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a  b  s  t  r  a  c  t

Hyperspectral  images  are  captured  from  hundreds  of  narrow  and  contiguous  bands  from  the  visible to
infrared  regions  of  electromagnetic  spectrum.  Each  pixel  of  an  image  is represented  by a  vector  where
the  components  of the vector  constitute  the  reflectance  value  of  the surface  for  each  of  the  bands.  The
length  of the  vector  is  equal  to the  number  of  bands.  Due  to the  presence  of  large  number  of  bands,  clas-
sification  of hyperspectral  images  becomes  computation  intensive.  Moreover,  higher  correlation  among
neighboring  bands  increases  the  redundancy  among  them.  As a  result,  feature  selection  becomes  very
essential  for  reducing  the dimensionality.  In the  proposed  work,  an attempt  has  been  made  to  develop
a  supervised  feature  selection  technique  guided  by  evolutionary  algorithms.  Self-adaptive  differential
evolution  (SADE)  is used  for feature  subset  generation.  Generated  subsets  are  evaluated  using  a  wrapper
rapper model model  where  fuzzy  k-nearest  neighbor  classifier  is taken into  consideration.  Our  proposed  method  also
uses  a feature  ranking  technique,  ReliefF  algorithm,  for  removing  duplicate  features.  To  demonstrate  the
effectiveness  of  the  proposed  method,  investigation  is  carried  out  on  three  sets  of data  and  the  results
are  compared  with  four  other  evolutionary  based  state-of-the-art  feature  selection  techniques.  The  pro-
posed  method  shows  promising  results  compared  to others  in  terms  of  overall  classification  accuracy
and  Kappa  coefficient.
. Introduction

Development of hyperspectral sensors [1,2] is a significant
reakthrough in remote sensing. Hyperspectral imaging sensors
cquire a set of images from hundreds of narrow and contiguous
ands of electromagnetic spectrum ranging from visible to infrared
egions. Images captured by hyperspectral sensors have ample
pectral information to identify and distinguish spectrally unique
aterials. Each pixel of a hyperspectral image is represented by a

ector where each component of the said vector corresponds to the
eflectance of the object of a band and length of the vector is equal
o the number of bands. To classify hyperspectral images, each pixel
an be viewed as a pattern. Classification of hyperspectral images
s a challenging task due to the presence of a huge number of bands
features) in each pixel position. Performance of a classifier depends
n the interrelationship between sample size (number of training

atterns) and number of features and also on classifier complexity.
or a good classifier, the number of training patterns should be an
xponential function of the number of features. This phenomenon
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is termed as the “curse of dimensionality” [3,4]. Since the number
of features in a hyperspectral image is quite large, to classify the
patterns properly, the sample size should also be high, which is
infeasible in real life situation. Another fact regarding the hyper-
spectral images is that the neighboring bands are usually strongly
correlated. As a result, it might happen that no relevant information
is actually being added even if the spectral resolution is increased.
This suggests that to act as a good classifier, a huge number of bands
is not always needed. For classification, depending on the problem
to be solved, the significant bands are specifically selected from a
large number of bands. A small number of features can alleviate
the problem of curse of dimensionality when the number of train-
ing patterns is limited. Feature selection [4] is one of the important
tasks for reducing the dimensionality.

Depending on availability of labeled patterns, feature selection
methods can be categorized as supervised and unsupervised
ones. Supervised feature selection methods [5–15] consist of two
steps: subset generation and subset evaluation. Subset generation
is essentially a heuristic search process, where each point in
the search space specify a candidate (possible) subset. Several

methods exist in literature for finding out subsets. Optimal search
techniques like exhaustive search [15] method is not applicable for
hyperspectral images due to their complexity. Though Branch and
Bound [15] algorithm produces optimal solution for monotonic
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eature sets, the algorithm faces a nesting effect for non monotonic
et of features (e.g., in case of hyperspectral images) [3].  Different
uboptimal feature selection techniques have also been applied
n hyperspectral images [3,6–14]. Various sequential search
ased suboptimal feature selection methods (where features are
dded/removed sequentially) exist in literature e.g., sequential
orward search (SFS), sequential backward search (SBS), sequential
oating forward search (SFFS), sequential floating backward search
SBFS) [3],  etc. These methods have a tendency to get stuck to local
ptima. They do not perform better in case of hyperspectral images
ue to the existence of strong correlation among the bands [11,12].
ome techniques for subset generation follow stochastic search
ethods e.g., evolutionary based or swarm based algorithms.

tochastic method incorporates randomness into the search
rocedure to escape from local optima. Evolutionary algorithms
16] are a broad class of stochastic optimization algorithms, which
nly require the objective function information.

