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Supervised Feature Extraction of Hyperspectral
Images Using Partitioned Maximum
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Abstract— Dimensionality reduction is an important task
where the aim is to reduce the number of features and make
the system less time consuming for classification. Here, the
drawbacks of Fisher’s linear-discriminant-analysis-based feature
extraction (FE) methods are addressed and a proposal is made
to overcome it as well as to reduce the Hughes phenomenon and
computational complexity of the system. The proposed FE tech-
nique initially partitions the complete set of features into several
highly correlated subgroups. Then a linear transformation is
performed using a maximal margin criterion over each subgroup.
The proposed method is supervised in nature, because prior
information about the class label of data is required to calculate
the maximum margin criterion based on interclass and intraclass
scatter matrices. Experiments are conducted with the PaviaU and
Indian pine data sets, and the results are compared with five
state-of-the-art techniques, both qualitatively and quantitatively,
to demonstrate the effectiveness of the proposed method.

Index Terms— Feature extraction (FE), hyperspectral images,
maximum margin criterion (MMC), supervised method.

I. INTRODUCTION

CLASSIFICATION of hyperspectral imagery is one of
the most useful tasks where each image pixel is treated

as a pattern whose number of attributes is equal to the
number of bands [1]. When processing high-dimensional data
such as hyperspectral imagery, the Hughes phenomenon is
observed [2], i.e., decrease in classification accuracy due to
the availability of the relatively small number of training data
compared with the large number of features. Also one impor-
tant property of hyperspectral images is that the neighboring
image bands are highly correlated, which create redundant
information in the hyperspectral images. Hence, reducing the
dimensionality is an important step and makes it less time
consuming for classification. The main two approaches for
dimensionality reduction are feature selection (FS) and feature
extraction (FE) [3]–[13]. FS is the process of selecting a
subset of relevant features from the original set of features.
Transforming the original features into a new set of features
is called FE. Depending on the availability of labeled patterns,
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FE techniques can be categorized as supervised and unsu-
pervised. In this letter, a supervised FE method is used for
dimensionality reduction, which rely on the training data, i.e.,
it is a class-data-oriented FE method.

Most of the supervised FE methods for hyperspectral images
may be broadly divided into two categories depending on their
working principle.

1) One is based on clustering or grouping of features.
Spectral channel extraction [6], prototype space FE
with independent component (PSFE-IC) [7], best-based
FE [11], piecewise constant function approximations
based FE [12], clustering-based FE [14], and so on are
examples of the first category.

2) The other way of supervised FE is based on the maxi-
mization of Rayleigh coefficient [2].

Fisher’s linear discriminant analysis (LDA) [2], discriminant
analysis FE, and modified Fisher’s LDA (MFLDA) [15] are
some well-known methods for supervised FE that maximize
the Rayleigh coefficient. LDA is described by a linear transfor-
mation matrix W ∈ �D×d maximizing the so-called Fisher’s
criterion (a kind of Rayleigh coefficient, i.e., the ratio of
a between-class scatter matrix to an average within-class
scatter matrix [2]). Scarcity of enough training samples from
all classes is the major bottleneck in calculating Rayleigh
quotient. Apart from this, the inherent limitation of Rayleigh-
quotient-based FE is that a maximum of (C−1) features can
be extracted using this approach, as the maximum rank of
the between class scatter matrix is the number of classes (C)
minus one. Use of only (C−1) bands may not be sufficient
for classification of hyperspectral data. Also singularity of
the within-class scatter matrix frequently occurs in high-
dimensional classification with small sample size (SSS) prob-
lems [15], [16]. The SSS problem arises whenever the number
of samples is smaller than the dimensionality of data.

