning (SP).

I. INTRODUCTION

HYPERSPECTRAL image analysis has developed sig-
nificantly during the past two decades [1]. Hyperspec-
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tral data have been used in many different areas, including
disastermonitoring, natural resources exploitation, environmen-
tal applications, etc. [2]–[4]. With the increasing spatial, spec-
tral, and temporal resolutions of imaging spectrometers, the
extremely high dimensionality and size of the data have become
important concerns for hyperspectral data interpretation [1].
However, contrary to the rapid development of remote sensing
technologies, the availability of training samples and labeled
data has been quite limited. As a result, many hyperspectral im-
age analysis methods (particularly, for supervised and semisu-
pervised classification) have focused on addressing the existing
imbalance between high spectral dimensionality and limited
labeled samples [5], [6]. In order to deal with the issue, dimen-
sionality reduction technique has been widely developed and
used [7]–[10].
Classic dimensionality reduction techniques can be separated

into two categories: 1) band selection (BS) and 2) feature ex-
traction. Considering the diversity of available algorithms and
techniques, feature extraction turns out to be more flexible and
widely used, including well-known approaches in the litera-
ture such as principal component analysis (PCA) [11], indepen-
dent component analysis [12], manifold learning [13], [14] and
subspace-based approaches [15], [16]. However, feature extrac-
tion generally transforms the original information after project-
ing the data into a certain feature space [17], which may be a
challenge for certain applications that require meaningful spec-
tral signatures according to their physical interpretation [18],
[19]. In turn, BS algorithms are more effective in preserving the
original information due to their capacity for selecting the most
informative spectral bands among hundreds or even thousands
of bands with great correlation and redundancy with supervised
or unsupervised ways [20]–[22] while, at the same time, re-
taining their original physical meaning (i.e., even though some
bands are discarded, there is generally no transformation of the
retained bands into a different feature space). As a matter of
fact, the discriminative information that allows a classifier to
provide good performance is usually class-dependent and the
relevant information may live in weak features/bands that are
usually discarded or lost after subspace transformation or BS.
As a result, in practice it is challenging to use either feature
extraction or BS for classification purposes.
Many techniques have been developed in order to address this

problem. In [23], an efficient model selection procedure based
on kernel alignment was developed for hyperspectral image
classification. Resulting from this process, a weight (learned
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from the data) is assigned to each kernel so that both rele-
vant andmeaningless image features automatically emerge after
training the model. In [24], an unsupervised BS method called
multiobjective optimization BS was developed. The objective
functions were optimized by a multiobjective evolutionary al-
gorithm to find the best tradeoff solutions. The final selected
bands evolve from multiple possible instances of BS during an
iterative process, until good stable performance of classifica-
tion is achieved for different datasets. In order to facilitate the
subsequent automatic interpretation image objects, high-level
features are jointly integrated to infer the spatial and structural
information encoded in the low-level and middle-level features
[25]. Classic ensemble learning techniques such as bootstrap ag-
gregation/bagging [26], AdaBoost [27], or cross-validated com-
mittees [28] can also be interpreted as feature fusion approaches
that can take advantage of the relevant information provided by
each classifier [29]–[32].
An alternative strategy used in recent developments is spectral

partitioning (SP), which can be seen as a kind of BS approach
that aims mainly at rearranging the original spectral bands in
the hyperspectral image. However, as opposed to BS, SP does
not necessarily discard most of the original spectral bands to
achieve lower dimensionality [33]. Instead, SP generates sev-
eral groups of band subsets from the original spectral bands,
so that each band subset is a so-called spectral partition con-
taining a much lower number of spectral bands as compared
with the original hyperspectral image, meanwhile the union of
multiple subsets can make up to the full original image [34].
Therefore, SP effectively provides multiple views of the origi-
nal hyperspectral image by obtaining several subgroups that can
simultaneously exploit most of the original spectral information
in the hyperspectral scene without discarding a large propor-
tion. In other words, different subgroups of spectral bands can
be used to provide different classification results [34]. The di-
versity of classifiers constructed with the subgroups of bands
provides the possibility to obtain a very robust classifier en-
semble, which can be achieved by combining the classification
results obtained from each of the subgroups using different en-
semble learning strategies [35], [36], such as bagging and boost-
ing [27], [37], decision combination via majority voting [38],
and multiple classifier systems (MCS) [29], [32]. The diver-
sity obtained in the generation of the multiple views is one
of the keys for successful SP prior to classification [31], [32],
[39], [40].

A. Related Work and Motivations

Even if SP prior to classification has already been used, the
strategies adopted to perform such partitioning generally do not
consider the information about the spectral classes in the scene.
In other words, available techniques are not driven by the in-
formation contained in the classes of interest, which can be
very useful to perform the SP in a more effective manner for
classification purposes [34], [41]. In high spatial resolution im-
ages, land-use classification can be successfully performed by
interpreting the multiple spectral bands according to common
classes in the scene [42]. With such class-oriented interpreta-

tion, one can also automatically perform target detection [43],
[44]. However, in hyperspectral image analysis, it is generally
difficult to anticipate which bands play a more relevant role
for classification in a specific scene [45], [46], as this informa-
tion is generally class-dependent. In [23] and [47], Tuia et al.
developed multiple kernel frameworks for hyperspectral image
classification. The weight assigned to different kernel features
was carefully established and interpreted. However, the spe-
cific role of spectral bands is more difficult to substantiate since
it is often application-dependent. As a result, it is important
that different spectral partitions derived from the original im-
age represent different perspectives or views on the data [34],
[48]–[50]. At this point, we clarify that these multiple views
refer to the lower-dimensional partitions that are obtained by
the proposed SP framework.
Bearing in mind the aforementioned issues, our motivations

to introduce a new SP technique in this study can be summarized
as follows:
1) to achieve the benefits of dimensionality reduction with-

out actually discarding most of the spectral bands in the
original image;

2) to facilitate multiple-classifier feature learning by consid-
ering different views (spectral partitions) of the original
data; and

3) to explore the relevance of class-dependent features,
which are often discarded by feature extraction/selection
techniques, all in the context of hyperspectral image clas-
sification.

With the aforementioned ideas in mind, our main goal in this
paper is to develop a new strategy for SP that can effectively
exploit the spectral bands that are more relevant to each class of
interest in the scene.
The newly presented SP strategy consists of three steps. First

of all, we rank the spectral bands that are more useful for each
specific class (instead of considering the hyperspectral image
as a whole). As a result, multiple subgroups of bands with
lower dimensionality are selected in this step. Then, the ob-
tained class-oriented spectral partitions are used as the input
of a classifier ensemble strategy, MCS. For this purpose, we
use two state-of-the-art classifiers: the support vector machine
(SVM) [51] and the multinomial logistic regression (MLR) [52]
to validate our presentedmethod. In addition, we incorporate the
concept of classification with rejection to evaluate and improve
our presented classifier into the MCS [53], [54]. This approach
effectivelymerges the classification output from the spectral par-
titions with the classification obtained from the original image,
providing a robust classification output. The proposed approach
is compared to other available SP methods, such as the one
presented in [33].
The remainder of this paper is organized as follows. Section II

describes our proposed approach. In Section III, we discuss ex-
perimental results obtained using three well-known hyperspec-
tral datasets: the reflective optics system imaging spectrometer
(ROSIS) Pavia University scene, the Airborne Visible/Infrared
Imaging Spectrometer (AVIRIS) Indian Pines scene, and the
hyperspectral digital image collection experiment (HYDICE)
Washington DC Mall scene. The experiments suggest that our
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Fig. 1. Flowchart of the proposed class-oriented SP prior to classification
approach.

presented method leads to competitive results when compared
to other state-of-the-art approaches in the field. Conclusions and
hints at plausible future research lines are given in Section IV.

II. CLASS-ORIENTED SP METHOD

A. Proposed SP Strategy

Let us denote by x ≡ {x1 , . . . ,xn} ∈ Rd×n the origi-
nal spectral signatures of the hyperspectral image Bd with
n pixels indexed by S : {1, 2, . . . , n} and d wavebands Ω
(|Ω| = d). Classification is the process that assigns each pixel
xi = {xi1 , xi2 , . . . , xid}, i ∈ {1, . . . , n} with a label yi ∈ L :
{1, 2, . . . , Nc}, where Nc is the number of classes of interest in
the scene. SP aims at separating and reassigning the d spectral
bandsΩ into a group of band subsets, namely spectral partitions
{SPi}, i ∈ {1, 2, . . . ,M}, so that

⋃

i∈Ω

{SPi} ⊆ Ω. (1)

This means that usually the union of the spectral partitions
gives thewhole set of original spectral bands of the hyperspectral
image. We also note that

∅ ⊆
⋂

∀i �=j, i,j∈Ω

{SPi, SPj},

⋃

∀i �=j, i,j∈Ω

{SPi, SPj} ⊃ {SPi}
(2)

which means that two different spectral partitions may share
mutual bands or not, while any given two spectral partitions
should not be equivalent (note that one spectral partition might
be the subset of another). Eqs. (1) and (2) generally describe the
relationship of spectral partitions, meanwhile they also induce to
finite number of solutions of the SP problem.We generally need
the spectral partitions to be different enough among each other
in order to provide adequate diversity [35], [37]. This brings
different perspectives of the original hyperspectral image [33],
[34]. If we let |SPi | be the number of bands in partition SPi ,
we can infer from (1) and (2) that

∑M
i=1 |SPi | ≥ d.

