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Abstract Currently, hyperspectral images have potential ap-
plications in many scientific areas due to the high spectral
resolution. Extracting suitable and adequate bands/features
from high dimensional data is a crucial task to classify such
data. To overcome this issue, dimension reduction techniques
have direct effects to improve the efficiency of classifiers on
hyperspectral images. One common approach for decreasing
the dimensionality is the feature/band selection by considering
the optimum dimensionality of the hyperspectral imagery. In
this paper, a new method was proposed to select optimal band
for classification application, based on a metaheuristic
Invasive Weed Optimization (IWO) algorithm. In this regard,
the K-nearest neighbour (K-NN) technique was used as the
classifier. Moreover, as a by-product of our band selection
method, a new method was proposed to estimate an optimum
dimension of the reduced hyperspectral images for better clas-
sification. Experimental results over three real-world
hyperspectral datasets clearly showed that the proposed
IWO-based band selection algorithm of this study led to the
significant progress in selecting suitable bands for classifica-
tion applications and estimation of optimum dimensionality of
these datasets. In this regard, the overall accuracy (OA) of

classification of the proposed IWO-based band selection algo-
rithm was 92.02, 93.57, and 89.72 % for each dataset, respec-
tively. Moreover, results reveal the superiority of the proposed
IWO-based band selection algorithm against the other algo-
rithms including GA, SA, ACO, and PSO for band selection
purpose.
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Introduction

Monitoring the current developments in remote sensing sensor
technology shows that hyperspectral remote sensing imager-
ies are now rapidly expanded and are knowing as the effective
tools for many different applications (Sun et al. 2014; Kaur
et al. 2015). Comparing hyperspectral sensors with earlier
multispectral sensors offers a dense sampling of the electro-
magnetic spectrum and allows one to discriminate species
with very similar spectral signatures. Incorporating such a
large number of bands connotes high dimensionality data
and presents several significant issues for classification proce-
dure (Ghosh and Somvanshi 2009; Ghiyamat et al. 2015).
High dimensional data causes increasing the cost of computa-
tional complexity, and also, may degrade the classification
accuracy (Hughes 1968). As is known, the dimensionality of
input space strongly affects the performance of any classifica-
tion methods when the number of the training samples are
low, finite, and remain constant (e.g., the Hughes phenome-
non (Hughes 1968)). Thus, it is necessary to design and use
new algorithms that are able to handle hundreds of narrow
spectral bands at the same time for decreasing the effects from
the Bcurse of dimensionality.^ In this regard, dimensionality
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reduction (DR) is often adopted to reduce computational cost
and to improve knowledge discovery. Hyperspectral DR is the
transformation of a given hyperspectral image into a meaning-
ful form with the reduced dimensionality of bands/features
(Mukherjee et al. 2012; Hasanlou et al. 2013; Wang and
Wang 2015). Accordingly, DR has the potential to over-
come the problem of the curse of dimensionality and it can
significantly improve the detection performance of the
anomaly detection algorithms of hyperspectral images
(Baghbidi et al. 2015).

Three conditions must be considered for effective DR tech-
niques (Hasanlou et al. 2013): (a) performance of computa-
tion, (b) accuracy of utilized classifier, and (c) robustness in
complex and noisy datasets. For computational performance,
the low dimensional data may lead to the high efficiency. In
relation to the accuracy, the DR techniques must keep crucial
data without losing the relevant information about objects for
the purpose of classification. About of robustness, the DR
techniques should present infrequent or no performance deg-
radation even for noise-corrupted data. The DR techniques
can be divided into two main categories that are commonly
used for hyperspectral images: feature extraction (FE) and
feature selection (FS) (Liu and Motoda 1998).

The FE (Imani and Ghassemian 2015) transforms the orig-
inal nature of the hyperspectral image into the destination
feature space through transformations like vertex component
analysis (VCA) (Nascimento and Bioucas Dias 2005), princi-
pal component analysis (PCA) (Miglani et al. 2009), and in-
dependent component analysis (ICA) (Zhu et al. 2011). In FE,
the definition of a small number of datasets of new features is
permitted in a way each of them includes the majority of the
original image information. The main step after transforming
the original data into the feature space in any FE technique is
to choose the favored and optimal low-dimensional features
that depends on the hyperspectral application (Hasanlou and
Samadzadegan 2012).

Besides FE, the FS (Ghamary Asl et al. 2014) purposes to
find the best subset of spectral bands that enables the highest
class separability (Pal and Foody 2010; Sui et al. 2015).
Dependable selection outputs not only may simplify the
display, storage, and transmission, but also may boost clas-
sifier performance. The FS techniques identify a subset of
the original spectral bands that contains most of the char-
acteristics. In these techniques, nature of the bands will not
change or transform. In addition, preserving of the spatial
information is also vital for FS (Bruzzone and Persello
2009). In remote sensing community, especially in
hyperspectral image analysis, the term of Bfeature
selection^ is equivalent to Bband selection^. Hence, the
term of band selection (BS) is used as a DR technique in
the rest of this paper. BS is often superior to FE, since it
takes the advantage of preserving the original information
content of the raw image (Plaza et al. 2009).