The goodness of each of the subsets is measured in subset eval-
ation process using some fitness function. Depending on different
valuation criteria, feature selection algorithms are broadly clas-
ified into two categories: filter method and the wrapper method
17]. Filter model relies on general characteristics of the data to
valuate and select feature subsets without using any classifier. It
s based on optimizing a discrimination measure, such as the Maha-
anobis distance [3],  Bhattacharyya distance [3],  Jeffreys–Matusita
istance [18], etc. On the other hand, the wrapper model requires

 predetermined classification algorithm and uses its performance
s evaluation criterion.

Various stochastic optimization based feature selection tech-
iques for hyperspectral images are found in literature exploiting
he merits of genetic algorithm (GA) [8–10], particle swarm opti-

ization (PSO) [5–7], ant colony optimization (ACO) [11,12],
ifferential evolution [13,14], etc. Genetic algorithm based feature
election methods for hyperspectral images use binary encoding;
nd fitness value of each chromosome is calculated by either filter
ethod [8] or wrapper method [9,10].  In [5,6] PSO based fea-

ure selection methods use guaranteed convergence binary PSO
GCBPSO) and wrapper model. Hybrid PSO-GA (HPSOGA) [7] uses
inary PSO and genetic crossover of particles with pbest and gbest
hile Hybrid PSO-GA with Sequential Search (HPSOGA-SS) [7] per-

orms a fine tuning of particles after each generation following
PSOGA. For both GA and PSO based methods, binary strings are
mployed usually in which every bit represents a feature. This
ncreases the computational cost for large problems [14]. ACO
ased methods exploit the merits of ant colony algorithm for evolv-

ng a suitable set of features using filter method [11] or wrapper
ethod [12] for evaluation. There is a chance for the ants to be

rapped in a local minima [14]. In [13], Liu et al. used differential
volution for subset generation and used information entropy as
bjective function. A combination of ACO and DE based methods is
sed for feature selection by Khusaba et al. [14], where the popu-

ation upon which DE operators work are actually drawn from the
olutions that the ACO finds.

Differential evolution [19] is a simple and efficient evolution-
ry algorithm which employs a differential mutation operator
or avoiding getting stuck to local optima. DE based methods
equire low computational memory while performing extremely
ell on a wide variety of test problems in terms of (solution)

ptimality and convergence speed. An evolutionary based method
s highly dependent on the assignment of the correct parame-
er values. The drawback of DE, is that the key parameters to be
dopted for a problem needs to be determined by trial and error

ethods. This drawback is conquered in self-adaptive differential

volution (SADE) [20] algorithm. In this algorithm, self-adaptive
ontrol mechanism is exploited to set the optimal parameter val-
es automatically. In the present article, a supervised feature
uting 13 (2013) 1969–1977

selection method for hyperspectral images is proposed by explor-
ing the applicability of SADE for finding out the suboptimal subset
of features and uses wrapper model for evaluating them. Except
objective function information, no other information like correla-
tion of features is required to execute the process. In this procedure,
classification accuracy of subset of features is treated as an objec-
tive function. For removing duplicate features from a subset of
generated features, a feature list is formed considering the fea-
ture estimating technique ReliefF [18]. The advantage of ReliefF is
its efficiency, awareness of the contextual information, and cor-
rect estimation of quality attributes for the problems having strong
dependencies among them. Since the data usually have overlapping
information, fuzzy kNN classifier [21] is used for calculating the
classification accuracy. The performance of the proposed method
is compared with four other state-of-the-art evolutionary based
techniques namely, GA [9],  ACO [12], DE [13] and a combination
of ACO & DE (ANTDE) [14] based methods. Classification accuracy
and Kappa coefficient are considered as performance measuring
indices.

The organization of this article is as follows: Section 2 contains
a brief description of the relevant techniques involved in the pro-
posed work. The proposed methodology is described in Section 3.
Section 4 contains description of the data set, experimental details
and result analysis. Finally conclusive remarks are made in Section
5. The performance measuring indices, used in this article, are
briefly described in Appendix A.

2. Relevant techniques for the proposed method

In this section a brief introduction to differential evolution and
self-adaptive differential evolution are given.