With the aforementioned ideas in mind, Fig. 1 shows a
general flowchart of our proposed class-oriented SP approach

prior to classification. First, training samples with labels G =
{G1 , G2 , . . . , GNc

} are separated into a certain number of sub-
groups Gi , where Gi = {xGi

,yGi
}, i ∈ {1, . . . , Nc} and the

number of subgroups is given by the number of classes in the
scene (Nc = M ). Then, each subgroup Gi is used as an input
to a BS algorithm that selects the most relevant bands using a
specific criterion that is driven by the information contained in
each class. The result is a set ofNc class-oriented spectral parti-
tions {SPi}(i ∈ {1, . . . , Nc}) with much lower dimensionality
as compared to the original hyperspectral image (|SPi | << d).
The spectral partitions are fed to anMCS that combinesmultiple
SVM classifiers and generates a final classification result.
Herein, we remark that the presented SP strategy excludes

by a large degree the influence of noise, outliers and anomalous
classes, and relies on the effectiveness of the BS algorithms that
are used in the SP scheme. In the following, we describe the
BS techniques adopted in this study and the MCS used to gener-
ate the final classification output. In addition, we also introduce
the concept of classification with rejection, as well as describe
how we combine different classifiers to further improve the
classification results using this concept.

B. BS Algorithms

BS techniques intend to select an appropriate band subset
from the original dataset to represent the data according to
some optimality criterion [55]. Generally, BS can be under-
stood as an exhaustive searching process for all possible cases:
(L|ΩBS|) = d!

(d−|ΩBS|)!|ΩBS|! , with ΩBS being the selected bands
and L being the number of all possible subset of selected bands,
given a number of bands to be selected |ΩBS| [55]. A general
way to perform the searching process is to solve the following
optimization problem:

Ω∗
BS = arg max

ΩBS⊂Ω , |ΩBS|=nBS
J(ΩBS) (3)

where nBS = |ΩBS| is the number of selected bands in subset
ΩBS and J(ΩBS) establishes the relative importance of a given
spectral band in ΩBS. We have to note that, given the large
number of spectral bands in a hyperspectral image, it is almost
impossible to try all possible band combinations. We also note
that, for different scenes, it is difficult to decide which spectral
bands play a more relevant role, or to anticipate which combi-
nation is more useful. As a result, a general strategy has been
to find a group of bands that are both of high quality (e.g., with
low noise or not located in the water absorption region) while
exhibiting high variance [46]. Consequentially, many available
BS algorithms are focused on defining target functions that cal-
culate the priority score of a given spectral band [56]–[58].
In this study, we rely on two popular BS algorithms:

signal-to-noise ratio (SNR) [59] and band dependence
minimization-based linearly constrained minimum variance
(BDM-LCMV) [60] for evaluation purposes. We have selected
these algorithms because their strategies for BS are widely used,
which makes the algorithms quite representative of existing BS
techniques. In this study, both algorithms are used to perform
class-oriented BS prior to classification. In the case of the SNR
BS algorithm, J(ΩBS) is defined with a noise-adjusted principal
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component-based priority score, calculated for the lth band of
the image, Bl , as follows:

J(Bl) =
d∑

k=1

r2
l,k = ρSNRl (4)

where r2
l,k =

√
λl,k × vl,k , for l, k = 1, 2, . . . , d and Bl is the

lth spectral data. Herein λl,k is the set of eigenvalues of the
noise-adjusted covariance matrix and vl,k denotes their associ-
ated orthonormal eigenvectors. Here, we also use d to denote
the number of wavelengths of the original hyperspectral image.
Given a number of bands to be selected,ΩSB, the SNR algorithm
selects the first ΩSB spectral bands with greater J(Bl) values
from all the available bands. At this point, we emphasize that
the SNR is one of the most widely used criteria to establish
band priorities. The main assumption of our SP method based
on SNR (hereinafter SP-SNR) is that the spectral bands with
higher SNR lead to better classification performance. This sim-
ple criterion is based on minimizing the impact of noise in the
performance of the classifier. Consequentially, the SP-SNR is
intended to minimize the impact of noise in classification per-
formance by generating class-oriented spectral partitions with
high SNR values.
SNR is a criterion related to single bands, while BDM-LCMV

also includes a second constraint intended to minimize the sim-
ilarity between the bands to be selected. From the viewpoint
of classification, BDM-LCMV follows the assumption that a
more informative band combination is generally given by a
set of bands that are more distinct between each other. In the
case of BDM-LCMV algorithm, the band priority score can be
calculated as follows:

J(Bl) =
(
ṽLCMV-CBS

l

)T ∑̃−1

ṽLCMV-CBS
l (5)

where

ṽLCMV-CBS
l =

∑̃−1

Bl

(
BT

l

∑̃−1

Bl

)−1

1N . (6)

Here, ṽLCMV-CBS
l represents the weight vectors associated to

each spectral band and
∑̃

= (1/d)
∑d

l=1 Bl × BT
l denotes the

sample band correlation matrix, in which the problem described
is referred to as LCMV-based constrained BS [60]. In (6), 1N is
an N -dimensional column vector with all 1’s in its N compo-
nents andN denotes the number of columns of the spectral band
Bl . As a popular BS algorithm, BDM-LCMV is also utilized in
this study due to its capacity to select informative band combi-
nations containing bands that are distinct between each other.
With this issue in mind, we hold a reasonable expectation that
BDM-LCMV may outperform SNR in terms of classification
accuracies.
An important advantage of supervised BS techniques

such as those described before is that they can reduce the
interference introduced by noise, outliers, and unwanted pixels
in a hyperspectral image scene. Another important advantage is
that they are driven by the information contained in the classes
of interest, turning the BS process into a class-oriented one.
An additional advantage in the case of BDM-LCMV is that it

generally decreases the size of the used samples, which makes
the inverse calculation faster and more accurate.

C. Classifier Ensemble Strategy

In this section, we describe the MCS system used to provide
the final classification result from theNc partitions of the origi-
nal hyperspectral image, obtained by our newly presented strat-
egy for class-oriented SP. The base classifier used for demon-
stration purposes in this study is the SVM [61], which has been
a state-of-the-art classifier for remotely sensed hyperspectral
data. Since we are dealing with different partitions (or views) of
the original hyperspectral data, we need a decision rule to fuse
the individual classifications obtained by the SVM from the dif-
ferent spectral partitions derived by our method. Let pm (i) be
the probability obtained by an SVM classifier for a given pixel i
and partition m. pm (i) provides the degree of membership of a
pixel to different classes of interest. In this study, we use a soft
ensemble strategy to combine 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

Nc

Nc∑

m=1

pm (i) (7)

where m indexes the spectral partitions (m ∈ {1, . . . , Nc}) and
Nc is the number of partitions, which is equal to the number of
classes, according to our interpretation in Fig. 1. The final class
label for pixel i is determined by maximum probabilistic voting
as follows:

yi = arg max
k∈{1,...,Nc }

p̂(k)(i) (8)

where p̂(k)(i) is the probability corresponding to class k for a
given pixel i, and p̂(i) = {p̂(1)(i), . . . , p̂(Nc )(i)}.

D. Classification With Rejection

In order to evaluate a set of classification outcome, four statis-
tics are widely used: overall (OA), average (AA), and individual
class accuracies, as well as the κ statistic. However, these statis-
tics are unable to describe how confident a classifier is in the
classification of a certain pixel. With limited training samples,
the parametric optimization of a classifier sometimes results
in high individual accuracies only for large classes (i.e., those
with a significant number of pixels in the scene). However, the
need for correctly classified pixels usually surpasses the need for
high overall accuracies [53]. Hence, in this study, we exploit two
additional statistical metrics to further refine the classification
results provided by our proposed method.
Assuming that R is the set of rejected samples (R̄ is the set

of nonrejected samples) and C is the set of correctly classified
samples (C̄ is the set of incorrectly classified samples), we con-
sider the nonrejected accuracy A and the classification quality
Q [54], which are given as follows:

A =
|C ⋂ R̄|
|R̄| , (9)
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and

Q =
|C ⋂ R̄ + C̄ ⋂R|

|R̄⋃R| . (10)

In this study, we adopt a nonparametric way to simplify the
rejection process when calculating the statistics A and Q as
a function of the rejected fraction, following previous devel-
opments in [54]. By sorting the maximum probabilities of all
pixels’ probabilistic output, we can easily decide the rejections
by accepting pixels with higher maximum probabilities and re-
jecting the remaining pixels. When different classifiers exhibit
different confidence in the classification of the same pixels, this
means that a rejected pixel by one classifier can held higher
confidence by another classifier. This makes it possible to fur-
ther improve the classification results by combining the pixels
with confident classifications by different techniques. In order
to obtain a combined classification Ŷ, we define the acceptance
of a classifier m as

Sacc = where(pm (i) > λ) (11)

where λ is a constant decided by how many pixels we would
like to reject. Then, the rejection set from classifier n can be
defined as

Srej = where(pn (i) < λ). (12)

Instead of using lambda, the rejection fraction (ratio of re-
jection) was recommended by the works [53], [54]. The main
reason is that it is easier to compare different methods under the
rejection fraction. As a result, in our study, we used the ratio
of rejection to illustrate the obtained results. As for the selec-
tion of the rejection fraction, it is generally defined by the user
according to a desired accuracy after rejection. With the above
formulation in mind, two classifiers can be simply combined as
follows:

Ŷ = arg max pm (Sacc)
⋃

pn (Srej) (13)

where Ŷ is the final classification map obtained after combining
the output provided by the two classifiers. In practice, we just
need to select a value for the rejection fraction when combining
two classification results. To do this, we search the whole so-
lution space of rejection fractions [0.01, 0.99] with interval of
0.01 and, then, select the combination that reaches the highest
overall accuracy. In this study, we use this simple concept to ef-
fectively merge the classification output of the aforementioned
SP strategy with the classification obtained from the original
image, thus exploiting both strategies (i.e., class-dependent and
image-dependent) to provide our final classification output.