The main objective of this letter is to develop an FE method
in supervised manner, so that it can produce any number
of transformed features (i.e., overcoming the drawback of
the LDA-based method), and alleviate the Hughes phenom-
enon and use less computational effort for classification of
hyperspectral data by reducing the dimensionality. The novelty
of the proposed technique is to incorporate the ordering
constraint and more discriminating transformation. The order-
ing constraint indicates the correlation of neighboring bands
and this property is exploited in the proposed method by
making groups of adjacent bands to use the local property of
hyperspectral data. Then the transformation of group of bands
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Fig. 1. Block diagram for partitioned MMC-based FE method.

is performed to achieve the maximum discrimination among
different classes using maximum margin criterion (MMC) [16]
based transformation. The proposed method is a supervised
method because interclass and intraclass scatter matrices are
needed to deduce the MMC. The MMC uses the difference of
between-class scatter and within-class scatter as the discrimi-
nant criterion. Geometrically, MMC maximizes the (average)
margin between classes. Since the inverse matrix does not
need to be constructed, the SSS problem of traditional LDA is
alleviated. The FE by the proposed method is performed in two
steps, first partitioning all the bands of hyperspectral images
into subgroups and then applying MMC-based transformation
over the subgroups of bands [11], [16]. The remaining of this
letter is organized as follows. The proposed scheme is outlined
in Section II. Section III contains experiment and evaluation,
and conclusive remarks are given in Section IV.

II. PROPOSED METHODOLOGY

The correlations between neighboring spectral bands of
hyperspectral data are very high, basically due to material
spectral correlation and sensor band overlap, which should be
considered during extraction of features. The proposed method
partitions all the hyperspectral bands into a number of groups
of contiguous bands to use the ordering and locality properties
of hyperspectral data, and then a transformation is used on
each group to maximize discrimination among classes using
MMC rather than using MMC-based transformation over the
whole images. Therefore, the proposed FE method is basically
a two-step method: partitioning of hyperspectral band and
MMC-based transformation. A block diagram of the proposed
method is shown in Fig. 1.

1) Partitioning of Hyperspectral Bands: At the onset, the
D number of bands of a hyperspectral images is partitioned
into a few number of contiguous intervals with constant
intensities (i.e., K subgroups). Highly correlated bands should
be in a subgroup. Let I1, I2, . . . , Ik , be the number of bands

in the first, second, and K th group, respectively. The purpose
is to obtain a set of K breakpoints P = {p1, p2, . . . , pK },
which defines the contiguous intervals Ik = [pk, pk+1). The
partition should follow the principle that each band should be
inside one block.

Let � be a correlation matrix of size D× D, where D is the
number of bands present in a hyperspectral image. Each ele-
ment of � is γi j , where γi j represents the correlation between
band images Bi and B j . Let the size of each band image
be M × N . The correlation coefficient between Bi and B j is
computed as (1), shown at the bottom of the page.

In (1), μi and μ j are the mean of band images Bi and B j ,
respectively. |Bi(x, y) − μi | measures the difference between
the reflectance values of pixel (x, y) from the mean value of
the total image.

It is observed that the correlation between neighboring
spectral bands are generally higher than for bands further
apart. Partitioning is performed based on the results obtained
by first considering only correlations whose absolute value
exceeds a given threshold and simultaneously searching for
edges in the “image” of the correlation matrix [17]. Each
value of the correlation matrix is compared with a threshold
(correlation). If the magnitude is greater than the threshold
value (i.e., denoted by �), then replace it by 1 and otherwise
by 0. The value of � has been determined depending on the
values of average correlation (μcorr) and standard deviation
(σcorr) of correlation matrix � as

� = μcorr + σcorr (2)

where

μcorr = 1

D2 �D
i=1�

D
j=1γi, j (3)

σcorr = sqrt

(
1

D2 �D
i=1�

D
j=1(γi, j − μcorr)

)
. (4)

The image of the threshold correlation matrix will be a binary
image with the square blocks of white color in diagonal
direction. These square blocks of white color are treated as
a subgroup or partition of bands. Thereafter, MMC-based
transformation is conducted on each subgroup of data.

2) Linear Band Extraction Using Maximum Margin
Criterion [16]: Let xi ∈ �D, (i = 1, 2, . . . , n) be
D-dimensional patterns and ci ∈ {1, 2, . . . , c} be the associated
class labels, where n and c denote the total number of samples
and classes, respectively. The main aim is to keep similarity
(or dissimilarity) information intact as much as possible after
transforming xi from �D to �d , where d � D.