2.1. Differential evolution

Differential evolution (DE) [16,19] can be viewed as a search
and optimization technique. In DE, a population at generation G
(denoted as Xi,G where i varies from 1 to the size of the population,
NP) consists of a set of d-dimensional parameter vectors where
each population vector refers to a possible solution of the problem
(target vector). Initially, population vectors are chosen randomly
from the entire parameter space. Trial vector of each target vector
is obtained by mutation and crossover operation. Depending on the
cost values, the selection process selects the vectors for the next
generation from the set of trial and target vectors. The steps of DE
are as follows:

• Mutation: During mutation stage, the DE algorithm generates
new vectors by adding the weighted difference of two  vectors
to a third vector. For each target vector Xi,G, a mutant vector for
generation G + 1 (denoted as, Vi,G+1) is generated as follows:

Vi,G+1 = Xr1,G + F.(Xr2,G − Xr3,G), (1)

where r1, r2, r3 are random indices and r1, r2, r3 ∈ [1, NP];
r1 /= r2 /= r3 /= i and F ∈ [0, 2] is a scale factor which amplifies
the difference between the two  vectors Xr2,G and Xr3,G and thereby
controls the evolution rate of the population vectors.

• Crossover: Uniform crossover technique is used in DE. To increase
diversity, the trial vector Ui,G+1 is obtained from the elements of
the mutant vector V and the target vector X ; U is written
i,G+1 i,G i,G+1
as

Ui,G+1 = (U1i,G+1, U2i,G+1, . . . , Udi,G+1)
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where

Uji,G+1 =
{

Vji,G+1 if r(j) ≤ CR or j = rn(i)

Xji,G if r(j) > CR and j /= rn(i),
(2)

with j = 1, 2, . . .,  d, and r(j) denotes the jth random number whose
value lies between 0 to 1; CR,  the crossover probability, controls
the fraction of parameter values that are copied from the mutant
vector. A randomly chosen index rn(i) where rn(i) ∈ 1, 2, . . .,  d
ensures that Ui,G+1 receives at least one parameter from Vi,G+1.
Selection: In selection operation, if the trial vector at generation
G + 1 (Ui,G+1) yields more cost value than the target vector at gen-
eration G (Xi,G), then the trial vector replaces the target vector
in the next generation (generation G + 1)(for maximization prob-
lem). Hence, Xi,G+1 is determined as follows:

Xi,G+1 =
{

Ui,G+1 if f (Ui,G+1) ≥ f (Xi,G)

Xi,G otherwise;
(3)

where, f(·) denotes the cost function of the given vector.

.2. Self-adaptive differential evolution (SADE)

In DE, suitable values of the three control parameters namely,
mplification factor of the difference vector (denoted by, F),
rossover control parameter (denoted by, CR),  and population size
denoted by, NP) are generally set using trial-and-error method. On
he other hand, in SADE [20], self-adaptive control mechanism is
sed for each population vector to determine the parameters F and
R during the execution of the program. The third parameter, NP is
ept constant throughout the run. Let Fi,G and CRi,G be the amplifica-
ion parameter and crossover control parameter for ith population
ector at Gth generation, respectively. In each generation, values
f the parameters are adapted before mutation operation, so that
he new values of the parameters can be used for the following

utation, crossover and selection operations. This is done using
he following equations:

i,G+1 =
{

Fl + rand2 ∗ Fu, if rand1 < �1

Fi,G, otherwise,
(4)

nd

Ri,G+1 =
{

rand4, if rand3 < �2

CRi,G, otherwise
(5)

here randj, is a (uniform) random number ∈[0, 1] and j ∈ {1, 2, 3, 4}.
ere, �1 and �2 represent the probabilities to adjust the parameters

 and CR, respectively. According to Brest et al. [20], both �1 and �2
re set to 0.1 and the values of Fl and Fu are fixed at 0.1 and 0.9,
espectively. So, the new F takes a value from [0.1, 1.0] and CR from
0, 1] randomly. In DE, the three parameters have to be adjusted
y the user, whereas in SADE, the four parameters, Fl, Fu, �1 and �2
ave fixed values for all benchmark functions and the user does not
eed to adjust the values of these parameters.

. Proposed methodology

Like any supervised feature selection method, the proposed
lgorithm also consists of two stages: subset generation and subset

valuation. In subset generations, a candidate subset is generated
y using some search techniques and subset evaluation process
valuates the goodness of the corresponding candidate subset by
ome criterion. Here self-adaptive differential evolution (SADE)
uting 13 (2013) 1969–1977 1971

technique is used as search criterion and wrapper model is used
for evaluating the subset of features.

