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Abstract Hyperspectral images contain extremely rich
spectral information that offer great potential to discrimi-
nate between various land cover classes. However, these
images are usually composed of tens or hundreds of
spectrally close bands, which result in high redundancy
and great amount of computation time in hyperspectral
classification. Furthermore, in the presence of mixed
coverage pixels, crisp classifiers produced errors, omission
and commission. This paper presents a mutual informa-
tion-Dempster-Shafer system through an ensemble classi-
fication approach for classification of hyperspectral data.
First, mutual information is applied to split data into a few
independent partitions to overcome high dimensionality.
Then, a fuzzy maximum likelihood classifies each band
subset. Finally, Dempster-Shafer is applied to fuse the
results of the fuzzy classifiers. In order to assess the
proposed method, a crisp ensemble system based on a
support vector machine as the crisp classifier and weighted
majority voting as the crisp fusion method are applied on
hyperspectral data. Furthermore, a dimension reduction
system is utilized to assess the effectiveness of mutual
information band splitting of the proposed method. The
proposed methodology provides interesting conclusions on
the effectiveness and potentiality of mutual information-
Dempster-Shafer based classification of hyperspectral data.
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1 Introduction and background

The rich spectral information of hyperspectral images
(HSI) increases the capability to distinguish different
physical materials, leading to the potential of more
accurate image classification. In this context, hyperspectral
images have been successfully used for classification
problems that require very precise description in spectral
feature space. Extensive literature is available on the
classification of HSIs. Maximum likelihood or Bayesian
estimation methods (Jia, 2002), decision trees (Goel et al.,
2003), neural networks (Del Frate et al., 2007), genetic
algorithms (Vaiphasa, 2003), and kernel-based techniques
(Miiller et al., 2001; Camps-Valls and Bruzzone, 2005)
have been widely investigated in this direction. One of the
most popular classification methods is Support Vector
Machines (SVMs) defined by Vapnik, which is a large
margin based classifier with a good generalization capacity
in the small-size training set problem with high-dimen-
sional input space (Vapnik, 1998). Recently, SVMs have
been successfully applied in the classification of hyper-
spectral remote-sensing data. Camps-Valls and Bruzzone
(2005) demonstrated that SVMs perform equal or better
than other classifiers in terms of accuracy on HSI.

Akbari proposed a spatial-spectral classification method
based on marker based minimum spanning forest (MMSF)
algorithm and SVM classification. The proposed method
achieved improvement on different hyperspectral data
(Akbari et al., 2016). Li developed a new framework for
the classification of hyperspectral scenes that pursues the
combination of multiple features. The ultimate goal of the
proposed framework is to be capable to cope with linear
and nonlinear class boundaries present in the data, thus
following the two main mixing models are considered for
hyperspectral data interpretation. In addition of the above
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crisp classification strategies, some research focuses on
fuzzy classification of HSI (Li et al., 2015).

Each pixel from different satellites might represent
several kilometres of land. In this sense, fuzzy classifica-
tion would represent more natural mixtures and transition
zones. Also, in the presence of mixed coverage pixels,
crisp classifiers produced errors of omission and commis-
sion. Pepe and colleagues compared the performance of
crisp and fuzzy classification on remotely sensed data. The
results showed that fuzzy classifiers outperformed the crisp
classifiers (Pepe et al., 2010). In our remote sensing field of
interest, a number of approaches have been considered for
fuzzy classification of hyperspectral data. Yu and collea-
gues applied a fuzzy k-nearest neighbour classification
method for classification of HS data (Yu et al., 2002).
Experiments on AVIRIS hyperspectral data in this paper
confirmed higher effectiveness of fuzzy classifiers in
comparison to that of crisp classifiers on HSI. Borasca
applied a fuzzy version of SVM classifier on hyperspectral
data (Borasca et al., 2006). In this research, the proposed
approach outperformed crisp classification. Kasiri Bid-
hendi et al. (2007) applied fuzzy unsupervised classifica-
tion approaches on hyperspectral data. They used fuzzy C-
means clustering (FCM) and fuzzy relational clustering
(FRC). Zhang and Qiu successfully utilized an unsuper-
vised neuro-fuzzy system for classification of hyperspec-
tral data (Zhang and Qiu, 2012). They used Gaussian fuzzy
self-organizing map (GFSOM). Di and colleagues applied
fuzzy integral fusion on hyperspectral data in the aim of
anomaly detection (Di et al., 2008).