III. EXPERIMENTAL RESULTS

In this section, we evaluate the presented SP method by using
three well-known hyperspectral datasets: a ROSIS dataset col-
lected over Pavia University, Italy, an AVIRIS dataset collected
over the Indian Pines region, and a HYDICE dataset collected
over Washington DC Mall. We first describe the three hyper-
spectral datasets. Then, we discuss the results obtained by using

the proposed classification framework based on SP, using the
aforementioned datasets.

A. Hyperspectral Images Used in Experiments

The first hyperspectral image used in our experiments [see
Fig. 2(a)] was collected by ROSIS over the University of Pavia,
Italy. The dataset consists of 115 spectral bands between 0.4
and 1.0 μm, with size of 610× 340 pixels. The noisy bands had
been removed, yielding 103 spectral bands. The ground-truth
image in Fig. 2(b) contains nine ground-truth classes, 3921 fixed
training samples distributed together with the data, and 40 002
test samples [62], [63].
The second hyperspectral image used in our experiment is

the well-known AVIRIS Indian Pines1 dataset, displayed in
Fig. 2(d). It comprises 145 × 145 pixels and was collected
over Northwestern Indiana in June 1992. As shown by Fig. 2(e),
a total of 10 366 pixels are available in the labeled ground-truth,
including 16 mutually exclusive classes. In the following exper-
iments with this dataset, we use 640 randomly selected training
samples in total to illustrate the performance of the method us-
ing limited training sets. We also conduct 20 Monte Carlo runs
to ensure statistical significance. Although some of the bands
are considered to be corrupted by water absorption features and
noise, we will use all of them since the considered BS algo-
rithms have the capacity to automatically screen and select the
most useful spectral bands.
The third hyperspectral image used in experiments was col-

lected by HYDICE over the Washington DC Mall. It comprises
191 bands with 3-m spatial resolution. This image originally
contains 1280 lines with 307 pixels in each line. The test image
used in experiments and its ground-truth are shown in Fig. 2(g)
and (h), respectively. The image is available online.2 In our ex-
periments, we use 26 981 labeled samples collected from seven
ground-truth classes.
For the three datasets, we plot the average spectral signatures

of each class in Fig. 2(c), (f), and (i) to give an idea of the
spectral similarity of the classes. Using the aforementioned hy-
perspectral datasets, we statistically evaluate the sensitivity of
our methods to different percentages of training samples after
20Monte Carlo runs. The processing times are also reported and
discussed. All our experiments have been conducted by using
MATLAB R2013a in a desktop PC equipped with an Intel Core
i7 CPU (at 3.6 GHz) and 32 GB of RAM.

B. Experiments With Real Hyperspectral Data

Before reporting our experimental results, we emphasize that
we have optimized the parameter settings in order to obtain the
best performance from each individual method involved in the
classification framework. The BS algorithms used in this study
have a single input parameter that is the number of spectral
bands to be selected. We use the same number of bands for all
individual spectral partitions in the framework of the presented
method for simplicity. In order to decide this number, we need

1https: //engineering.purdue.edu/biehl/MultiSpec/hyperspectral.html
2https://engineering.purdue.edu/ landgreb/Hyperspectral.Ex.html
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Fig. 2. Experimental hyperspectral datasets along with their ground-truth and average spectral signatures per class. (a) ROSIS Pavia University dataset.
(b) Ground-truth. (c) Spectral signatures of the ROSIS data. (d) AVIRIS Indian Pines dataset. (e) Ground-truth. (f) Spectral signatures of the AVIRIS data.
(g) HYDICE Washington DC Mall data set. (h) Ground-truth. (i) Spectral signatures of the Hydice data.

to bear in mind that the number of spectral bands should be
enough to provide discriminative spectral details with less band
overlapping among the partitions, to preserve the diversity of
the views provided. After several empirical experiments, we
decided to use 20 bands for the ROSIS Pavia University dataset,
60 bands for the AVIRIS Indian Pines dataset, and 40 bands
for the HYDICE Washington DC Mall dataset. For the two
considered classifiers: SVM and MLR, we used the Gaussian
radial basis function kernel. This has been one of the most
successful andwidely used kernel functions in the literature [64],
[65]. In our experiments, we empirically found that this kernel
provides superior performance to other kernels. For the MLR
classifier, the logistic regressors (assumed to be random vectors
with independent Laplacian components) are learnt using the
LORSAL algorithm [52].

1) Experiments With ROSIS Pavia University Data: In this
section, our presented SP method is first tested with the RO-
SIS Pavia University data. Two well-established BS algorithms,
SNR and BDM-LCMV, are used to construct two SP methods
called SP-SNR and SP-BDM-LCMV, respectively. Our method
is compared with three other strategies based on:
1) Conducting classification on the original hyperspectral

image.
2) Conducting classification on the band subsets selected by

the same two BS algorithms.
3) Conducting classification after applying the recently de-

veloped adaptive affinity propagation based SP method
(SP-AAP) in [33].

Figs. 3(a) and 3(b), respectively, illustrate the multiple groups
of selected bands obtained using the SNR and the BDM-
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Fig. 3. Spectral partitions obtained by our presented SP method from the ROSIS Pavia University data. Our method incorporates two BS algorithms: SNR
(a) and BDM-LCMV (b), respectively. The spectral partitions obtained by SP-AAP are displayed in (c). In all the plots, the x-axis denotes the set of original
spectral bands, while the y-axis represents the group of selected bands (each horizontal line displays one group of selected bands).

LCMV criteria, while Fig. 3(c) shows the bands in the spectral
partitions obtained after using SP-AAP. In all the plots, the x-
axis denotes the set of original spectral bands while the y-axis
represents the selected bands for each class. For example, from
up to down along the y-axis, the first horizontal line of the plots
shows all the original spectral bands of the ROSIS data and the
second horizontal line (SNR-Ori) shows the selected bands by
the SNR algorithm with all labeled training samples as input.
Then, from the third line on, the figure lists the class-oriented
spectral partitions (multiple views) consisting of the selected
bands that correspond to the different classes in the scene, e.g.,
Meadows, Gravel, trees, and so forth. In the case of SP-AAP,
five SPs are identified in Fig. 3(c).
Several observations can be made for the plots displayed

in Fig. 3. First and foremost, in contrast with the original BS
algorithms, our presented method is able to make use of more
of the original spectral bands via different multiple partitions of
selected bands. The union of the spectral partitioned bands gives
amuch larger band set in comparison to applying a BS algorithm
over the original image. Another important observation is that
there is great diversity in the selected bands among the spectral
partitions that are obtained by using our presented SP method.
We remark here that possible reason is that most of the classes
in the Pavia University scene are dissimilar resulting in different
BSs. And this is crucial for generating different views for the
classification ensemble process [31], [40]. We also observed
that the union of the obtained partitions does not give the full
original hyperspectral image. This is expected, as the original
hyperspectral image exhibits high redundancy and not all the
bands may be useful for classification purposes. Quite opposite,
the SP-AAP method generates more equally sampled spectral
bands in each partition. In this case, we are still considering the
full spectral information in the scene but voluntarily deciding
not to use all of the bands for the construction of the multiple
views. Finally, we note that the two considered BS algorithms
obtained different spectral partitions, whichwill lead to different
classification results. The key of our approach is to exploit these
partitions synergistically by means of the presented MCS. In
the following, we discuss the experimental results acquired after
using the obtained spectral partitions for classification purposes.
In order to provide a fair comparison with the SP-AAP, we
set its number of spectral partitions to five with the ultimate

goal of obtaining the same number of spectral bands in each
partition. This is mainly because the number of bands of each
spectral partition has a strong impact on the final classification
performance.
Table I shows the classification results obtained by the differ-

ent tested methods for the ROSIS Pavia University data. When
the SNR is used for BS prior to classification, the results remain
almost the same, while 1.55% increase in OA is observed when
the BDM-LCMV BS algorithm is used, as compared to using
the original spectral information. In comparison with the single
BS strategy, the classification results are improved by the con-
sidered multiple classifier-based feature learning strategy based
on multiple views provided by different spectral partitions. On
the other hand, our SPmethod leads to improvements in classifi-
cation accuracy. For example, in the case of using BDM-LCMV
for SP, the OA improved by 5.33% for the SVM classifier and
by 5.07% for the MLR classifier, respectively. When the SNR
is used for SP, the observed increase in OA amounts to 1.64%
(SVM) and 1.74% (MLR). This is consistent with the observa-
tions in Fig. 3(a) and (b), wherewe can see that theBDM-LCMV
obtained more diversity in the spectral partitions than the SNR
criterion. Also, our BDM-LCMV obtained better results than
the SP-AAP with 2.09% (SVM) and 0.13% (MLR) increase in
OA, respectively.
In order to further evaluate the potential of our presented

method, Fig. 4 displays the classification maps after rejection of
some unconfident pixels to obtain a 90% accuracy ofA [see (9)]
of the remaining pixels. It is remarkable that 96% pixels of the
classification obtained using the original spectral information
have to be discarded to get a more confident result of 90% accu-
racy,while our presentedmethod (using the SVMclassifier) only
needs to discard 39% (SP-SNR) and 20% (SP-BDM-LCMV) of
the pixels. It is also remarkable that the presented SP method
shows great advantage over standard BS algorithms in the case
of the ROSIS Pavia University data. Similar observations can
be made for the MLR classifier. For illustrative purposes, Fig. 5
plots the nonrejected accuracy (A) as well as the classification
quality (Q) as a function of the rejected fractions. From Fig. 5,
we can also see that our presented method has more biased
confidence toward the individual pixels to label, in comparison
with the original spectral information. As a matter of fact, the
partitions obtained by the proposed method appear to be more
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TABLE I
OVERALL, AVERAGE AND INDIVIDUAL CLASS ACCURACIES [%] AND κ STATISTIC OBTAINED BY THE PRESENTED CLASSIFICATION FRAMEWORK IMPLEMENTED