Algorithm 1. Proposed algorithm

1. Initialization
• Set the population size, NP.
• Set the size of each vector (candidate subset) d.
• Initialize the population (a set of population vectors).
• Initialize the values of the parameters, F and CR for each vector.
• For all the features, create a feature list using ReliefF algorithm.
• Calculate fitness value (classification accuracy) of each vector

using fuzzy kNN classifier.
2. Obtain the trial vectors using mutation and crossover operations

by Eqs. 1 and 2.
3. If any element of the trial vector is a real number then round it

to the nearest integer.
4. If any element of the trial vector is below/above the mini-

mum/maximum feature index value, then it is replaced by the
minimum/maximum feature index.

5. If there is any duplication of feature indices in a trial vector,
replace one of the repeated index by another feature index (not
present in the corresponding vector) which is on the top (or near
to it).

6. Calculate fitness value (classification accuracy) of each trial vec-
tor using fuzzy kNN classifier.

7. Perform selection operation using Eq. 3.
8. Perform self-adaptation of the values of F and CR for the next

generation using Eqs. 4 and 5.
9. Continue Steps 2–8 until termination condition is satisfied.

In any feature selection method, a number of d features is
selected from a set of D(> d) features, i.e., a possible solution (can-
didate subset) is of length d. Each subset is associated with an
objective functional value. Differential evolution (DE) process tries
to find out the optimum of this function. Classification accuracy is
used as an objective criterion. In the proposed methodology, if any
solution (candidate subset) contains correlated features, classifica-
tion accuracy of it will be less and therefore, will be discarded in
subsequent generations. This conveys that the present methodol-
ogy implicitly takes care of correlation among the features while
using wrapper models for evaluating the subsets. If any solution
contains duplicate features, substitute one of these by a feature
which has good discriminating ability for classification. To do so, a
feature list is made according to their discriminating ability using
ReliefF algorithm. Since, in our investigation, DE has been used in
a discrete space, if any real number appears in mutation stage, it is
rounded off to the nearest integer.

The step-by-step process of our proposed methodology is
described in Algorithm 1. At the beginning, NP number of sub-
sets each with d number of features are randomly selected from
the range of feature indices (1, 2, . . .,  D). As mentioned earlier,
each subset of features is treated as a population vector in DE.
While initializing the population, it is ensured that for any sub-
set no redundant feature index is present. After calculating the
fitness value of each of these population vectors, using the objec-
tive function, mutation and crossover operations are performed on
them using Eqs. 1 and 2. The new vector, produced after crossover
operation, is called the trial vector. Fitness value of each of these
trial vectors is again calculated. Higher classification accuracy cor-
responds to higher fitness value. Selection operation selects the
trial vectors based on their fitness values using Eq. 3. Highly fitted

vectors are more suitable than the lower fitted ones. If the fitness
value of the trial vector is greater than that of the corresponding
target vector, then the trial vector is selected as a member of the
population for the next generation, otherwise the target vector
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Table 1
Indiana data: class names and the number of samples.

Class no. Class name No. of samples

C1 Corn 191
C2 Corn-min 688
C3 Corn-notill 1083
C4  Soybean-clean 541
C5 Soybean-min 2234
C6  Soybean-notill 860
C7  Wheat 211
C8  Alfalfa 51
C9 Oats 20
C10  Grass/ Trees 605
C11 Grass/ Pasture 351
C12  Grass/ Pasture-mowed 17
C13  Woods 1293
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C14 Hay-windrowed 477
C15 Bldg-Grass-Tree-Drives 380
C16 Stone-steel-towers 86

emains as it is. This process continues until stopping criterion is
eached.

As mentioned earlier, ReliefF algorithm is used to construct a
eature list of all the features according to their rank and the said
ist estimates the quality of the attributes according to how well
heir values are used to identify the instances that are close to each
ther. The key idea of the algorithm is to estimate the quality of the
ttributes depending on how well their values help to classify the
atterns.

The whole process is continued until stopping criterion is
eached. Depending on user’s need, one stopping criterion could be
o execute the algorithm for some pre-specified number of gener-
tions. It could also be set to some specified number of generations
or which the change of fitness value of the best subset of features
s not significant.

. Experiment and evaluation

.1. Description of the data set
To evaluate the effectiveness of the proposed self-adaptive dif-
erential evolution based feature selection method, experiments
re carried out on three hyperspectral remotely sensed images
amely, Indiana, KSC, and Botswana images corresponding to the

Fig. 1. Band 11 image of Indiana data.
Fig. 2. Band 11 image of KSC data.

geographical areas of Indiana Pine test site of Northwest Indiana,
Kennedy Space Center of Florida and Okavango Delta of Botswana.
The datasets are described in the following subsections.