A large number of features can become a curse in terms
of accuracy if enough training samples are not available,
i.e., due to the Hughes phenomenon in most of traditional
classification techniques (Li et al., 2011). Conventional
classification strategies often can-not overcome mentioned
problem. Some researchers tried to use dimension reduc-
tion techniques to overcome this weakness. The existing
dimension reduction methods mainly include two cate-
gories: the feature selection methods and the feature
extraction methods. Imani and Ghasemian applied dis-
criminant analysis and principal component analysis
(PCA) as features extraction strategies on HSI (Imani
and Ghasemian, 2015). The experimental results show
good performance of their proposed method. Shen utilized
a feature selection method based on particle swarm
optimization (PSO) as feature selection method on HSI
(Shen et al., 2015). Moreover, there exists significant
research on dimension reduction techniques to overcome
data redundancy of HSI. Nevertheless, the main drawback
of feature selection methods is related to the loss of
information through the elimination of some bands and the
main drawback of feature extraction methods is related to
change the spectral characteristics of HSI.

Recently, new research focuses on multiple classifier
systems (MCS) to overcome the weaknesses of single
classifiers (Benediktsson et al., 2007; Ceamanos et al.,

2010). Ham successfully applied ensemble strategies to
hyperspectral data (Ham et al., 2005). Also, Ceamanos et
al. (2010) applied a multiple classifier system based on
SVM for improvement of classification results on
hyperspectral images. In their proposed method, the
hyperspectral data set is decomposed into a few data
sources according to the similarity of the spectral bands.
Then, each source is processed separately by performing
classification based on SVM. Finally, all outputs are used
as input for final decision fusion performed by an
additional SVM classifier. Results of the experiments
show that the proposed multiple SVM system outperforms
a standard classification of hyperspectral data.

This paper describes a new classifier ensemble approach
based on mutual information (MI) and Dempster-Shafer
(DS) to classify HSI. To address the capabilities of the
proposed method, some conventional classification strate-
gies are compared to the new results.

2 Proposed decision ensemble system
based on mutual information and
Dempster-Shafer

This paper proposes a decision ensemble system based on
MI and DS for land cover classification of hyperspectral
data. Figure 1 represents the general structure of the
proposed methodology. First, MI is applied to group HSI
cubes into partitions through a computation of the
similarity measure of the spectral information. Second,
the proposed methodology applies a fuzzy decision
making system based on fuzzy maximum likelihood
(FML) on each subset of hyperspectral bands. Then, a
decision profile (DP) is established by using all fuzzy
classifier decisions. Finally, a DS strategy is applied on DP
to produce final classification result on HSI. In previous
research, DS showed more accuracy and capability in
comparison with those of other fusion procedures. The
main motivations of the proposed methodology (especially
in comparison with previous classification research) are
considered as follows:

1) The proposed method tries to establish a decomposi-
tion of spectral information based on MI of spectral bands
to overcome the high dimensionality problem of hyper-
spectral data. The main drawback of dimension reduction
techniques in this field is related to the loss of information
through the elimination of some bands in feature selection
and to the changing of spectral information through
transformation in feature extraction methods. By using
MI, the proposed method tries to overcome these
weaknesses by a system that enables the use of the entire
high dimensional hyperspectral image space. Also, in
experiments, we try to show this effectiveness by
comparing the proposed method with conventional
dimension reduction strategies.

ii) The proposed method applied a fuzzy decision
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Fig. 1 Flowchart of the mutual Information-Dempster-Shafer based decision ensemble system for classification of HSL

making algorithm based on fuzzy maximum likelihood to
overcome the presence of mixed coverage pixels in HSL.
Also, the proposed method tries to compare this fuzzy
system with SVM as one of the most powerful crisp kernel
based classification methods.

iii) Because of the higher performance of the ensemble
learning systems rather than single methods, the proposed
method fused the ensemble of fuzzy classifiers based on
Dempster-Shafer. In addition, this fuzzy ensemble system
is compared with crisp ensemble of SVMs. In this crisp
version, we utilized weighted majority voting (WMV) as
fusion method on SVMs.