USING THE SVM AND MLR WITH THE BS ALGORITHMS: SNR AND BDM-LCMV, FOR THE ROSIS PAVIA UNIVERSITY SCENE

SVM BS SP BS + Original SP + Original

Class Train/test All SNR BDM-LCMV SNR BDM-LCMV AAP SNR BDM SNR BDM-LCMV AAP

Alfalfa 548/6304 84.63 83.98 83.57 77.92 84.76 83.55 84.58 84.66 84.20 84.33 84.41
Meadows 540/18146 66.04 66.04 70.69 74.80 78.61 76.32 66.85 71.45 77.23 78.89 77.36
Gravel 392/1815 73.39 68.54 67.99 56.36 69.31 62.75 71.40 70.41 72.89 72.07 67.71
Trees 524/2912 97.49 98.18 98.11 97.32 97.97 94.06 98.45 98.15 97.80 98.18 96.67
Metal sheets 265/1113 99.46 99.37 99.28 99.28 99.46 99.37 99.46 99.46 99.46 99.46 99.46
Bare soil 53/4572 94.27 92.94 92.17 90.44 91.69 90.66 94.07 93.83 93.83 92.67 92.72
Bitumen 375/981 91.13 86.54 89.91 85.32 89.50 87.36 89.09 91.34 91.34 91.03 89.91
Bricks 514/3364 92.12 91.91 93.25 86.92 93.40 91.83 92.69 93.16 92.21 92.78 92.72
Shadows 231/795 99.37 97.74 98.74 95.85 98.87 99.75 99.25 99.12 99.25 99.50 99.62

Overall accuracy 79.22 78.63 80.77 80.26 84.55 82.46 79.53 81.63 84.19 84.86 83.85
Average accuracy 88.66 87.25 88.19 84.91 89.29 87.29 88.43 89.06 89.80 89.88 88.95

κ statistic 73.82 73.12 75.57 74.71 80.05 77.40 74.21 76.63 79.65 80.45 79.18

MLR BS SP SP + Original BS + Original

Class Train/test All SNR BDM-LCMV SNR BDM-LCMV AAP SNR BDM SNR BDM-LCMV AAP

Alfalfa 548/6304 77.27 71.39 79.52 75.97 80.50 82.73 80.08 80.93 78.39 81.99 82.73
Meadows 540/18146 75.79 74.14 80.31 83.03 84.45 82.55 81.97 82.88 83.33 84.85 82.55
Gravel 392/1815 65.84 64.81 78.27 75.25 75.68 81.60 78.83 78.95 78.40 81.17 81.60
Trees 524/2912 93.68 86.68 92.31 92.60 91.65 94.70 91.06 92.93 91.94 91.98 94.70
Metal sheets 265/1113 99.46 99.35 99.46 98.80 99.78 99.13 99.35 99.35 98.80 99.78 99.13
Bare soil 53/4572 84.38 78.11 79.46 80.30 87.11 88.83 83.68 84.28 81.38 87.36 88.83
Bitumen 375/981 85.63 85.88 91.22 92.11 93.77 93.26 89.06 91.98 91.98 93.64 93.26
Bricks 514/3364 86.21 72.48 73.65 69.42 83.43 80.12 71.92 75.54 70.97 75.70 80.12
Shadows 231/795 97.48 100 100 100 99.83 100 100 100 100 99.83 100

Overall accuracy 80.06 76.01 81.50 81.80 85.13 85.00 82.56 83.69 82.67 85.20 85.00
Average accuracy 85.08 81.43 86.02 85.28 88.47 89.21 86.22 87.43 86.13 88.48 89.21

κ statistic 74.42 68.48 75.55 75.70 79.97 79.86 76.64 78.18 76.78 80.04 79.68

The SP-AAP SP method is also included for comparison. Here, use the accepted pixel subset of the spectral partition approaches while using the rejected pixel
subset of the original classifier. The results obtained using the original spectral information and the spectral bands selected by using the SNR and BDM-LCMV
are also included. In all cases, 3921 training samples have been used.

informative than those obtained using traditional BS algorithms.
This opens the door to combining several classifiers when they
have different preferred pixel subsets in terms of confidence, es-
pecially when both subsets share a limited common set of pixels.
In this case, the SP-AAP obtained slightly lower but competitive
performance when compared to our proposedmethods, SP-SNR
and SP-BDM-LCMV.
With the aforementioned observations in mind, we try to fur-

ther improve the classification results of our presented method
by using (13). Since more confidence exists in the results of
our presented method, we use the accepted pixel subset of SP-
SNR (or SP-BDM-LCMV) while using the rejected pixel subset
of the classifier applied to the original hyperspectral image. In
this case, we are effectively combining the results obtained us-
ing the original spectral information and the spectral partitions
derived by our proposed approach. The results are shown in
Table I. In other words, the results in this table have been op-
timized to find the best combination of classifiers bearing in
mind the rejection fractions. The effect of this combination on
the OAs% is shown in Fig. 6, as a function of the rejection
fractions. Remarkably, the classification result of SP-SNR is
improved by about 4% (from 80.26% to 84.19%) when using
the SVM and by 6.66% (from 76.01% to 82.56%) when using
the MLR.

In order to evaluate the sensitivity of our methods to different
numbers of training samples, Fig. 7 plots the OA achieved by
different methods as a function of the percentage of training
samples used to train the classifier. From Fig. 7, it is remark-
able that the proposed framework (implemented with SP-BDM-
LCMV) provides better results when compared with the other
methods. When the number of training samples increases, the
performance also increases, implying robustness with respect to
different training sample sets. Also, the SP-SNR obtained re-
sults which are close to those obtained by the SP-AAP method,
even though the single SNR BS method performed compara-
tively worst among all methods. On the other hand, we also
calculated the processing times in the considered computing
environment (see Table II). As shown by Table II, our presented
SP methods are time consuming as their computational time is
approximately seven to ten times that of using the original spec-
tral bands of the hyperspectral image. However, the presented
SP framework performs very fast in the task of obtaining the
spectral partitions, as it only considers the labeled samples as
input. Also, the spectral partitions are independently learnt by
the classifiers. As a result, it is very feasible to perform the clas-
sification step in parallel by resorting to multicore architectures
of exploiting coprocessors such as graphics computing units.
With these implementation enhancements, the complexity of
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Fig. 4. Classification maps (with rejection) obtained by the proposed classification framework, using the original spectral information (a), (g), with the 20
selected bands by using SNR (b), (h) and BDM-LCMV (c), (i) algorithms, and with the spectral partitions obtained by our proposed SP approach implemented
with SNR (d), (h) and BDM-LCMV (e), (k) and the SP-AAP method (f), (l) for the ROSIS Pavia University data. The percentage in the parenthesis denotes the
proportion of pixels remaining after rejection. Maps (a)–(f) are obtained with the SVM classifier, while (g)–(l) are obtained with the MLR classifier. In all cases, a
total of 3921 randomly selected training samples were used for training and the rest used for testing. The maps are displayed with partial pixels rejected in order
to obtain a 90% classification accuracy for the remaining ones. Note that the overall accuracies for the unrejected pixels of each map are calculated by considering
the labeled test samples, with the training samples excluded. (a) SVM (4%). (b) SVM-SNR (0%). (c) SVM-BDM-LCMV (41%). (d) SVM-SP-SNR (61%).
(e) SVM-SP-BDM-LCMV (80%). (f) SVM-SP-AAP (65%). (g) MLR (65%). (h) MLR-SNR (52%). (i) MLR-BDM-LCMV (77%). (j) MLR-SP-SNR (78%).
(k) MLR-SP-BDM-LCMV (83%). (l) MLR-SP-AAP (81%).

the method can be kept within similar levels as the classification
of the original image.
2) Experiments With AVIRIS Indian Pines Data: In this sec-

tion, we report the experimental results obtained by our SP
method with the AVIRIS Indian Pines data. The same BS al-
gorithms: SNR and BDM-LCMV are also used in this case to
generate spectral partitions, which are respectively referred to
as SP-SNR and SP-BDM-LCMV. For simplicity, we conduct
the experiments using the same conditions for all groups. Con-
sidering the fact that most classes of the AVIRIS Indian Pines
scene are given by vegetation features with spectrally similar
signatures, a larger number of spectral bands is needed in order
to retain enough spectral details to distinguish different classes.
On the other hand, increasing the number of bands may be
detrimental to the diversity for the MCS, since a larger number
of bands in the partitions means higher partition overlaps [48].
Consequentially, and for simplicity purposes, we empirically set
the number of selected bands to 60 for our SP methods as well
as for the SP-AAP method. First of all, we perform the experi-
ments by using 640 randomly selected labeled samples for both

the SVM [61] and MLR-LORSAL classifiers [52]. Each group
of results is obtained after 20 Monte Carlo runs. The average
values and standard variations are reported. Then, we also re-
ported the performance of our presented methods with regards
to different percentages of labeled training samples, along with
the corresponding processing times.
Fig. 8 displays the spectral bands selected by the SNR and

BDM-LCMV algorithms, as well as the spectral partitions ob-
tained by using our SP-SNR and SP-BDM-LCMV methods
and the SP-AAP method. In the case of SP-SNR, it can be
seen that each spectral partition consists of more diverse bands
as compared to using SNR with all the training samples. It
is also interesting to note that noisy and water absorption
bands have low probability to be selected by SP-SNR and SP-
BDM-LCMV, even though we used all of the original bands
as input to the algorithms in order to allow them to select
the most informative bands automatically. The SP-AAP SP
method is not able to detect and screen the noisy and water
absorption bands in this case. Finally, we can also see from
Fig. 8 that the spectral partitions obtained exhibit diverse BSs
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Fig. 5. Nonrejected accuracies (A) and classification qualities (Q) as a function of rejected fractions with the ROSIS Pavia University data set. These
plots correspond to the results in Table I. (a) Nonrejected accuracies A (SVM). (b) Classification qualities Q (SVM). (c) Nonrejected accuracies A (MLR).
(d) Classification qualities Q (MLR).