The characteristic of a good feature extractor is to maximize
the distances between classes after the transformation. Hence,
the FE criterion should be defined as

J = 1

2

c∑
i=1

c∑
j=1

pi p j d(Ci , C j ) (5)

γi, j = �M
x=1�

N
y=1|Bi (x, y) − μi ||B j (x, y) − μ j |√(

�M
x=1�

N
y=1[Bi(x, y) − μi ]2

)(
�M

x=1�
N
y=1[B j (x, y) − μ j ]2

) (1)
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where d(Ci , C j ) is the distance between two classes Ci and C j

and pi and p j are priori probabilities of classes Ci and C j ,
respectively. J is called the MMC. The scatter of the classes
should be considered for calculating d(Ci , C j ). By simplifying
the above-mentioned equation (please see [16] for a detailed
explanation), the MMC becomes

J = tr(Sb − Sw). (6)

The between class and within class scatter matrix are
denoted by Sb and Sw , respectively. In addition, tr(.) function
calculates the trace of a matrix.

The FE method transforms sample x into y where x ∈ �D

and y ∈ �d , respectively, and d � D with a transformation
matrix W , i.e., y = W.x . The main aim of the transformation
matrix, W ∈ �D×d , is to maximize

J (W ) = tr(W T (Sb − Sw)W ) (7)

where J (W ) is maximized when W is composed of the
first d largest eigenvectors of (Sb − Sw). In fact, the opti-
mal projection axes w1, w2, . . . , wd can be selected as the
orthonormal eigenvectors corresponding to the first d largest
eigenvalues λ1, λ2, . . . , λd , i.e., (Sb − Sw)w j = λ j w j , where
λ1 ≥ λ2 ≥ · · · ≥ λd .

There are K blocks and also Ik number of features in each
block, where k = 1, 2, . . . , K . The MMC-based transforma-
tion is applied over each block. Let the linear mapping matrix
for block k be Wk ∈ �Ik ×dk , which transforms a data set
of Ik dimension into dk dimensions. The desired number of
features is d = ∑K

k=1 dk .
The main aim is to form Wk so as to optimize MMC, that is

J (Wk) = tr
(
W T

k

(
Sk

b − Sk
w

)
Wk

)
. (8)

Here, Sk
b and Sk

w are between-class and within-class scatter
matrices of block k, respectively. J (Wk) is maximized when
Wk composes of the first dk largest eigenvectors of (Sk

b − Sk
w).

In fact, the optimal projection axes wk
1, w

k
2, . . . , wk

dk
can be

selected as the orthonormal eigenvectors corresponding to the
first dk largest eigenvalues λk

1, λ
k
2, . . . , λ

k
dk

, i.e., (Sk
b −Sk

w)wk
j =

λk
j w

k
j , where λk

1 ≥ λk
2 ≥ · · · ≥ λk

dk
.

To determine the value of dk (i.e., how many eigenvectors
will be selected from each block), the eigenvectors with their
corresponding eigenvalues from each group are considered at
first. Then the ratio of eigenvalues with overall eigenvalues
of that block is calculated for each eigenvector, i.e., for each
eigenvector wk

i , the corresponding ratio of eigenvalue �k
i is

calculated by

�k
i = λk

i∑Ik
j=1 λk

j

. (9)

The eigenvectors (wk
i ) are rearranged or sorted in descending

order, depending on the values of ratio of eigenvalues (�k
i ).

III. EXPERIMENT AND EVALUATION

A. Description of the Data Set

To evaluate the effectiveness of the proposed supervised
FE method, experiments are carried out on two hyperspectral
images, namely, the Indian [18] and PaviaU [19] images,

Fig. 2. Image of the correlation matrix of the Indian data set. The white
patches indicate higher correlation. (a) Grayscale image. (b) Binary image.

corresponding to the geographical areas of Indian Pine test site
of Northwest Indiana and an urban area of the University of
Pavia, Italy, by the hyperspectral sensors AVIRIS and ROSIS,
respectively.