There are variety of techniques for the BS in literatures.
Some researchers have proposed different types of tech-
niques such as information theory based technique (Guo
et al. 2006; Feng et al. 2014) and distance based techniques
(De Backer et al. 2005; Huang and He 2005). Some other
researchers have chosen the best features produced by the
other FE techniques (Mahdi Hasanlou et al. 2013).
However, the output results have shown the effectiveness
of FS methods (Huang and He 2005). The FE techniques
have a general restriction. For instance, the Bbest^ subset of
features as input of classifier cannot be chosen until an
exhaustive search of all the feature combinations has been
performed. This is an impractical task due to the exponen-
tial increase of feature combinations pertaining to the num-
ber of dimensions.

Recently, metaheuristic optimization algorithms inspired
from the behavior of physical or biological systems in the
nature were proposed as powerful methods for BS or DR
techniques (Yin et al. 2012; Nakamura et al. 2014). For exam-
ple, the particle swarm optimization (PSO) algorithms were
widely used for BS (Nakamura et al. 2014; Su et al. 2014;
Yang et al. 2007). In these papers, the PSO-based optimization
procedure was utilized to simultaneously determine the opti-
mal number of bands and to select the corresponding bands
for DR techniques in the hyperspectral imagery. Some other
researchers for BS in hyperspectral images focused on ant
colony optimization (ACO) algorithms (Zhang et al. 2007,
2011; Zhou et al. 2008; Zhu et al. 2010; Samadzadegan and
Partovi 2010; Samadzadegan et al. 2012). These works also
investigated the ACO framework for parameter determina-
tion, FS, as well as simultaneous determination of classifier
parameters and the BS. Moreover, a common approach
among researchers for the BS purpose is the genetic algo-
rithms (GAs) (Li et al. 2011; Samadzadegan et al. 2012;
Pedergnana et al. 2013). In these studies, an iterative tech-
nique was proposed based on GAs to automatically optimize
the selection of the optimal bands from the hyperspectral im-
agery. Another metaheuristic BS technique is the simulated
annealing (SA) approach (Chang et al. 2011; Samadzadegan
et al. 2012). This algorithm selects a set of the correlated
hyperspectral bands based on the SA algorithm and utilizes
the inherent separability of different classes to reduce
dimensionality.

In this paper, a supervised BSmethodology is introduced to
acquire the representative bands of the hyperspectral imagery
using a novel numerical stochastic optimization algorithm in-
spired from colonizing weeds known as invasive weed opti-
mization (IWO) (Mehrabian and Lucas 2006). Weeds have
shown to be very robust and adaptive to change in environ-
ment. Thus, incorporating their natures as a powerful optimi-
zation algorithm for BS purpose will be investigated in this
paper. The IWO algorithm has been widely used in variety of
optimization problems like clustering (Liu et al. 2012; Nanda
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and Panda 2014), design an antenna (Sedighy et al. 2010;
Roy et al. 2011; Monavar et al. 2011; Foudazi and
Mallahzadeh 2012; Zaharis et al. 2013), electromagnetics
(Karimkashi and Kishk 2010), optimal positioning of piezo-
electric actuators (Mehrabian and Yousefi-Koma 2007),
developing a recommender system (Rad and Lucas 2007),
adaptive beam forming (Roshanaei et al. 2009), multi-
criteria path optimization problem (Pahlavani et al. 2012),
and DNA computing (Zhang et al. 2009). It should be noted
that the former evolutionary/swarm intelligence well-known
algorithms like GA, SA, ACO, and PSO suffer from their
some intrinsic search characteristics: GA is a global search
method, while SA, ACO, and PSO attempt to improve their
performance by exploiting the local search. In the global
search-based method, the lack of a local search mechanism
usually diminishes the performance of the final solution(s) and
in the local search-basedmethod, the probability of trapping in
the local optima would be increased in a complicated search
space. Hence, there exist many modified/hybrid versions of
these algorithms to benefit hopefully both the global and local
searches simultaneously. In this situation, parameters tuning
of these modified/hybrid algorithms have been a matter of
great concern that makes the comparison of these algorithms
would be so difficult. In contrary, the evolutionary movement
in the IWO algorithm would be inherently from the global

search to the local search that makes it suitable for solving
complex optimization problem like BS in hyperspectral
images.