2.1 Spectral information splitting by mutual information

The basic principle of spectral information decomposition
is that the spectral bands which have high similarity can be
grouped into one group and the ones with little redundancy
can be separated into different groups (Su et al., 2011).
This paper applied MI as a similarity measure between
spectral bands. It is known that independence between
bands is one of the key issues to obtain relevant subsets of
bands for classification purposes. The use of information
measures, such as MI, in order to quantify the degree of
independence provides a methodology to find generalized
correlations among image bands. Not only is MI widely
used as a criterion for measuring the degree of indepen-
dence between random variables but it also measures how
much a certain variable can explain the information content

about another variable, i.e., being a generalized correlation
measure. MI can be interpreted as a generalized correlation
measure, which includes the linear and nonlinear depen-
dence between variables (Chen et al., 2003).

Thus, this technique exploits this concept for band
selection in order to reduce data redundancy and non-
useful information. Martinez-Us¢ and Li applied MI as a
successful similarity measure between spectral bands in
feature selection (Martinez-Uso et al., 2006; Li et al.,
2011). In addition, Bigdeli utilized MI measure as a band
splitting strategy through a crisp classification of hyper-
spectral data (Bigdeli et al., 2013).

Entropy is a measure of uncertainty of random variables,
and is a frequently used evaluation criterion of feature
selection. If a discrete random variable X has ® alphabets
and the probability density function is p(x), x € ©, the
entropy of X is defined as:

H(X) = =Y p(x)logp(x). (1)

xed

In the task of band grouping, the entropy of each band is
computed by using all spectral information of this band.
For two discrete random variables X and Y, which have ®
and ¥ alphabets and their joint probability density function
is p(x, ¥), x € O, y € ¥, the joint entropy of X and Y is
defined as:

HX,Y) = => " p(x.y)logp(x.y). 2)

xedyeV¥
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The MI is usually used to measure the correlation
between two random variables and it is defined as

MI(X,Y) = H(X)+ H(Y)-H(X,Y), )

where H(X,Y) is the joint entropy.

The redundancy between two bands will be greater
when the value of MI is larger. During the process of HSI
cube splitting based on MI, the basic principle is that the
bands are divided into groups according to local minima
points of bands’ MI. These local minima points can be
obtained automatically by comparing the neighbourhoods
of every point.

2.2 Fuzzy maximum likelihood

The proposed method tries to benefit from a fuzzy
classification strategy based on fuzzy maximum like-
lihood. FML is a fuzzy version of the conventional ML
parameters: fuzzy mean and fuzzy variance-covariance
matrix. The fuzzy mean can be defined as:

N N
) = (zm»xi)/(zm»), @
i=1 i=1

where N is the total number of patterns, f, is the
membership function (MF) of class ¢, and x; is the i
pattern. The fuzzy variance-covariance matrix can be
defined as

N
ch(xl) (xi 7/165)(361' - /’I’C)T
ZC _ i=1 < ) (5)
ch(xi)
i=1

The detailed description of FML was introduced in Chen
(1999).

2.3 Dempster-Shafer as fuzzy decision fusion method

Decision ensemble systems are successfully applied on
various types of data to improve single decision results. In
the case of classification, these methods can improve
classification accuracy in comparison to a single classifier
by combining different classification algorithms or variants
of the same classifier (Kuncheva, 2004). In such systems, a
set of classifiers is produced at first and then combined by a
specific fusion method. The resulting classifier is generally
more accurate than any of the individual classifiers that
make up the ensemble. The possible ways of combining
the outputs of the L classifiers depend on what information
(crisp or fuzzy) can be obtained from the individual
members. In crisp category each classifier only outputs a
unique class and finally a vector of classes is produced for
each sample. Also the second type of classifier produces

fuzzy output which means that in this case the classifier
associates a confidence measurement for each class and
finally produces a vector for every classifier and a matrix
for the ensemble of classifiers. The output of the fuzzy
classifiers that provides the class belongingness of an input
pattern to different classes is arranged in a matrix form
defined as a DP matrix. The DP matrix for L classifiers and
C classes is shown in Fig. 2.