4.1.1. Indiana data set
Indiana image [22] data was captured by AVIRIS (Airborne Visi-

ble/Infrared Imaging Spectrometer) over an agricultural portion of
northwest Indiana’s Indian pine test site in the early growing sea-
son of 1992. The data has been taken within the spectral range from
400 nm to 2500 nm with spectral resolution of about 10 nm and has
220 spectral bands.

The size of the image is 145 × 145 pixels and spatial resolu-
tion is 20 m.  Twenty water absorption bands (numbered 104–108,
150–163 and 220) and 15 noisy bands (1–3, 103, 109–112, 148–149,
164–165 and 217–219) were removed, resulting in a total of 185
bands. There are 16 classes in this image. Class name and the num-
ber of labeled samples for each class are given in Table 1. Among the
16 classes, seven classes contain fewer number of samples (Fig. 1).

4.1.2. KSC data set
The KSC [23] images, acquired over Kennedy Space Center (KSC),

Florida on March 23, 1996 by NASA AVIRIS, is of size 512 × 614.
AVIRIS acquires data in 224 bands of 10 nm width with wavelengths
ranging from 400 nm to 2500 nm.  The data is acquired from an alti-
tude of approximately 20 km and have a spatial resolution of 18 m.
After removing the bands disturbed due to water absorption or with

low SNR value, 176 bands are used for analysis. Training data were
selected using land cover maps derived from color infrared photog-
raphy provided by the Kennedy Space Center and Landsat Thematic

Table 2
KSC data: class names and number of samples.

Class no. Class name No. of samples

C1 Scrub 761
C2  Willow swamp 243
C3  Cabbage palm hammock 256
C4  Cabbage palm/oak hammock 252
C5  Slash pine 161
C6  Oak/broadleaf hammock 229
C7  Hardwood swamp 105
C8  Graminoid marsh 431
C9  Spartina marsh 520
C10 Cattail marsh 404
C11 Salt marsh 419
C12 Mud flats 503
C13 Water 927
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Fig. 3. Band 11 image of Botswana data.

apper (TM) imagery. The vegetation classification scheme was
eveloped by KSC personnel in an effort to define functional types
hat are discernable at the spatial resolution of Landsat and the
VIRIS data [23]. Discrimination of land cover for this environment

s difficult due to the similarity of spectral signatures for certain

egetation type (Fig. 2). Details of the 13 land cover classes consid-
red in the KSC data area are listed in Table 2.

able 3
otswana data: class names and number of samples.

Class no. Class name No. of samples

C1 Water 270
C2 Hippo Grass 101
C3 FloodPlain Grasses 1 251
C4 FloodPlain Grasses 2 215
C5 Reeds 269
C6 Riparian 269
C7 Firescar 259
C8 Island Interior 203
C9 Acacia Woodlands 314
C10 Acacia Shrublands 248
C11 Acacia Grasslands 305
C12 Short Mopane 181
C13 Mixed Mopane 268
C14 Exposes Soils 95

able 4
verall accuracy and Kappa value of GA, ACO, DE, ANTDE based and the proposed method

Selected no. of features Methodology used

GA ACO D

OA Kappa OA Kappa O

9 82.74 0.8014 86.06 0.8401 8
11  83.74 0.8134 86.85 0.8489 8
13  84.00 0.8162 86.86 0.8491 8
15  84.90 0.8279 87.35 0.8549 8
17  85.01 0.8291 87.52 0.8568 8
19 86.10  0.8404 88.37 0.8666 8
21  85.87 0.8378 87.73 0.8592 8
23 85.51  0.8339 87.61 0.8578 8
25  85.01 0.8291 87.76 0.8595 8

he best results are marked in bold.
Fig. 4. Ground truth image of Indiana data set.

4.1.3. Botswana data set
The NASA Earth Observing 1 (EO-1) satellite acquired a

sequence of 1476 × 256 pixels over the Okavango Delta, Botswana
in 2001–2004 [23]. The Hyperion sensor on EO-1 acquired data
at 30 m pixel resolution over a 7.7 km strip in 242 bands from the
400 nm to 2500 nm portion of the spectrum in 10 nm windows.
Noisy bands were removed, and the remaining 145 bands were
included as candidate features: [10–55, 82–97, 102–119, 134–164,
187–220]. This data was acquired on May  31, 2001, and consists of
observations from 14 identified classes representing the land cover
types in seasonal swamps, occasional swamps, and drier woodlands
located in the distal portion of the Delta [23]. These classes were
chosen to reflect the impact of flooding on vegetation in the study
area (Fig. 3). Class names and corresponding number of ground
truth observations used in our experiment are listed in Table 3.

