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Abstract —This paper presents a new framework for the
dimensionality reduction in hyperspectral images. A fuzzy rough set
theory is an approach that deals with the concepts of vagueness as
well as indiscernibility and finds the feature subsets preserving the
semantics of the given dataset. Therefore, the use of fuzzy rough set
method to select the most significant spectral bands from the
hyperspectral image is proposed in this paper. The objective of the
proposed work is to reduce original bands to the most significant
bands. Band reduction is performed on hyperspectral image using
fuzzy rough set feature selection. Experiments are carried out with
real hyperspectral images acquired by the National Aeronautics and
Space Administration Jet Propulsion Laboratory’s Airborne
Visible/Infrared Imaging Spectrometer (AVIRIS) and Reflective
Optics Spectrographic Imaging System (ROSIS).
Key Words — Dimensionality Reduction, Fuzzy-Rough Sets,
Hyperspectral Imaging, Spectral Bands

I. INTRODUCTION
Hyperspectral imaging produces an image in which the
reflectance from each pixel is measured at many narrow,
contiguous wavelength intervals. Such an image acquires
detailed spectral signatures for every pixel. These signatures
usually provide enough information to identify and quantify the
materials existing within the pixels. A hyperspectral image is
commonly used to locate and quantify different types of building
materials or minerals that might be present within an area of
interest or even within a single pixel.
Hyperspectral sensors capture images from the Earth’s surface
in narrow contiguous wavelength partitions or spectral bands and
create a 3-D data cube which is known as hyperspectral data
cube from which diagnostic spectra can be obtained from each
pixel in the image as shown in figure 1.
There is strong spectral correlation between these spectral
bands indicating presence of irrelevant spectral features. Hence,
the problem is known as curse of dimensionality. So, there is
need to reduce spectral bands from the hyperspectral image for
further processing [1].
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Various dimensionality reduction techniques have been
proposed for the hyperspectral images. Dimensionality reduction
techniques are either transformation based or selection based.
Transformation based dimensionality reduction techniques which
destroy the physical meaning of the given dataset such as
principal component analysis [7], linear spectral mixture analysis
[9], etc have been used over hyperspectral images. These
techniques are very costlier to implement. Selection based
dimensionality reduction techniques which preserves the
meaning of the given dataset. Band selection is the most
commonly used technique in hyperspectral images to reduce the
dimensionality. Band selection in hyperspectral images is
referred to find a subset of the original bands which contains the
most significant information about the object, removing
irrelevant, redundant and misleading information from the
original hyperspectral data. As per the availability of class
information, band selection methods can be categorized into two
types: supervised band selection methods and unsupervised band
selection methods [8], [11], [12]. Advantage of these methods is
that they are less costly but the disadvantage is that some of the
information may lose which may result in reduction of the
accuracy of the classifier.
Whatever method is used, the final subset must contain those
features which have a good discriminating ability so that the
accuracy of the given task increases. But one stepping stone to
this is that the real dataset may contain incomplete, vague and
uncertain information. The Rough Set Theory [4] has been
proven an important work to handle these issues. Rough sets
concern about incompleteness or vagueness in the information.
But the problem with rough sets is that they can handle only
discrete value data. Hence to deal with real valued data,
discretization is required but it introduces some errors.
Betterment over this is to combine rough sets with fuzzy sets to
handle uncertainty and incompleteness without discretization.
Hence, fuzzy-rough set is an approach that combines rough set
with fuzzy set to overcome the shortness of classical rough set
[4].
This paper mainly focuses on employing fuzzy-rough set
approach in hyperspectral images for selecting the most
informative spectral bands from the original higher dimensional
hyperspectral data.
The structure of this paper is organized as follows: section II
introduces about the Fuzzy Rough Set Theory, section III
describes the proposed system, section IV briefs about the
datasets and results, and finally section V includes summery and
conclusion and raises issues for future work.

Fig.1. Hyperspectral Data Collection
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II. FUZZY ROUGH SET THEORY

(4)

A. Background
Fuzzy rough set for feature selection (FRFS) particularly
depends on defining a fuzzy similarity relation between objects
within a subset of features. Similarity relations are then used to
find the lower and upper approximation of the concepts defined
in the information system. Lower approximation set contains
those elements which are certainly belong to the given target set
whereas upper approximation set contains those elements which
are possibly belong to the given target set [5].
Degree of dependency between different fuzzy sets can be
computed either by the positive region or the boundary region.
Positive region measures the certainty of data whereas boundary
region measures the uncertainty of data. Boundary region
approach is computationally cost expensive because it requires
computing both of the lower and upper approximations [5].
Hence the proposed system focuses on using positive region
approach. Significance of a feature (spectral bands) can be
measured by the increasing value of the degree of dependency
whenever this feature is added to the corresponding subset of
features. The following subsection describes about the
components of fuzzy-rough set approach.

B. Components of Fuzzy Rough Set Approach
Let a universe U as a finite non-empty set of objects where
each object within U is defined by a set of attributes, denoted by
A. The pair (U, A) defines an information system, where for
every subset P ⊆ A there is an associated similarity relation. An
example of similarity relation is shown in (1) [5].
(1)
Where

Degree of dependency of object Q on a subset of features
P can be computed using (5) and it is denoted as
[5].