Output of classifiers D,

dy (x) d, (x) dy (x)

d; 1(x) d; (x) d; (x)

d; (%) d; [x) d; o(x)
Support from classifiers D, ..., D, for class ¢ ?

Fig. 2 Decision profile in fuzzy decision ensemble systems.

DS is one of the most powerful methods the can be
applied on decision profile to fuse the results of fuzzy
classifiers. Mathematical theory of evidence was first
introduced by Dempster in the 1960’s, and later extended
by Shafer (Shafer, 1976). This theory, which represents
both imprecision and uncertainty, appears as a more
flexible and general approach than Bayesian Theory. The
following steps will summarize our DS as a fuzzy decision
fusion method:

Step 1: for j = 1,...,C calculate the mean of the decision
profile DP(x) of all members of w; from the data set Z. Call
the mean a decision template DT;:

1
DTy =~ > DP(Z), 6)
J zEw;

z, €Z

where N; is the number of element of Z from wj.

Step 2: after defining DT1,...,.DTc, let DTj" denote the i
row of decision template DT;. Denote by D;(x) the (soft
label) output of D, that is, D;(x) = [d;; (x),...,dijc(x)]T: the
i™ row of decision profile DP(x). We calculate the
“proximity” ® between D]}-i and the output of classifier

D; for the input x as follows:

_ (1 +[IpT D))

=—= [ —,
Zkzl (1 + HDTk_Di(x)”z) :

where ||.|| is any matrix norm. For example, we can use the
Euclidean distance between the two vectors. Thus, for each
decision template we have L proximities.

Step 3: using previous equation we calculate for every
class, j = 1,...,c; and for every classifier, i = 1,...,L, the
following belief degrees:

(Dj,i(x)

(M
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d)j,-(x)]_[k#j(l *(Dk,i(x))

b.(D; = . 8
e IS
Step 4: the final degree of support are
L
N'j(x) :KHb](Dl(x))7] = 1""36’ (9)

where K is a normalizing constant.

The most important reason for using DS is that this
method is more powerful than other fuzzy decision fusion
methods. Moreover, some previous research showed the
high performance of this method (Kuncheva, 2004; Breve
et al., 2007).

3 Study areas and data sets

The performance of the proposed methodology is tested on
two well-known hyperspectral data sets. The first data is
made up of a 145x 145 pixel portion of the AVIRIS image
acquired over north-western US, Indian Pine, acquired in
June 1992.

The Indian Pine data are available through Purdue
University. The AVIRIS data set contains 220 spectral
bands in the wavelength range 0.4-2.5 um although not all
of the 220 original bands are employed in the experiments
since 18 bands are affected strongly by atmosphere
absorption phenomena and are consequently discarded.
Hence, the dimensionality for the AVIRIS Indian Pine data
set is 202. Figure 3 shows the original and the reference
data of AVIRIS Indian Pine data. From the 16 different
land cover classes available in the original ground truth of
AVIRIS data; seven were discarded since only few training
samples were available for them.

The remaining nine land cover classes were used to
generate a set of training data and a set of testing data
(Table 1).