B. Experimental Details
For Indian data, the correlation matrix in image form is

shown in Fig. 2(a). The threshold value (�) is varied depend-
ing on the data set and it is calculated using (2). For Indian
data, the average correlation (μcorr) and the standard deviation
(σcorr) of correlation matrix � are 0.71 and 0.19, respec-
tively. Therefore, � is 0.90 for Indian data. Similarly, � is
0.94 for PaviaU data. The binary image of the threshold
correlation matrix of Indian data is shown in Fig. 2(b). From
the binary image, four blocks of contiguous bands of white
color are extracted. The four blocks of bands for Indian data
are 1 − 33, 34 − 77, 78 − 100, and 101 − 185, respectively.
Similarly, the three blocks of contiguous bands of white color
for PaviaU hyperspectral data are 1−41, 42−76, and 76−103.

To assess the superiority of the proposed method, classifica-
tion is performed over transformed features. After completing
the FE, fuzzy k neural network (kNN)-based classification
(in theory, any good classification algorithm can be used)
is performed on the transformed bands using tenfold cross
validation to take care of the fuzziness, i.e., overlapping of
information between neighboring pixels of the hyperspectral
images. The performance of the proposed technique has been
compared with the five other techniques, namely, PSFE-IC [7],
MFLDA [15], and MMC [16], [20], which are supervised in
nature, and two unsupervised FE methods, principal compo-
nent analysis (PCA) [2] and segmented PCA (SPCA) [13]
based methods. The desired number of transformed bands
is not known a priori, because it varies with images. In
the present scenario, experiments are carried out for a dif-
ferent number of bands ranging from 4 to 30 with a step
size of 2. The overall classification accuracy (OA), Kappa
value (Kappa), class separability (S), and entropy (E) [2]
are calculated for the transformed set of bands to assess
the effectiveness of the proposed method. After performing
classification operations, two performance measures (OA and
Kappa) are computed. The class separability is performed over
labeled data, whereas entropy is assessed over unlabeled data
set. A lower value of the separability measure S ensures that
the classes are well separated. A brief description of the above-
mentioned four performance measures are given in [9].

C. Analysis of Results
Fig. 3 depicts the variation of OA with the number of

features for all the methods used in the experiment for Indian



DATTA et al.: SUPERVISED FE OF HYPERSPECTRAL IMAGES USING PARTITIONED MMC 85

Fig. 3. Comparison of the six FE methods using fuzzy kNN (the Indian
data set).

TABLE I

PROCESSING TIME FOR SIX FE METHODS (THE INDIAN DATA SET)

pine data. The value of OA is depicted in the graph of
Fig. 3 for PSFE-IC, PCA, SPCA, MMC, and the proposed
method for up to (transformed) 30 features, whereas for
MFLDA, it is only up to 14. As for these data, the number
of classes present in the data set is 16 and the number of
transformed features should be (16 − 1) = 15 for MFLDA.
An approximate peak performance is obtained when the
number of transformed features is 14 in the case of PSFE-IC,
whereas for other two methods (MFLDA and MMC), it is in
between 10 to 12 transformed features; for PCA and SPCA,
it is in between 12 and 16, and for the proposed method,
it is 18.

Fig. 3 shows that other methods except PSFE-IC reach the
highest value much quickly and then the OA is more or less
stabilized. The reason behind this finding is that the PSFE-IC
method performs clustering over features and selects represen-
tative features as well as independent features for transformed
set of features. On the contrary, other five methods transform
the original set of features into a new set of features where the
main aim is to maximize discrimination among classes using
class label information. It is observed from the graph of Fig.
3 that when the number of selected features is more than 8,
the performance of the proposed method is much better than
that of the MMC-based method. This is because the MMC-
based method transforms the complete data set at a time,
whereas the proposed method partitions the complete data
set into blocks and then performs transformation blockwise.
A similar observation is also found for unsupervised FE, like
PCA and SPCA. SPCA gives better performance than PCA,
because SPCA takes the effect of locality information by
first grouping the features and then transforming groupwise,
rather than only transforming the whole data like PCA.
It is also observed that the performance of the supervised-
transformation-based FE (MMC and the proposed method) is
better than the unsupervised-transformation-based FE (PCA
and SPCA) for considering the class label information of the
data. Table I gives the computational cost of each method
for Indian pine data. It shows that the proposed method
is better than other partition-based methods, i.e., SPCA,

Fig. 4. OA by different classifiers for Indian pine data.