Fig. 6. Classification OAs (as a function of rejections) obtained by our proposed classification framework with the ROSIS Pavia University data, after being
supported by the rejected pixels of the classifier using the original spectral information. (a) SVM. (b) MLR.

but with similar patterns across the classes. It is reasonable
that the BSs share a degree of similarity considering the fact
that the classes in the scene are mostly related to vegetation
features [see also Fig. 2(f)].
Tables III and IV show the OA, AA, κ, and individual classifi-

cation accuracies (obtained by the SVM andMLR, respectively)
after using 640 randomly selected pixels (about 40 pixels per
class on average) for training and the rest of the labeled samples
for testing. If the number of samples available in the ground-
truth image is less than 20, we take half of the total samples
in that class for training and the other half for testing. Several

observations can be drawn from the results reported in Tables III
and IV. First of all, the presented approach leads to an increase of
about 1% to 4% in classification accuracy (regardless of the BS
method used) in comparison with using all the spectral bands in
the original image. Although the advantage seemsmoderate, the
individual accuracies of 13 out of 16 classes (with the SVM) and
12 out of 16 classes (with the MLR) in the scene are improved
by our presented SP method. Second, when compared with
standard BS (SNR and BDM-LCMV) on the original image, our
presented method can further improve the classification accu-
racy by about 5% by providing multiple views from the original
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Fig. 7. Overall classification accuracies (as a function of the number of training samples) obtained by the proposed classification framework (with the original
spectral information and with SP-SNR, SP-BDM-LCMV, and SP-AAP) for the ROSIS Pavia University scene. The solid lines represent the average of 20 Monte
Carlo runs, whereas the colored area around the lines represent the standard deviation around the mean. Plots (a) is obtained using the SVM classifier and (b) is
obtained using the MLR classifier. (a) SVM. (b) MLR.

TABLE II
PROCESSING TIMES OF DIFFERENT METHODS FOR ROSIS PAVIA UNIVERSITY SCENE

SVM (different percentages of training samples [%])

Time/sec 1 2 4 6 8 10

Original 1.66 ± 0.16 2.66 ± 0.32 4.65 ± 0.34 6.60 ± 0.35 8.62 ± 0.58 10.58 ± 0.6
SNR 1.48 ± 0.13 2.34 ± 0.30 4.15 ± 0.32 5.89 ± 0.34 7.61 ± 0.56 9.58 ± 0.59
BDM-LCMV 1.36 ± 0.15 2.25 ± 0.31 3.88 ± 0.32 5.28 ± 0.34 7.11 ± 0.55 9.07 ± 0.58
SP-SNR 9.99 ± 0.45 15.27 ± 0.64 27.25 ± 0.92 40.99 ± 1.48 55.80 ± 1.69 71.00 ± 2.63
SP-BDM-LCMV 8.49 ± 0.54 12.81 ± 0.72 23.75 ± 0.84 36.64 ± 1.46 51.21 ± 2.02 66.17 ± 2.46
SP-AAP 5.43 ± 0.46 8.54 ± 0.75 16.32 ± 0.80 23.01 ± 1.44 31.81 ± 1.79 39.98 ± 2.66

MLR (different percentages of training samples [%])

Time/sec 1 2 4 6 8 10

Original 1.20 ± 0.13 3.48 ± 0.37 10.41 ± 1.34 21.66 ± 2.07 35.60 ± 2.69 50.13 ± 3.15
SNR 1.08 ± 0.13 3.15 ± 0.38 9.38 ± 1.33 19.63 ± 2.04 32.03 ± 2.35 45.13 ± 2.95
BDM-LCMV 1.00 ± 0.12 3.07 ± 0.39 9.28 ± 1.34 19.49 ± 2.05 32.11 ± 2.46 44.57 ± 3.13
SP-SNR 10.57 ± 0.30 30.25 ± 1.08 91.63 ± 3.53 192.27 ± 5.18 311.27 ± 6.66 466.48 ± 6.90
SP-BDM-LCMV 10.23 ± 0.24 29.74 ± 0.94 91.27 ± 3.24 190.92 ± 3.67 310.65 ± 3.89 462.65 ± 4.15
SP-AAP 5.49 ± 0.28 16.43 ± 1.00 50.43 ± 3.29 104.93 ± 4.09 172.10 ± 4.73 257.27 ± 5.33

Fig. 8. Spectral partitions obtained by our presented SP method from the AVIRIS Indian Pines data. Our method incorporates two BS algorithms: SNR (a) and
BDM-LCMV (b). The spectral partitions obtained by SP-AAP are displayed in (c). In all plots, the x-axis denotes the set of original spectral bands, while the
y-axis represents the group of selected bands (each horizontal line displays one group of selected bands).

hyperspectral image into the MCS. This suggests that our
presented SP method is able to enhance the overall statistics
by improving most of the individual classes via multiple views
of the original input features that are provided by different
spectral partitions.

In order to evaluate the classification results in Tables III
and IV from the viewpoint of individual pixels, Fig. 9 displays
the corresponding classification statistics: nonrejected accuracy
(A) and classification quality (Q) as a function of the rejected
fractions. It can be seen from Fig. 9(a) and (c) that all discussed
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TABLE III
OVERALL, AVERAGE, AND INDIVIDUAL CLASS ACCURACIES [%] AND κ STATISTIC OBTAINED BY THE PRESENTED CLASSIFICATION FRAMEWORK IMPLEMENTED

USING THE SVMWITH THE BS ALGORITHMS: SNR AND BDM-LCMV, FOR THE AVIRIS INDIAN PINES SCENE

BS (SVM) SP (SVM)

Class All SNR BDM-LCMV SNR BDM-LCMV SP-AAP

Alfalfa 94.56 ± 5.15 96.4 ± 5.46 95.00 ± 6.99 96.76 ± 5.44 97.12 ± 5.41 93.93 ± 6.25
Corn-notill 75.66 ± 3.43 70.85 ± 6.29 71.07 ± 4.49 76.62 ± 4.27 76.82 ± 3.88 75.44 ± 3.74
Corn-mintill 73.05 ± 4.94 70.96 ± 5.70 68.46 ± 5.32 75.51 ± 5.35 75.31 ± 5.36 72.90 ± 4.54
Corn 90.78 ± 3.03 88.66 ± 3.56 88.31 ± 3.70 90.86 ± 2.95 91.27 ± 3.04 91.00 ± 3.94
Grass/pasture 92.44 ± 2.33 90.36 ± 3.01 89.45 ± 3.19 92.12 ± 2.93 91.62 ± 3.18 91.28 ± 3.26
Grass/trees 93.73 ± 2.25 91.84 ± 2.94 90.88 ± 2.10 93.67 ± 2.30 93.77 ± 2.14 94.21 ± 1.88
Grass/pasture-mowed 92.31 ± 6.11 91.54 ± 7.85 91.54 ± 6.06 91.92 ± 6.82 91.54 ± 7.01 90.32 ± 7.89
Hay-windrowed 96.52 ± 1.13 96.00 ± 1.49 95.84 ± 1.20 97.21 ± 1.30 97.27 ± 1.08 96.58 ± 1.98
Oats 92.50 ± 14.1 83.50 ± 19.81 84.00 ± 14.65 92.50 ± 13.33 93.50 ± 12.26 90.94 ± 16.83
Soybeans-notill 79.84 ± 5.21 78.04 ± 4.84 74.55 ± 5.68 83.06 ± 5.42 82.96 ± 4.63 81.85 ± 5.04
Soybeans-mintill 72.15 ± 3.13 71.24 ± 3.57 67.26 ± 3.86 75.55 ± 3.82 75.43 ± 3.58 72.19 ± 4.89
Soybeans-cleantill 87.74 ± 4.37 87.33 ± 4.10 85.69 ± 4.73 90.08 ± 3.81 89.28 ± 3.71 87.03 ± 3.61
Wheat 99.36 ± 0.50 98.66 ± 1.08 99.01 ± 0.79 99.21 ± 0.64 99.24 ± 0.54 99.36 ± 0.37
Woods 90.37 ± 2.71 91.82 ± 3.41 90.24 ± 4.32 92.62 ± 2.42 92.77 ± 1.94 91.80 ± 2.87
Bldg-Grass-Tree-Drives 75.73 ± 6.12 68.31 ± 5.48 67.00 ± 5.39 73.40 ± 6.80 73.17 ± 5.76 72.22 ± 5.75
Stone-stell towers 94.34 ± 3.08 92.97 ± 2.79 93.98 ± 2.58 93.61 ± 2.41 94.53 ± 2.64 94.97 ± 3.19
Overall accuracy 81.50 ± 1.20 79.83 ± 1.44 77.88 ± 1.29 83.34 ± 1.20 83.28 ± 1.23 83.05 ± 1.06
Average accuracy 87.57 ± 1.35 85.53 ± 1.85 84.52 ± 1.37 88.42 ± 1.53 88.48 ± 1.42 88.73 ± 1.49
κ statistic 78.98 ± 1.33 77.05 ± 1.61 74.87 ± 1.44 81.04 ± 1.34 80.98 ± 1.37 80.52 ± 1.16

The results obtained using the original spectral information and the spectral bands selected by using the SNR and BDM-LCMV are also
included. SP-AAP is also included for comparison. In all cases, only 640 randomly selected training samples have been used.