The second data set is from Pavia University as another

P Corn-no till
- Corn-min till
P Grass-pasture

Grass-trees
Hay-windrowed
Soybean-no till
Soybean-min till
Soybean-clean till

- Woods

Table 1

reference samples

AVIRIS Indiana Pine land covers classes and available

Class Land cover class Samples
1 Corn-no till 1434
2 Corn-minimum till 834
3 Grass/pasture 497
4 Grass/trees 747
5 Hay-windrowed 489
6 Soybeans-no till 968
7 Soybeans-minimum till 2468
8 Soybeans-clean till 614
9 Woods 1294

common hyperspectral data. This data set has been
acquired by the German ROSIS sensor during a flight
campaign over Pavia, northern Italy. Figure 4 represents
the original and the reference data of ROSIS data. In
ROSIS data, the number of spectral bands is 103 covering
the wavelength range from 0.43 pum to 0.86 um. This data
set contains 610x340 pixels with 1.3 m per pixel
geometric sampling distance. Table 2 shows the reference
data for Pavia University data. Training and testing
samples were selected from different areas of the images.
They are spatially disjointed.

4 Experimental results

To assess the performance of the proposed MI-DS system
rather than dimension reduction, we use PCA and PSO,
respectively, as common feature extraction and feature
selection strategies. Also, a crisp decision ensemble system
based on SVM as crisp classification and WMV as fusion
method are utilized to compare with the proposed method.
In all cases, we used the fixed training set to train
classification methods.

(b)

Fig. 3 AVIRIS Indian Pine data. (a) original data and (b) ground truth.
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4.1 Experiments with the AVIRIS Indian Pine data set

Based on the proposed method, it is necessary to split the
hyperspectral data into subsets based on MI as similarity
measure between spectral bands. Figure 5 shows the MI
results.

Asphalt
. Meadows
. Metal

Gravel
. Trees

Shadow
M ss
. Bitumen
. Bricks

(b)

Fig. 4 ROSIS Pavia University data, (a) original data and (b)
ground truth.

Table 2 ROSIS Pavia University lands cover classes and available

reference samples

Class Land cover class Samples
1 Trees 524
2 Asphalt 548
3 Bitumen 375
4 Gravel 392
5 Painted metal sheets 265
6 Shadows 231
7 Self-blocking bricks 514
8 Meadows 540
9 Bare soil 532
16
141 |
12F ]\V-*l : r‘-"
2 10f W -
g
S 8P/
6
4
2 1 ! 1 ! )
0 50 100 150 200 250

Bands

Fig. 5 Splitting of AVIRIS HSI based on local minima of MI
(Bigdeli et al., 2013).

Local minima points of this figure (black short line)
correspond to the bands with low redundancy. Table 3
illustrates 12 subsets of spectral bands and their overall
accuracies were obtained by FML and SVM classification
methods.

Table 3 Band numbers in splitting of spectral information of AVIRIS
data and classification results by FML and SVM on bands subsets

No. No. of bands FML SVM
1 1-18 59.28 57.33
2 19-33 62.12 64.67
3 34-44 68.24 65.33
4 45-57 57.36 53.56
5 58-77 64.45 62

6 78-105 65.68 66

7 106-125 57 54

8 126-131 48.44 48.89
9 132-147 50.18 50.22
10 148-157 55 51.11
11 158-170 53 49.33
12 171-202 58.46 53.11

By analysing Table 3 and Fig. 5, AVIRIS data was
decomposed into 12 spectral information groups. After-
wards, FML and SVM were applied to classify each subset
of HSI data. In Table 3, we reported overall accuracies for
these two classification strategies. In more detail, FML
represented higher accuracy for most of the spectral
groups. However, for some of the groups, SVMs were
slightly better than FML.

After classifying each subset separately, DS and WMV
were applied to fuse the final decision of all subsets. In
order to compare the proposed method with dimension
reduction results, PCA and PSO were utilized on HSI
spectral bands. Table 4 illustrates overall accuracies and
kappa coefficients for mentioned classification strategies.

Table 4 Overall accuracies and kappa coefficients for proposed DES

and dimension reduction methods on AVIRIS data

Decision ensemble system Dimension reduction

DS WMV PCA PSO
OA 97.42 9422 90.02 88.96
Kappa 94.82 91.08 86.24 83.85

By comparing the different classification algorithms, it
can be assessed that the proposed method based on MI for
fuzzy version, i.e., DS, and crisp version, i.e., WMV,
performed better than dimension reduction techniques. In
particular, it is possible to observe that MI-DS system
provided the best overall accuracy and kappa. The
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Fig. 6 Classification maps obtained by different classification methods of Table 4 on AVIRIS data. (a) MI-DS, (b) MI-WMY, (c) PCA, and (d) PSO.

improvements of MI-DS are 7.4% and 8.5% for PCA and
PSO respectively.