4.2. Parameter details

The value of the parameter NP is set before starting any oper-
ation. It is set to a value in between 5 × d to 10 × d. As mentioned
earlier, self-adaptive technique is used for adjusting the values of
the parameters F and CR. There are separate F and CR parameters
for each target vector. The value of F and CR lie in [0.1,1] and [0,1],
respectively. These two parameters adapt their values by them-
selves using Eqs. 4 and 5 from generation to generation before
mutation operation.

4.3. Analysis of results
Performance of the proposed SADE based technique has been
compared with that of a GA based [9] method, an ant colony based
[12] one, a DE based [13] method and a combination of ACO & DE
(ANTDE) [14] based one. As mentioned, experiments are performed

s for different number of selected features for Indiana data set.

E ANTDE Proposed

A Kappa OA Kappa OA Kappa

4.67 0.8254 86.23 0.8424 86.97 0.8506
5.18 0.8310 86.96 0.8504 87.75 0.8595
5.96 0.8396 87.30 0.8541 88.30 0.8658
6.63 0.8470 87.93 0.8610 88.80 0.8715
7.23 0.8536 88.57 0.8681 88.97 0.8734
7.81 0.8596 88.95 0.8726 89.67 0.8814
7.64 0.8578 88.75 0.8704 89.27 0.8768
7.65 0.8579 88.53 0.8679 88.98 0.8735
7.42 0.8557 88.69 0.8702 89.27 0.8768
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Table 5
Comparison between selected features (bands) using GA, ACO, DE, ANTDE and the
proposed method for Indiana data set.

Feature selection
methods used

Selected features

GA 8/16/18/23/32/34/51/53/58/69/83/
92/95/102/114/116/120/128/141/165/184

ACO 7/8/10/21/27/30/31/34/35/66/
85/100/116/126/127/149/163/165/171

DE  6/7/8/15/24/35/43/44/58/78/89/
94/108/109/148/153/170/175/177

ANTDE 6/21/29/32/33/48/52/62/68/82/87/
119/124/127/135/171/175/177/184
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Proposed 4/7/8/12/30/31/32/35/46/57/67/
80/92/117/124/128/164/167/171

n three data sets described earlier. Before conducting the exper-
ment, normalization of data has been done. The desired number
f features to be selected is not known and it varies from image
o image. In the present investigation, experiments are carried out
or different desired number of features ranging from 9 to 25 with

 step size 2. The algorithm is terminated when the difference
etween the fitness values of two consecutive generations for the
est subset of features is negligible (e.g., <0.002) and the same sce-
ario prevails for a certain number of generations (30 in our case)

or all the stochastic techniques.
For the proposed method, initial solutions are chosen randomly

ithin the range of feature indices i.e., from 1 to 185 for Indiana
ata, 1–176 for KSC data and 1–145 for Botswana data.

At termination of each of the algorithms, fuzzy kNN classifier is
sed on the selected subset of features using 10-fold cross vali-
ation. Performance of the proposed methodology is compared
ith those of other four existing techniques with respect to overall

lassification accuracy (OA) and Kappa coefficient (Kappa) [24]. For
tochastic feature selection methods, twenty simulations are done
ith different random initializations and the average values (over

0 simulations) of OA and Kappa measures are reported.
For Indiana Data, ground truth image with 16 classes is shown

n Fig. 4, where each color represents a class. The OA and Kappa
btained with Indiana image using GA, ACO, DE, ANTDE based algo-
ithms and the proposed methodology are given in Table 4. The
est results are marked in bold. From Table 4, it is observed that

he proposed SADE based methodology outperforms all the other
our methods used in our experiment. It is noticed that ANTDE
ased method is better than DE, ACO and GA based methods in
erms of both the performance indices considered (i.e., OA and

Fig. 5. Classified Indiana image with selected feature set using (a) GA,  (b) ACO, (c)
DE,  (d) ANTDE based method, and (e) the proposed method.

able 6
onfusion matrix obtained using the proposed method with 17 selected features using Indiana data set.