The main contributions of this paper are two issues that
have been reported for the first time in the history of

Inputs: Hyperspectral imagery data, Initial parameters of the proposed IWO (Table 1). 
Outputs: The selected band indices (B in Eq. (6)) with the best OA, dimension estimation ( ).
// Optimum Band Selection  
1. Generate random population of N weeds according to Section A; 
2. for i = 1 to the itmax; 
3.       Calculate the OA of each weed (Section B); 
4.       for each weed ; 
5.         Calculate the number of seeds of q, corresponding to its OA [Eq. (2)]; 
6.         Randomly disperse generated seeds over the search-space according to Section C;
7.         Add the generated seeds to the end of the current solution set: N; 
8.       end;
9.       if N > Nmax;     
10.          Sort the population N in descending order of their OA; 
11.          Truncate population of weeds with the low OA till N = Nmax; 
12.     end;
13.     if i = itmax

14. return B and n [Eq. (6)]; 
15.    end;
16. end;
// Optimum dimension estimation 
17. Calculate the OA of each  [Eq. (8)] 

18. 
19.    for j = n-1:-1:1 
20.          ; 
21.          ;  

22.          if
23.               ; 
24.          else
25.              return ; 
26.              break;
27.          end;
28. end;

Fig. 1 The proposed IWO-based
BS and OD estimation pseudo-
code

Dataset #1 Dataset #2 Dataset #3

Fig. 2 Hyperspectral images and related ground-truth data

J Indian Soc Remote Sens (February 2017) 45(1):11–23 13



hyperspectral imagery. Firstly, a supervised BS method is pro-
posed using an IWO-based BS algorithm integrated with the
K-Nearest Neighbor (K-NN) classifier as its fitness function.
In this regard, the different encoding and parameters tuning
has been used for the proposed IWO-based BS algorithm.
Accordingly, selecting suitable bands with top performance
classifier accuracy would be achieved. Particularly, incorpo-
ration of three real hyperspectral datasets with the related
ground-truths allows us to monitor the supervised K-NN
(Cover and Hart 1967) classifier with the overall accuracy
(OA) index as the best criteria in classifying remote sensing
images (Liu et al. 2007). A support vector machine (SVM) has
been reported as the suitable classifier in the former studies of
hyperspectral imagery (Zhang and Ma 2009), but this method
could not be appeared efficiently in evolutionary algorithms
(EAs), unless its kernel parameters would be tuned for each
candidate solution of any EA. This issue, extremely increases
the computational complexity of any EA. Hence, the SVM
was not used in this paper. Moreover, a comparison has been
done between the OA achieved by the proposed IWO-based

BS algorithm and those achieved by the other EAs, including
GA, SA, ACO, and PSO. Secondly, as a byproduct of our
proposed IWO-based BS algorithm, we proposed a new
method to estimate the OD. In this regard, by creating a
reward mechanism in the proposed IWO-based BS algo-
rithm of this study, estimating the OD of the reduced se-
lected bands was possible that is favorable to choose ap-
propriate bands for classification application in the
hyperspectral imagery. As a part of this study, we com-
pared the estimated OD number of this study with the
common previous dimensional estimator methods, includ-
ing the second moment linear (SML) (Bajorski 2011), the
hyperspectral signal subspace identification by minimum
error (Hysime) (Bioucas-Dias and Nascimento 2008), the
Harsanyi–Farrand–Chang (HFC) estimator (Chang and Du
2004), and the Noise-Whitened HFC estimator (NWHFC)
(Chang and Du 2004) using hyperspectral imagery. These
four techniques have been reported by (Hasanlou and
Samadzadegan 2012) as the efficient ones in estimating
the dimension of hyperspectral imagery.

Table 1 The IWO-based BS
parameter values, as well as the
OD parameter values

Symbol Quantity Value

N Number of initial population 5

Nmax Maximum number of plant population 20

itmax Maximum number of iterations 400

Smax Maximum number of seeds 3

Smin Minimum number of seeds 0

SDi Initial standard deviation-value from a parent-weed 0.7

SDf Final standard deviation-value from a parent-weed 0.3

m Non-linear modulation indexes 3

τ The predefined threshold for selecting bands 0.7

ε The difference threshold for dimension estimation 0.1,0.2,0.3,0.4,0.5

Fig. 3 The standard deviation
(SD) of IWO weighting for all
datasets
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IWO-Based Band Selection and Optimum
Dimension Estimation

In this paper, the invasive weed optimization (IWO) algorithm
(Mehrabian and Lucas 2006) was used as a novel numerical
stochastic optimization algorithm. IWO has been inspired by
colonizing weeds. In agriculture, weeds are undesirable plants
with robust and random characteristics that cause to be adap-
tive to changes in the environment. The IWO algorithm is a
form of evolutionary algorithm that mimics the robustness,
randomness, and adaptation of colonizing weeds. In

comparison with other evolutionary algorithms, the IWO al-
gorithm contains distinctive properties in reproduction,
spatial dispersal, and competitive exclusion to solve
continuous optimization problems. In this section, the pro-
posed IWO-based BS algorithm for the optimal band se-
lection of the hyperspectral imagery is illustrated in
Sections 2.1 to 2.3 and a new dimensional estimation of
the hyperspectral imagery is depicted in Section 2.4.
Finally, Section 2.5 presents the pseudo-code of the pro-
posed IWO-based BS algorithm.