TABLE IV
OVERALL, AVERAGE, AND INDIVIDUAL CLASS ACCURACIES [%] AND κ STATISTIC OBTAINED BY THE PRESENTED CLASSIFICATION FRAMEWORK IMPLEMENTED

USING THE MLR WITH THE BS ALGORITHMS: SNR AND BDM-LCMV, FOR THE AVIRIS INDIAN PINES SCENE

BS (MLR) SP (MLR)

Class All SNR BDM-LCMV SNR BDM-LCMV SP-AAP

Alfalfa 86.43 ± 6.91 86.79 ± 8.44 83.57 ± 8.39 89.21 ± 7.43 90.00 ± 8.16 82.50 ± 9.41
Corn-notill 70.86 ± 3.81 68.11 ± 3.74 67.54 ± 3.65 71.87 ± 3.44 71.50 ± 3.27 69.01 ± 3.56
Corn-mintill 58.05 ± 3.84 57.40 ± 4.68 59.01 ± 4.21 62.95 ± 3.72 58.26 ± 3.86 61.39 ± 4.44
Corn 78.60 ± 5.38 78.42 ± 3.46 73.20 ± 6.59 78.71 ± 6.39 77.85 ± 4.50 73.97 ± 6.16
Grass/pasture 83.77 ± 3.03 82.48 ± 3.49 83.16 ± 2.96 85.42 ± 3.07 87.53 ± 3.48 84.72 ± 3.31
Grass/trees 93.53 ± 1.82 92.67 ± 1.99 88.19 ± 2.50 93.16 ± 2.21 92.39 ± 1.96 89.05 ± 2.57
Grass/pasture-mowed 82.24 ± 8.67 88.46 ± 7.69 75.71 ± 10.91 83.24 ± 9.02 84.55 ± 7.90 83.40 ± 9.09
Hay-windrowed 96.56 ± 1.19 93.90 ± 1.95 91.78 ± 2.97 94.95 ± 2.55 92.96 ± 3.19 93.16 ± 3.08
Oats 82.62 ± 16.34 84.29 ± 15.70 74.85 ± 12.25 82.79 ± 13.03 90.40 ± 8.25 69.75 ± 14.00
Soybeans-notill 69.26 ± 5.81 71.07 ± 4.41 68.31 ± 4.46 76.25 ± 4.58 70.26 ± 4.55 77.06 ± 3.76
Soybeans-mintill 58.35 ± 5.19 56.52 ± 5.08 56.61 ± 4.05 66.67 ± 4.48 59.67 ± 4.51 67.64 ± 4.63
Soybeans-cleantill 78.48 ± 5.38 76.94 ± 4.04 66.24 ± 5.39 79.07 ± 3.85 74.91 ± 5.35 76.83 ± 3.94
Wheat 99.56 ± 0.26 99.53 ± 0.31 98.89 ± 0.50 99.33 ± 0.44 99.12 ± 0.75 99.06 ± 0.58
Woods 90.49 ± 2.50 87.66 ± 4.40 85.16 ± 4.03 90.83 ± 3.67 89.94 ± 2.63 90.14 ± 4.15
Bldg-Grass-Tree-Drives 71.74 ± 4.26 67.66 ± 3.44 63.99 ± 3.48 69.75 ± 4.60 68.42 ± 3.45 64.09 ± 5.85
Stone-stell towers 92.22 ± 4.18 93.23 ± 3.60 93.13 ± 3.56 94.70 ± 3.39 87.92 ± 3.70 92.41 ± 5.34
Overall accuracy 73.80 ± 1.24 72.25 ± 1.12 70.45 ± 1.12 77.37 ± 1.20 73.83 ± 1.15 76.31 ± 1.34
Average accuracy 80.80 ± 1.77 80.32 ± 1.41 76.83 ± 1.75 81.47 ± 1.43 80.98 ± 1.22 79.20 ± 1.24
κ statistic 70.33 ± 1.34 68.57 ± 1.21 66.62 ± 1.22 73.17 ± 1.33 70.30 ± 1.26 72.29 ± 1.48

The results obtained using the original spectral information and the spectral bands selected by using the SNR and BDM-LCMV are also
included. SP-AAP is also included for comparison. In all cases, only 640 randomly selected training samples have been used.

methods exhibit a similar trend, with the rejection fraction in-
creasing. A similar pattern can be observed in Fig. 9(b) and
(d), which implies that similar confidence distributions toward
the pixels are provided by all the methods considered in this
experiment. This observation is illustrated by the classification
maps with 90% ofA after rejection in Fig. 10. Even though only
about 2% to 4% increase in OA is observed after applying our
proposed SP framework, about 7% and 30% increase of

nonrejected accuracy A is observed when compared with the
classifier applied to the original hyperspectral image, and also
after using the considered BS algorithms. In comparison with
the SP-AAP, our methods also provide higher classification ac-
curacy and rejection confidence when using different rejection
fractions. On the other hand, if we compare the five classifi-
cation maps with 90% of nonrejected accuracy A in Fig. 10,
we can observe that all the methods involved in this case hold
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Fig. 9. Statistics of nonrejected accuraciesA and classification qualitiesQ of the classifications as a function of rejected fractions with the AVIRIS Indian Pines
data. These plots correspond to the results in Tables III–IV. (a) Nonrejected accuraciesA (SVM). (b) Classification qualitiesQ (SVM). (c) Nonrejected accuracies
A (MLR). (d) Classification qualities Q (MLR).

similar confidence toward the pixels in the scene. This is con-
sistent with our discussion of the results in Fig. 9. Despite the
presence of similar confidence distribution in the pixels, we plot
the combined classification result against the classifications ob-
tained using SVM with all the original spectral bands and our
presented SP method to validate the discussions above. From
Fig. 11, we can see that, although the proposed SP strategy ob-
tains better results than standard BS algorithms and SP-AAP
SP method, other extra advantages can be achieved in the views
of A and Q with rejections. The improvement is also observed
in the case of the ROSIS Pavia University data, after supported
by the classifier using all the original spectral bands as a whole.
This is consistent with the aforementioned observations and dis-
cussions, in the sense that the results of our presented SPmethod
(embeddedwith BS algorithms) are further improved after being
supported by the classifier using all the original spectral bands,
a phenomenon that is observed for both the ROSIS Pavia Uni-
versity scene and the AVIRIS Indian Pines scene. Also, the sim-
ilarity of the confidence distributions of the two classifications
obtained for each pixel suggests that similar confidences toward
individual pixels can be obtained by the different methods tested
in the case of the AVIRIS data scene. This is reasonable, con-
sidering the fact that most of the classes in this scene comprise
vegetation features that share very similar spectral signatures,
leading to low classification diversity that SP is able to generate
by providing multiple views of the original hyperspectral data.

In order to evaluate the sensitivity of our methods to different
numbers of training samples, we also plot the overall accuracy
statistics (mean value and standard deviation) of different meth-
ods as a function of the percentage of training samples as input
(see Fig. 12). From Fig. 12, it is remarkable that our presented
methods outperform those methods that only use the spectral
bands of the original image or the bands selected by single-BS
algorithms. This is the case for different percentages of train-
ing samples. Finally, it can also be seen that for both classifiers
(SVM and MLR), our class-oriented SP methods generally ob-
tained higher OAs when compared with the SP-AAP method.
Meanwhile, we also report the processing times of the experi-
ments reported in Fig. 12 on Table V. From Table V, we can
observe that our presented SP methods required 5 to 12 times
more computation than the original group and three times more
than the SP-AAP. As explained before, these times can be signif-
icantly reduced by resorting to simple parallel implementation
frameworks.
3) Experiments With the HYDICE Washington DC Mall

Dataset: In this section, we tested our SP method with the
HYDICEWashington DCMall dataset. First of all, we used 2%
randomly selected training samples from the labeled reference
data for training (and the rest for testing). For simplicity, the
experimental results are obtained by using the same conditions
for all groups. Similar to the experiments with the previous two
hyperspectral datasets, we set empirically the number of bands
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Fig. 10. Classification maps (with rejection) obtained by the proposed classification framework, using the original spectral information (a), (g), with the 60
selected bands by using SNR (b), (h) and BDM-LCMV (c), (i) algorithms, and with the spectral partitions obtained by our proposed SP approach implemented
with SNR (d), (h) and BDM-LCMV (e), (k) and the SP-AAP method (f), (l) for the AVIRIS Indian Pines data. The percentage in the parenthesis denotes the
proportion of pixels remaining after rejection. In all cases, a total of 640 randomly selected training samples were used for training and the rest used for testing.
The maps are displayed with partial pixels rejected in order to obtain a 90% classification accuracy for the remaining ones. Note that the overall accuracies for the
unrejected pixels of each map are calculated by considering the labeled test samples, with the training samples excluded. (a) SVM (79%). (b) SVM-SNR (76%).
(c) SVM-BDM-LCMV (68%). (d) SVM-SP-SNR (86%). (e) SVM-SP-BDM-LCMV (86%). (f) SVM-SP-AAP (83%). (g) MLR (55%). (h) MLR-SNR (35%).
(i) MLR-BDM-LCMV (37%). (j) MLR-SP-SNR (67%). (k) MLR-SP-BDM-LCMV (60%). (l) MLR-SP-AAP (62%).