Class no. C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 C15 C16 Classifi-cation
accuracy (%)

C1 156 11 7 10 5 1 0 0 0 1 0 0 0 0 0 0 81.67
C2  15 531 19 28 90 4 0 0 0 1 0 0 0 0 0 0 77.18
C3  6 17 924 14 79 42 0 0 0 1 0 0 0 0 0 0 85.39
C4  11 18 39 416 41 16 0 0 0 1 0 0 0 0 0 0 76.89
C5  5 29 41 18 2052 69 1 0 1 10 1 0 0 1 3 0 91.97
C6  0 9 13 5 63 770 0 0 0 0 0 0 0 0 0 0 89.53
C7  0 0 0 0 0 0 211 0 0 0 0 0 0 0 0 0 100
C8  0 0 0 0 1 2 0 36 0 0 0 0 0 12 0 0 70.58
C9  0 0 0 0 1 0 2 0 17 0 0 0 0 0 0 0 85
C10 0  0 0 0 0 0 0 0 0 598 0 0 0 0 6 0 99
C11  0 0 0 1 1 0 0 0 0 0 347 0 2 0 0 0 98.86
C12  0 0 0 0 0 0 0 0 0 0 0 15 0 2 0 0 88.23
C13 0  0 1 0 0 0 1 0 0 2 6 0 1260 0 21 0 97.59
C14  0 0 0 0 0 0 0 2 0 0 0 0 0 474 0 0 99.58
C15 0  1 0 1 1 1 14 0 1 41 2 0 70 0 247 1 65
C16 0  0 1 0 4 0 0 0 0 0 0 0 0 0 1 80 93.02
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Table  7
Overall accuracy and Kappa value of GA, ACO, DE, and ANTDE based and the proposed methods for different number of selected features for KSC data set.

Selected no. of features Methodology used

GA ACO DE ANTDE Proposed

OA Kappa OA Kappa OA Kappa OA Kappa OA  Kappa

9 90.89 0.8986 91.22 0.9022 91.04 0.9005 91.34 0.9032 91.55 0.9057
11  91.10 0.9009 91.74 0.9078 91.63 0.9068 91.82 0.9086 91.99 0.9107
13  91.50 0.9050 92.17 0.9126 91.88 0.9095 92.24 0.9133 92.04 0.9112
15 91.09  0.9008 92.05 0.9113 92.07 0.9116 92.29 0.9139 92.36 0.9148
17 91.64 0.9065 92.21 0.9131 92.19 0.9128 92.34 0.9144 92.47 0.9159
19 92.10 0.9121 92.42 0.9154 92.37 0.9147 92.46 0.9158 92.65 0.9180
21  91.98 0.9101 92.37 0.9149 91.99 0.9107 92.41 0.9152 92.45 0.9158
23  90.97 0.8994 92.30 0.9142 92.17 0.9126 92.37 0.9147 92.44 0.9156
25  91.92 0.9095 92.37 0.9149 91.92 0.9099 92.41 0.9153 92.25 0.9136

The best results are marked in bold.

Table 8
Overall accuracy and Kappa value of GA, ACO, DE, ANTDE based and the proposed methods for different number of selected features for Botswana data set.

Selected no. of features Methodology used

GA ACO DE ANTDE Proposed

OA Kappa OA Kappa OA Kappa OA Kappa OA Kappa

9 88.52 0.8685 90.55 0.8974 90.42 0.8964 90.67 0.8989 90.97 0.9020
11 89.93  0.8908 91.20 0.9044 90.97 0.9022 91.31 0.9057 91.67 0.9094
13  89.95 0.8910 91.15 0.9038 91.16 0.9042 91.46 0.9073 91.84 0.9114
15 90.20  0.8937 91.48 0.9076 91.24 0.9050 91.61 0.9088 91.87 0.9117
17  91.16 0.9040 91.93 0.9125 91.57 0.9085 92.07 0.9137 92.34 0.9167
19  91.30 0.9055 92.13 0.9145 91.89 0.9119 92.26 0.9157 92.44 0.9179
21  91.25 0.9050 91.88 0.9118 91.73 0.9102 92.19 0.9150 92.40 0.9174
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23  91.25 0.9050 91.86 0.9116 

25 91.09  0.9033 91.73 0.9102 

he best results are marked in bold.

appa). The results of ACO and DE based methods are comparable
o each other, simultaneously both (ACO & DE) give better result
han GA based one. Fig. 6 depicts the variation of average OA (in
ercentage) with number of features for all the methods used in
ur experiment. From the graph, it is seen that the peak perfor-
ance is obtained when the number of selected features is 19 in all

he cases. The list of selected features providing the best (among
0 simulations) overall accuracy and Kappa coefficient obtained
sing various methodologies are put in Table 5. Table 6 shows the
rror matrix or confusion matrix of the proposed method for the
est results obtained among twenty simulations. From this table it

s observed that classes C7–C16 have better classification accuracy,
hereas classes C1–C6 show mixed results. If the spectral represen-

ation of class-mean (class-representative) of 16 different classes
or Indiana data are drawn, then it can be inferred that classes
7–C16 are well separated than classes C1–C6. Fig. 5(a)–(e) shows
ictorial representation of the classified image with the best sub-
et of features selected using GA, ACO, DE, and ANTDE based and
he proposed methods, correspondingly. From these figures, it is
learly noticed that the proposed technique gives a better subset of
eatures for classification than the other four methods mentioned
bove (Fig. 6).