Figure 6 shows the final classification maps of MI-based
decision ensemble systems and dimension reduction
techniques. These classification maps confirm the results
of Table 4. Table 5 gives the results in more detail for class
by class accuracy.

Table 5 Class by class accuracies for MI-based decision ensemble

systems and dimension reduction techniques on AVIRIS data

Methods MI-DS MI-WMV PCA PSO
Corn-no till 95.84 94.54 86.90 86.21
Corn-minimum till 92.42 90.48 84.26 84.2
Grass/pasture 96.84 94.24 94.79 90.26
Grass/trees 98.4 95.8 97.70 93.1
Hay-windrowed 98.32 93.8 99.51 92.8
Soybeans-no till 93.89 94.22 84.78 85.3
Soybeans-minimum till ~ 99.6 98.6 91.08 90.51
Soybeans-clean till 98.84 95.3 90.42 88.6
Woods 95.42 94.62 96.79 93.1

As it can be seen, the proposed MI-DS based ensemble
system is characterized by a better performance with
respect to the other methods. First, better values of
accuracies (overall accuracy, kappa and class accuracies)
are obtained using the proposed MI-DS system. Then, for
most of the classes PCA and PSO as dimension reduction
strategies provided smaller accuracies. However, for
“Soybean-no till” MI ensemble system based on weighted
majority voting and for “Hay-windrowed” and “Woods”
classes PCA provided better accuracy than the proposed
MI-DS method.

4.2 Experiments with the ROSIS Pavia data set

The present paper tries evaluating classification accuracies
of the proposed framework using ROSIS HSI data. Same
as the previous experiment on AVIRIS data, Pavia
hyperspectral data is converted into spectral subsets
based on MI as similarity measure between spectral

bands. Figure 7 illustrates the MI results.

As shown by Fig. 7, eight spectral subsets are obtained
by the MI proposed method. In addition, Table 6 shows
spectral subsets and overall accuracies obtained by fuzzy
maximum likelihood and SVM on these spectral subsets.

6.5

35 1 1 1 1 1 ]
0 20 40 60 80 100 120

Bands

Fig. 7 Splitting of Pavia ROSIS HSI based on local minima of
MI (Bigdeli et al., 2013).

Table 6 Band numbers in splitting of spectral information of ROSIS
data and classification results by FML and SVM on bands subsets

No No of bands FML SVM
1 1-22 65.96 62.4
2 23-33 62.6 58.56
3 34-46 68.28 64.11
4 47-57 58.28 54.86
5 58-73 70.45 68

6 74-84 68.6 66.7
7 85-95 64.3 60.4
8 96-103 58.9 58.1

Table 7 provides a comparison between the proposed
MI-DS framework with dimension reduction systems and
decision ensemble system based on WMV-ML.

The overall accuracies and kappa coefficients are similar
to the previous experiment on AVIRIS data. The proposed
fuzzy decision ensemble system based on the MI-DS
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Table 7 Overall accuracies and kappa coefficients for proposed DES

and dimension reduction methods on Pavia ROSIS data set

Accuracy Decision ensemble system Dimension reduction

DS WMV PCA PSO
OA 98.52 96.1 87.24 84.48
Kappa 94.2 92.07 84.2 81.8

system provided the best accuracy rather than the crisp
decision ensemble system based on WMV and dimension
reduction methods. This improvements are 11.2% and
14.04% for PCA and PSO, respectively. These results
confirm that the proposed method based on the using of all
spectral bands through an ensemble system based on MI-
DS provides significant improvement rather than dimen-
sion reduction techniques. Figure 8 illustrates classification
maps of the decision ensemble and dimension reduction
methods.