Fig. 11. Classification OAs (as a function of rejections) obtained by our proposed classification framework with the AVIRIS Indian Pines data, after being
supported by the rejected pixels of the classifier using the original spectral information. Note that plot (a) is obtained from one Monte Carlo run in Table III, while
plot (b) is obtained from one Monte Carlo run in Table IV. In both cases, the selected run is close to the statistical average. (a) SVM. (b) MLR.

to 40 for single BS approaches, for the partitions generated by
our SP methods, and for the SP-AAP.
Fig. 13(a) and (b), respectively, plot the multiple spectral

partitions obtained by using the SP-SNR and SP-BDM-LCMV
methods. The SP results obtained by SP-AAP are shown in
Fig. 13(c). In all the plots, the x-axis represents the set of indices
of the original spectral bands while the y-axis represents the

selected bands for the original image and for each class. From
Fig. 13, we can observe that each class-oriented partition takes
a band subset of much lower dimensionality than the original
number of bands. In all cases, the selection of partitions allows
us to obtain multiple views on the original data.
Table VI displays the OA, AA, κ, and individual accuracies

obtained after using only 2% randomly selected samples for
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Fig. 12. Overall classification accuracies (as a function of the number of training samples) obtained by the proposed classification framework (with the original
spectral information and with SP-SNR, SP-BDM-LCMV, and SP-AAP) for the AVIRIS Indian Pines scene. The solid lines represent the average of 20 Monte
Carlo runs, whereas the colored area around the lines represent the standard deviation around the mean. Plots (a) is obtained using the SVM classifier and (b) is
obtained using the MLR classifier.

TABLE V
PROCESSING TIMES OF DIFFERENT METHODS FOR THE AVIRIS INDIAN PINES SCENE

SVM (different percentage of training samples [%])

Time/sec 2 5 10 15 20

Original 1.87 ± 0.05 7.39 ± 0.24 20.96 ± 0.54 45.01 ± 1.12 77.80 ± 1.00
SNR 1.68 ± 0.05 6.37 ± 0.24 18.82 ± 0.57 40.88 ± 1.12 70.05 ± 1.00
BDM-LCMV 1.59 ± 0.05 6.29 ± 0.24 18.59 ± 0.54 40.08 ± 1.21 69.72 ± 0.99
SP-SNR 9.09 ± 0.36 37.69 ± 0.95 108.89 ± 2.04 238.03 ± 4.30 409.95 ± 3.20
SP-BDM-LCMV 8.67 ± 0.05 36.77 ± 0.80 106.92 ± 2.19 237.15 ± 2.98 417.06 ± 2.21
SP-AAP 2.91 ± 0.10 12.83 ± 0.27 34.82 ± 1.50 78.24 ± 2.11 128.57 ± 2.33

MLR (different percentage of training samples [%])

Time/sec 2 5 10 15 20

Original 0.81 ± 0.11 1.42 ± 0.09 2.36 ± 0.16 3.44 ± 0.27 4.48 ± 0.29
SNR 0.70 ± 0.07 1.22 ± 0.10 2.10 ± 0.16 2.97 ± 0.28 3.89 ± 0.27
BDM-LCMV 0.73 ± 0.08 1.23 ± 0.10 2.15 ± 0.12 3.06 ± 0.28 4.04 ± 0.28
SP-SNR 9.14 ± 0.24 15.19 ± 0.38 24.79 ± 0.58 36.28 ± 0.99 47.59 ± 1.30
SP-BDM-LCMV 9.21 ± 0.17 15.57 ± 0.36 25.98 ± 0.64 38.88 ± 1.12 51.44 ± 1.47
SP-AAP 3.20 ± 0.17 3.89 ± 0.24 6.99 ± 0.54 12.06 ± 0.79 17.33 ± 1.40

Fig. 13. Spectral partitions obtained by our presented SP method from the HYDICE DC Mall dataset. Our method incorporates two BS algorithms: SNR
(a) and BDM-LCMV (b). The spectral partitions obtained by SP-AAP are displayed in (c). In all plots, the x-axis denotes the set of original spectral bands, while
the y-axis represents the group of selected bands (each horizontal line displays one group of selected bands). (a) SP-SNR. (b) SP-BDM-LCMV. (c) SP-AAP.

training and the rest for testing [see Fig. 2(i)]. Several obser-
vations can be drawn from Table VI. First of all, an increase
of about 1% to 6% in classification OA is obtained by our
presented SP-SNR and SP-BDM-LCMV methods in compari-
son with those using all the spectral bands, and also with the
single BS approaches. This observation is consistent with those

made for the two previous hyperspectral datasets, suggesting
the effectiveness of our newly proposed methods for multiple
classifier-based feature learning based onmultiple views that are
provided by spectral partitions. Second, in comparison with the
SP-AAP method, both SP-SNR and SP-BDM-LCMV obtained
improved accuracies. Specifically, relevant improvements are
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TABLE VI
OVERALL, AVERAGE, AND INDIVIDUAL CLASS ACCURACIES [%] AND κ STATISTIC OBTAINED BY THE PRESENTED CLASSIFICATION FRAMEWORK IMPLEMENTED

USING THE SVMWITH THE BS ALGORITHMS: SNR AND BDM-LCMV, FOR THE HYDICE WASHINGTON DC MALL SCENE

BS (SVM) SP (SVM)

Class All SNR BDM-LCMV SNR BDM-LCMV SP-AAP

Roofs 81.34 ± 2.67 83.02 ± 2.83 82.24 ± 3.26 86.78 ± 2.81 88.14 ± 2.25 85.47 ± 2.47
Road 90.48 ± 1.80 90.09 ± 1.38 92.55 ± 1.42 90.57 ± 2.09 93.56 ± 1.43 92.89 ± 1.23
Crass 94.09 ± 1.52 95.00 ± 2.37 94.86 ± 1.51 94.72 ± 2.28 95.83 ± 1.91 95.13 ± 1.77
Trees 93.16 ± 0.92 93.65 ± 1.44 93.18 ± 0.80 94.14 ± 1.51 93.94 ± 1.05 93.68 ± 0.86
Trail 90.96 ± 1.92 87.59 ± 3.22 92.17 ± 1.21 89.48 ± 2.74 93.35 ± 1.66 92.88 ± 1.74
Water 94.40 ± 1.14 90.55 ± 1.69 96.14 ± 0.89 91.78 ± 1.27 93.82 ± 1.73 94.54 ± 1.32
Shadow 97.58 ± 0.47 94.57 ± 1.58 97.36 ± 0.84 94.66 ± 1.70 97.19 ± 0.62 97.61 ± 0.45
Overall accuracy 89.77 ± 0.54 89.56 ± 0.74 90.65 ± 0.74 91.00 ± 0.64 92.71 ± 0.54 91.76 ± 0.64
Average accuracy 91.72 ± 0.35 90.64 ± 0.57 92.64 ± 0.31 91.73 ± 0.57 93.69 ± 0.44 93.17 ± 0.42
κ statistic 87.49 ± 0.65 87.22 ± 0.89 88.57 ± 0.88 88.96 ± 0.77 91.06 ± 0.65 89.91 ± 0.77

BS (MLR) SP (MLR)

Class All SNR BDM-LCMV SNR BDM-LCMV SP-AAP

Roofs 77.51 ± 2.92 79.81 ± 2.13 81.28 ± 1.91 90.36 ± 1.95 90.01 ± 2.34 84.05 ± 3.82
Road 85.89 ± 1.49 90.49 ± 1.29 89.02 ± 1.61 91.73 ± 1.48 90.1 ± 1.58 87.26 ± 1.46
Crass 91.78 ± 1.76 94.99 ± 2.02 94.83 ± 2.07 95.4 ± 1.75 94.56 ± 1.76 92.67 ± 1.75
Trees 93.4 ± 1.43 92.33 ± 1.93 90.43 ± 1.77 94.53 ± 1.32 93.92 ± 1.01 93.95 ± 1.47
Trail 93.95 ± 1.51 91.31 ± 1.79 91.91 ± 1.42 93.72 ± 0.94 92.6 ± 1.37 93.76 ± 1.32
Water 99.05 ± 0.47 84.99 ± 7.47 70.56 ± 5.45 96.42 ± 0.51 84.28 ± 7.2 99.16 ± 0.34
Shadow 96.68 ± 1.29 95.22 ± 1.34 82.67 ± 3.34 97.08 ± 0.72 87.98 ± 4.84 95.37 ± 1.52
Overall accuracy 87.95 ± 0.75 88.56 ± 0.77 86.19 ± 0.68 93.19 ± 0.65 90.86 ± 0.81 90.10 ± 1.09
Average accuracy 91.18 ± 0.50 89.88 ± 1.12 85.81 ± 0.73 94.18 ± 0.44 90.50 ± 0.93 92.32 ± 0.64
κ statistic 85.35 ± 0.90 86.05 ± 0.93 83.18 ± 0.81 91.65 ± 0.79 88.79 ± 0.98 87.90 ± 1.31