(5)
Watermark bits are then encoded into selected attribute of
chosen tuples of each cluster. In this way, watermark bit
sequence is embedded

III. PROPOSED WORK
This section describes the fuzzy-rough feature selection
(FRFS) algorithm for selecting the spectral bands from the
hyperspectral image. It also presents mathematical model of the
proposed system.

A. Algorithmic Steps:
This section gives a brief description about FRQuickReduct
algorithm.
Input:
C, the set of all conditional attributes (say bands) with ddimensions i.e.
D, the set of decision attributes (reference classes-ground truth)
i.e.
Output:
The system will generate the dataset with reduced number of
dimensions say

is similarity relation between objects x and y with

respect to subset of features P and
is the standard deviation
for the feature a (say band1).
Given X ⊆ U where X can be approximated by the information
contained in P into its P-lower and P-upper approximations as
defined in (2) and (3) respectively [5].

where p < d.

The basic steps of the FRQuickReduct algorithm for reducing
dimensions are listed below:
FRQuickReduct (C, D)

1.
2. While

(2)

3.

(3)

4.

Where I is the fuzzy implicator, T is the t-norm, and
is the
fuzzy similarity relation induced by a subset of features P.
Given P and Q be the sets of features inducing a similarity
relations over U, then positive region can be computed using (4).
(
) describes the set of objects contained in U that can
be exactly classified into the classes of U/Q [5].
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9.
10. Return R
B. Mathematical Model
This system takes a hyperspectral image as an input where
each pixel is having d number of spectral bands in d-dimensional
space. It also takes a ground truth image as an input in which
each pixel is labelled with its class.
Fuzzy-rough feature selection (FRFS) algorithm is applied to
reduce its dimensions to p where p is the number of spectral
bands in the reduced hyperspectral data, where p < d.
Let,

Fig.3. (a) False-color composition of the AVIRIS Indian
Pines Scene (b) Reference map containing 16 land cover
classes.

denote a set of k class labels.

Let,
denote a set of integers indexing the n
pixels of a hyperspectral image.
Let,
denote such hyperspectral image
made up of d- dimensional feature vector.
Let,
denote hyperspectral data in pdimensional space after reducing the dimensions.

Fig.4. (a) False-color composition of the ROSIS University
of Pavia Scene (b) Reference map containing 9 land cover
classes (c) Training set.
1) AVIRIS Indian Pines Dataset: The first hyperspectral
image used by system was collected by the AVIRIS sensor
over Italian Pines region in Northwestern Indiana in 1992
which was acquired over mixed agriculture/forest area. The
image size in pixels is 145 × 145, with a moderate spatial
resolution of 20m per pixel and spectral resolution of 10nm.
200 spectral bands are used in the experiment. Fig. 4(a)
shows false-color composition of AVIRIS Indian Pines scene,
while Fig. 4(b) shows the reference map available for the
scene containing 16 land cover classes.
2) ROSIS University of Pavia Dataset: The second
hyperspectral dataset was collected by the ROSIS sensor over
urban area of the University of Pavia, Italy. The image size in
pixels is 610 × 340, with a moderate spatial resolution of
1.3m per pixel and spectral range from 0.43 to 0.86 µm. 103
spectral bands are used in the experiment. Fig. 5(a) shows
false-color composition of ROSIS University of Pavia scene,
while Fig. 5(b) shows reference map containing nine land
cover classes.

Fig.2. Venn diagram for hyperspectral data

IV. RESULTS AND DISCUSSION
This section describes the datasets used by the system and
some results obtained using the dataset.

A. Datasets:
B. Experiments with AVIRIS Indian Pines Dataset:

Two hyperspectral datasets collected by two different
instruments namely AVIRIS and ROSIS are used by the system.

In this set of experiments, the dataset is represented in the form
of information system (IS) as shown in table III. Fuzzy-rough
based feature selection algorithm is then applied on the original
dataset to reduce its dimensions. Algorithm involves finding out
similarity relation between each object with respect to a subset of
features as shown in table IV, based on which decisions from the
information system are approximated by finding out the lower
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and upper approximations. To find out the significance of the
spectral band, degree of dependency is calculated for each band
as shown in table V. The band which is having highest degree of
dependency is added into the candidate reduct. The algorithm
continues until the best degree of dependency is achieved or
there is no change on the degree of dependency whenever a new
band is added.
In the experiment input contains three best classes with 5148
objects and 200 bands. After applying FuzzyRoughQuickReduct
algorithm 200 bands are reduced to 9 bands.

Table I. Hyperspectral Dataset

Table V. Degree of Dependencies

Table II. Ground Truth

V. SUMMERY AND CONCLUSIONS

Table I and II contain hyperspectral data with its ground truth
information

Table III. Information System

Band selection is a commonly used dimension reduction
technique used in hyperspectral data which selects a subset of
significant features for preserving the meaning of the original
dataset. A new framework for dimension reduction in
hyperspectral images is proposed based on fuzzy rough set
theory which selects important spectral features with no
additional information in terms of threshold or expert knowledge.
The proposed method takes an advantage of lower fuzzy
approximation sets to find out the degree of dependency and to
measure the performance. The proposed method is
computationally expensive in comparison to other state-of art
methods. To address this issue, computationally efficient
implementation of the proposed approach needs to be planned.
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