Results for KSC data set are given in Table 7. From the table, it
s observed that in most of the cases (except the cases of selected
umber of features as 13 and 25), the proposed method is producing
etter results than all the four methods used. ANTDE based method

s found to be better than both DE, ACO and the GA based methods in
erms of both OA and Kappa measures. Between DE and ACO based
echniques, the latter one is seen to produce slightly better results
ompared to the former one. A variation of overall classification

ccuracy for these methods with the number of features used, is
epicted graphically in Fig. 7. For this data set, the best performance

s obtained when the number of selected features is 19 for all the
our stochastic methods.
91.82 0.9111 92.05 0.9135 92.44 0.9179
91.79 0.9108 92.13 0.9143 92.35 0.9168

For Botswana data set, the results obtained using the proposed
method as well as those using four other techniques with different
desired number of features are provided in Table 8 and graphically
depicted in Fig. 8. Results for this data set corroborate our earlier
findings. Our proposed method is producing superior performance
as compared to the other four methods. ANTDE based one is better
than DE, ACO & GA based methods and the ACO & DE based methods
provide comparable results. From the graph, it is seen that the best
8 10 12 14 16 18 20 22 24 26
Number of features

Fig. 6. Comparison of GA, ACO, DE, ANTDE and the proposed method in terms of
overall accuracy with respect to the number of features used for Indiana data set.
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Fig. 7. Comparison of GA, ACO, DE, ANTDE and the proposed method in terms of
overall accuracy with respect to the number of features used for KSC data set.
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ig. 8. Comparison of GA, ACO, DE, ANTDE and the proposed method in terms of
verall accuracy with respect to the number of features used for Botswana data set.

. Conclusions

In this article, a new feature selection technique is proposed
sing self-adaptive differential evolution for subset generation in
yperspectral images. A feature ranking method, named ReliefF, is
sed for removal of duplicity of features in a subset. Fuzzy kNN
lassifier is used for subset evaluation. Performance of the pro-
osed method is compared with that of GA, ACO, DE and ANTDE
ased ones. Results of the proposed method show significant

mprovement over the existing algorithms with respect to over-
ll classification accuracy and Kappa coefficient for all the three
yperspectral data sets used in our investigation. Future work will

ocus on the initialization of the population vectors and fast con-
ergence of the DE algorithm from the perspective of hyperspectral
eature selection.
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Appendix A.

A.1. Evaluation indices

The details of the evaluation indices used in this article are given
below.

A.1.1. Overall accuracy (OA)

Overall accuracy represents the ratio between the number of
samples correctly recognized by the classification algorithm and
the total number of test samples. To measure the overall accuracy,
initially confusion matrix is obtained. The confusion matrix N is
a square matrix of size C × C, where C represents the number of
classes of the given data set. The element nij of the matrix denotes
the number of samples of jth (j = 1, . . .,  C) class which are classified
into ith (i = 1, . . .,  C) category. Let n be the total number of test sam-
ples; where n =

∑C
i=1

∑C
j=1nij . The overall accuracy (OA) is defined

as

OA =
∑C

i=1nii

n
. (6)

A.1.2. Kappa coefficient (Kappa)
The Kappa coefficient [24] is a measure defined based on the dif-

ference between the actual agreement in the confusion matrix and
the chance agreement, which is indicated by row and column totals.
The Kappa coefficient is widely adopted, as it also takes into con-
sideration the off-diagonal elements of the confusion matrix and
compensates for chance agreement. The value of Kappa coefficient
lies in the range [−1, +1]. Closer the value of Kappa to +1, better is
the classification.

Let in the confusion matrix, the sum of the elements of ith row
be denoted as ni+ (where, ni+ =

∑C
j=1nij) and the sum of the ele-

ments of column j be n+j (where n+j =
∑C

i=1nij). Kappa coefficient
is defined as

Kappa = n
∑C

i=1nii −
∑C

i=1ni+n+i

n2 −
∑C

i=1ni+n+i

(7)

where n denotes the total number of test samples and C denotes
the number of classes of the given data set.
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