Fig. 5. Comparison of the six FE methods using fuzzy kNN (the PaviaU
data set).

and comparable with PSFE-IC in terms of computational
time. The graph presented in Fig. 4 shows the results obtained
using different classifiers (MDC, kNN, fuzzy kNN, and SVM)
for these data. From these results, it is observed that the
proposed technique presents consistent behavior, achieving
good results for all classifiers. It is observed that SVM
classifier gets better accuracy compared with other classifiers,
but all the classification methods give similar findings, i.e.,
the proposed FE method gives a better subset of extracted
features for all classifiers.

A variation of OA for the proposed and comparing methods
with the number of bands used is depicted graphically in Fig. 5
for PaviaU data. The results for this data set corroborate to our
earlier findings. It is also observed that discriminant-analysis-
based transformation, which is based on prior class label infor-
mation (MFLDA, MMC, and the proposed method), are found
to be better than the clustering-based method (PSFE-IC) and
unsupervised-transformation-based method (PCA and SPCA).
The proposed method gives better results than others, because
it considers both the ordering and local properties of hyper-
spectral data, as well as performs transformation based on
discriminant analysis with the help of class label information.

Fig. 6 shows the performance of the classifier in terms
of OA, with all features along with 18 extracted features
using the proposed method with a different number of training
samples for Indian data. It is observed from the graph that the
performance of the classifier achieves optimum OA for 18
features when the number of training samples is 25% to 30%,
whereas it is near to 80% to 90% for all features. This graph,
actually, explains the Hughes effect that more features may
degrade the performance of a classifier if the number of
training samples is not sufficient, with respect to the number of
features to completely express the class-conditional densities
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Fig. 6. Performance of the fuzzy kNN classifier with all features and
18 extracted features with a different number of training patterns (Indian data).

TABLE II

COMPARISON OF FE ALGORITHMS FOR INDIAN AND PAVIAU DATA

of the data set. Therefore, for the case of hyperspectral images,
where getting the training samples is more expensive, dimen-
sionality reduction is the other option to get good OA with
the lesser number of training samples.

Table II contains the optimum value of four evaluation
measurements of Indian pine and PaviaU data using the
proposed method, the other five methods, and all features. It is
seen from Table II that the proposed method gives a very good
performance than the other methods in all the data sets used
in the experiment. In addition, it is observed that the proposed
method gives a better result in terms of four evaluation
measure than “all bands,” i.e., calculating those measures with
all features (without any dimensionality reduction) for the
Indian data set and comparable results for PaviaU data, which
mitigates Hughes effect. In addition, the other aim to reduce
the computational cost for classification is achieved without
loss of performance because the used classification technique
generally takes less time for the reduced number of features
than having all the features.

IV. CONCLUSION

A technique for FE of hyperspectral images, in supervised
manner, has been presented in this letter, which is basically
a two-step method, i.e., applies partitioning of hyperspectral
features and then uses MMC based transformation. Due to the
use of MMC [see (5)], the number of transformed features is
not bounded by (C −1). The results of the proposed technique
have a significant improvement and a more consistent and
steady behavior for two real-time hyperspectral data sets
with respect to the other comparing methods in terms of
all four evaluation measures used in the experiment. The
proposed method gives a better performance with respect

to other methods, because the strategy considers correlation
among neighboring bands as well as increases discriminating
capability among classes by transformation of original set of
bands into a new space. The above-mentioned experimental
results show that the aims of FE, i.e., reducing the Hughes
effect and computational complexity for classification, are
more or less fulfilled by the proposed method.
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