Furthermore, Table 8 compared all classification strate-
gies for class by class accuracy. These results exhibit the
higher performance of the proposed MI-DS method for

Table 8 Class by class accuracies for MI-based decision ensemble

systems and dimension reduction techniques on ROSIS data

Methods MI-DS MI-WMV PCA PSO
Trees 98.20 97.8 924 91.83
Asphalt 98.82 96.92 85.76 82.55
Bitumen 89.47 89.2 91.42 77.37
Gravel 99.93 98.76 89.78 87.18
Painted metal sheets 99.85 96.98 93.58 90.53
Shadows 97.69 97.02 98.68 89.52
Self-blocking bricks 98.40 92.12 90.9 90.45
Meadows 94.69 93.84 92.84 92.32
Bare soil 98.43 97.68 79.6 72.44

most of the classes. Further analysis of Table 8 shows that
the mutual information based DS system produced higher
accuracies for most of the classes; however, for “Bitumen”
and “Shadows” classes dimension reduction based on PCA
provided higher accuracies than the proposed method. This
can be explained by smaller number of training samples for
these two classes.

It should also be noted that the running time of the
experiments has a major role in assessment of the results.
First, because of the band splitting on hyperspectral data
and then classification of each subset; i.e., in each single
classification (12 times for AVIRIS and 8 times for ROSIS
data), we did not use all spectral bands. Based on Tables 3
and 6, the number of spectral bands in each subset is small;
consequently, classification of them takes just a few
seconds. Regarding the above comment, the classification
of subsets required only a few seconds, whereas the fusion
of these classifiers needed more time. Second, comparison
of the time of dimension reduction methods with decision
fusion methods demonstrates that DS (as decision fusion
method) method improved PSO 14% for ROSIS data. The
time of the DS is 5 minutes longer than PSO, because PSO
is a searching optimization method that requires more time.
Also, PCA is a faster method than decision fusion methods
and PSO. However, decision fusion methods provided
8%—-10% improvement over PCA in overall accuracy.
Finally, it can be concluded that the proposed method
provided more improvement in classification of hyper-
spectral data although it is slightly slower than PCA and
PSO.

5 Discussion and conclusions

In this paper, we have developed a new framework for a
fuzzy decision ensemble system on hyperspectral data
which is based on MI and DS. A main contribution of the

Fig. 8 Classification maps obtained by different classification methods of Table 4 on ROSIS data. (a) MI-DS, (b) MI-WMY, (c) PCA,

and (d) PSO.
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presented approach is the classification of HSI through a
multiple decisions system without losing spectral informa-
tion. In this work, we give a first step in computation of MI
of spectral bands to split HSI into subsets. Then, we
designed a fuzzy decision ensemble system based on
maximum likelihood as the fuzzy classification technique
and DS as the fuzzy decision fusion method. Also, the
proposed method executed a crisp decision ensemble
system based on SVM as a the crisp classification method
and WMV as a crisp fusion method. In addition, two
dimension reduction methods (PCA and PSO) were
applied to compare with the proposed methodology. Our
experimental results show some important points:

e Our band grouping system based on MI tries to solve
the high dimensionality problem of HSI. Some previous
research tried to select just useful bands in dimension
reduction techniques to overcome data redundancies.
Nevertheless, the main drawback of dimension reduction
techniques is related to the loss of information through the
elimination of some bands. The proposed method tries to
overcome this weakness by a system that enables the use of
the entire high dimensional hyperspectral image space.
Comparison of the results in Tables 4 and 7 confirm the
effectiveness on the proposed method over dimension
reduction.

e Comparing the results of the crisp decision ensemble
system based on SVM-WMYV with fuzzy system based on
DS show further improvement of our fuzzy proposed
method. This is because of the existence of mixed coverage
pixels in HSI that belong to more than one class.

The proposed method obtained approximately 97% and
98% overall accuracies for Indiana and Pavia hyperspectral
data, respectively. Also, the proposed method improved
common dimension reduction methods from 7% to 10%.
These results suggest that the decomposition of the HSI
classification problem into multiple decisions represents an
effective way of improving the overall discrimination
capability especially for fuzzy classification system.
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