The results obtained using the original spectral information and the spectral bands selected by using the SNR and BDM-
LCMV are also included. SP-AAP is also included for comparison. In all cases, only 2% randomly selected training samples
from the labeled reference data have been used.

obtained for the individual classes. This is also consistent with
the observations made for the results obtained with the previous
hyperspectral datasets.
In order to better illustrate this, Fig. 14 displays the classi-

fication maps obtained for different methods after rejection to
pursue 97% OA of the nonrejected pixels. It is remarkable that,
by using our presented SP methods (SP-SNR and SP-BDM-
LCMV), an increase of 12% (SVM) and 30% (MLR) in OA are
achieved in comparisonwith using the spectral bands of the orig-
inal image, and 3% to 20% improvements in OA are obtained
as compared with the SP-AAP. In order to better demonstrate
this, Fig. 15 plots the classification accuracy A and quality Q
as functions of the rejection fractions. In Fig. 15, it is remark-
able that our presented method obtains more confidence in the
classification of individual pixels than the other methods. From
the previous experiments with the ROSIS and AVIRIS datasets,
we could already observe that different nonrejected accuracies
lead to improvements in classification when combined by the
classification results obtained using the original image. Hence,
in the case of the HYDICE Washington DC mall dataset, we
plot the supported classification results in Fig. 16. From Fig. 16,
we can see that the supported classification accuracies are im-
proved up to 5%. It is also remarkable that, after combining two
classifications, the results can be further improved, especially in
the case of using the MLR classifier.
With the aforementioned experimental observations in mind,

we conclude that our presented SP approaches (SP-SNR and
SP-BDM-LCMV) generally obtain better classification

accuracies when compared with the SP-AAP method. The ob-
tained results are dependent on the learning rules of the classi-
fiers as well as on the considered hyperspectral datasets. For ex-
ample, the SP-BDM-LCMV generally outperforms other meth-
ods, while the SP-SNR also provides competitive performance
in all cases. In turn, the SP-AAP provides comparatively worst
classification accuracies when using the SVM classifier with
the ROSIS Pavia University dataset. However, when the MLR
classifier is used, the SP-AAP performs better than the SP-SNR
and worse than the SP-BDM-LCMV (see Table I and Fig. 6).
To conclude this section, we evaluate the sensitivity of the

compared methods to different percentages of training samples.
Fig. 17 plots the overall accuracies of different methods when
using different proportions of training samples as input. First
of all, it is remarkable that our presented SP methods provide
highly competitive results in this experiment. The processing
times, reported on Table VII, indicate that our methods need
about four to six times more computation than the classifica-
tion of the original image and about two times more than the
SP-AAP. These results can be improved by straightforward par-
allelization, as discussed in previous experiments.

IV. CONCLUSION AND FUTURE RESEARCH LINES

In this paper, we presented a new class-oriented SP method
for hyperspectral image classification. The proposed method
is shown to be effective in the task of exploiting the infor-
mation contained in the specific classes by rearranging the
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Fig. 14. Classification maps (with rejection) obtained by the proposed classification framework using the original spectral information (a), (g), the 40 selected
bands by using SNR (b), (h) and BDM-LCMV (c), (i) algorithms, the spectral partitions obtained by our proposed approach implemented with SNR (d), (j) and
BDM-LCMV (e), (k), and the SP-AAP method (f), (l) for the HYDICE Washington DC mall data. The number in the parenthesis denotes the proportion of pixels
remaining after rejection. In all cases, a total of 2% randomly selected training samples were used for training. The maps are displayed with partial pixels rejected
in order to obtain a 97% classification accuracy for the remaining ones. Note that the overall accuracies for the unrejected pixels of each map are calculated by
considering the labeled test samples, with the training samples excluded. (a) SVM (75%). (b) SVM-SNR (58%). (c) SVM-BDM-LCMV (78%). (d) SVM-SP-SNR
(75%). (e) SVM-SP-BDM-LCMV (87%). (f) SVM-SP-AAP (84%). (g) MLR (55%). (h) MLR-SNR (0%). (i) MLR-BDM-LCMV (0%). (j) MLR-SP-SNR (85%).
(k) MLR-SP-BDM-LCMV (70%). (l) MLR-SP-AAP (65%).

original spectral information. This is mainly done to address the
Hughes phenomenon by means of a MCS, while avoiding the
elimination of relevant spectral bands in the original hyper-
spectral image that may be useful for the discrimination of the
classes. Inspired by the idea of classification with rejection, we
also designed a strategy that combines different classifiers for
further improving the classification result. In our experiments,
two SP methods are constructed based on two well-established
BS algorithms: SNR and BDM-LCMV. The obtained spec-
tral partitions keep most of the relevant spectral bands from
the original image and provide different views (understood
as low-dimensional partitions) for multiple feature learning,

thus addressing the potential problems associated to the lim-
ited availability of training samples. Our experiments illustrated
reasonable advantages in classification accuracy achieved by our
presented SP framework with three well-known hyperspectral
images: the ROSIS Pavia University data, the AVIRIS Indian
Pines data, and the HYDICE Washington DC mall data. Fur-
thermore, the experimental classification results indicate that
the key for a successful SP lies in the capability to generate a
group of spectral partitions with diverse views of the original
hyperspectral image. Besides, we also observed the effective-
ness of combining different classifiers with rejection (including
those resulting from the multiple-classifier views generated by
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Fig. 15. Statistics of nonrejected accuraciesA and classification qualitiesQ of the classifications as a function of rejected fractions with the HYDICEWashington
DC Mall scene. These plots correspond to the results in Table VI. (a) Nonrejected accuracies A (SVM). (b) Classification qualities Q (SVM). (c) Nonrejected
accuracies A (MLR). (d) Classification qualities Q (MLR).

Fig. 16. Classification OAs (as a function of rejections) obtained by our proposed classification framework with the HYDICE Washington DC mall data, after
being supported by the rejected pixels of the classifier using the original spectral information. Note here that the plots of both figures (a), (b) are obtained,
respectively, from the same one Monte Carlo run of Table VI that is close to the statistical average. (a) SVM. (b) MLR.

Fig. 17. Overall classification accuracies (as a function of the number of training samples) obtained by the proposed classification framework (with the original
spectral information and with SNR, BDM-LCMV BS methods and the AAP SP method) for the HYDICE Washington DC mall scene. The solid lines represent
the average of 20 Monte Carlo runs, whereas the colored areas around the lines represent the standard deviation around the mean. Plots (a) and (b) are respectively
obtained by using SVM and MLR classifiers. (a) SVM. (b) MLR.
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TABLE VII
PROCESSING TIMES OF DIFFERENT METHODS WITH HYDICE WASHINGTON DC MALL SCENE

SVM (different percentage of training samples [%])

Time/sec 1 2 3 4 5

Original 0.91 ± 0.19 1.74 ± 0.18 3.30 ± 0.15 5.08 ± 0.15 7.12 ± 0.33
SNR 0.80 ± 0.03 1.47 ± 0.07 2.70 ± 0.10 4.29 ± 0.21 6.12 ± 0.19
BDM-LCMV 0.79 ± 0.04 1.49 ± 0.08 2.71 ± 0.11 4.27 ± 0.16 6.14 ± 0.27
SP-SNR 5.32 ± 0.22 10.06 ± 0.52 18.80 ± 0.59 29.76 ± 1.02 42.35 ± 1.03
SP-BDM-LCMV 5.24 ± 0.23 9.96 ± 0.52 18.76 ± 0.72 29.53 ± 0.76 42.16 ± 1.39
SP-AAP 3.10 ± 0.16 5.88 ± 0.28 10.95 ± 0.42 17.30 ± 0.49 24.48 ± 0.66

MLR (different percentage of training samples [%])

Time/sec 1 2 3 4 5

Original 5.09 ± 0.15 6.29 ± 0.24 7.47 ± 0.24 8.49 ± 0.30 9.09 ± 0.22
SNR 3.96 ± 0.05 4.29 ± 0.08 4.67 ± 0.08 4.94 ± 0.07 5.24 ± 0.07
BDM-LCMV 3.96 ± 0.04 4.27 ± 0.07 4.55 ± 0.06 4.82 ± 0.08 5.11 ± 0.06
SP-SNR 27.27 ± 0.27 29.47 ± 0.27 31.66 ± 0.44 33.50 ± 0.61 35.52 ± 0.53
SP-BDM-LCMV 27.02 ± 0.30 28.99 ± 0.35 30.76 ± 0.43 32.31 ± 0.47 34.17 ± 0.51
SP-AAP 15.65 ± 0.16 16.82 ± 0.20 17.94 ± 0.21 18.92 ± 0.27 19.96 ± 0.32

SP and the original hyperspectral image). In our future work,
we will focus on exploring the potential of generating a group
of spectral partitions by multiple criteria, given by an extensive
set of BS algorithms instead of using only one criterion. The po-
tential of employing different classifiers will also be considered
to enlarge the diversity of the multiple views generated through
spectral partitions. We will also work toward the parallel im-
plementation of the presented methods, which will allow us to
increase their computational performance due to their inherently
parallel nature.
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tuto Superior Técnico (IST), Universidade Técnica de
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