Encoding and Initializing a Random Weed

In the proposed IWO-based BS of this study, an initial
population of weeds is generated with random potential
solutions and searching for selecting the optimum bands
would be done during successive iterations. In this regard,
fixed-length weeds were used to encode the problem.
Every weed k, i.e., xk as a candidate solution of IWO-

Fig. 4 a The maximum, the mean, and the minimum OA of the IWO-based BS values, b The optimum dimension bands for dataset #1

Table 2 Output details for each class in Dataset #1

Class name Number of
training pixels

Training samples
rate (%)

Alfalfa 11 20

Corn-notill 286 20

Corn-mintill 166 20

Corn 48 20

Grass-pasture 97 20

Grass-trees 146 20

Grass-pasture-mowed 6 20

Hay-windrowed 96 20

Oats 4 20

Soybean-notill 195 20

Soybean-mintill 491 20

Soybean-clean 119 20

Wheat 41 20

Woods 253 20

Buildings-Grass-Trees-Drives 78 20

Stone-Steel-Towers 19 20

Overall accuracy: 92.02 % Fig. 5 The classified result using the IWO-based BS algorithm and K-
NN classifier for dataset #1

J Indian Soc Remote Sens (February 2017) 45(1):11–23 15



based BS is recognized by its position vector as shown in
Eq. (1) in the d-dimension of a hyperspectral imagery:

xk ¼ xk 1ð Þ xk 2ð Þ ⋯ xk jð Þ½ �; ∀ j∈ 1; 2;…; df g; xk jð Þ
¼ r; reU 0; 1ð Þ; k∈ 1; 2;…; Nf g;

ð1Þ
where j is the band number of a hyperspectral imagery, r is
the uniformly distributed random number in the rang (0,1).
This encoding is one of the major difference of the pro-
posed IWO-based BS of this study against the other typical
evolutionary methods of BS that use binary encoding strat-
egies. By considering no repeated weed, random weeds

would be generated with initial population size (N). In this
regard, a list of previously generated random weed should
be maintained.

Fitness Evaluation and Reproduction

Every index j in Eq. (1) corresponds to a band number of
the hyperspectral imagery. So, a set of indices, i.e., (j)s,
that their (xk(j)) values are greater than the predefined
threshold (τ) would be considered as the selected bands
of the weed k. In this paper, the K-NN (Cover and Hart
1967) classifier (K = 1) using Euclidean distance metric
was adopted for supervised classification of these selected
bands. Moreover, the overall accuracy (OA) (Liu et al.
2007) was used for evaluating every weed fitness. In this
paper, 20 % of ground-truth pixels for each class of every
dataset was selected randomly and considered as the train-
ing samples. Accordingly, the OA was computed by the
whole dataset.

A few members of the weeds in the population of each
iteration are permitted to generate seeds according to Eq. (2).
These weeds are recognized as the parent weeds.

NSk ¼ Fk−Fw

Fb−Fw

� �
� Smax−Sminð Þ þ Smin

� �
; ð2Þ

where ⌊.⌋ is the floor operator, NSk is the number of seeds
that the kth weed can produce, Fk is the OA of the kth weed,
Fb and Fw are the best and the worst OA value of all weeds
till to current iteration. Also, Smin and Smax are the
predefined minimum and maximum number of seeds,
respectively.

Spatial Dispersal and Competitive Exclusion

In spatial dispersal, seeds are randomly dispersed in a way
that they lie near to the parent weed. In this regard, seeds

Fig. 6 a The maximum, the mean, and the minimum OA IWO-based BS values, b The optimum dimension bands for dataset #

Table 3 Output details for each class in Dataset #2

Class name Number of
training pixels

Training samples
rate (%)

Brocoli_green_weeds_1 402 20

Brocoli_green_weeds_2 746 20

Fallow 396 20

Fallow_rough_plow 279 20

Fallow_smooth 536 20

Stubble 792 20

Celery 716 20

Grapes_untrained 2255 20

Soil_vinyard_develop 1241 20

Corn_senesced_green_weeds 656 20

Lettuce_romaine_4wk 214 20

Lettuce_romaine_5wk 386 20

Lettuce_romaine_6wk 184 20

Lettuce_romaine_7wk 214 20

Vinyard_untrained 1454 20

Vinyard_vertical_trellis 362 20

Overall accuracy: 93.57 %
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were randomly distributed around the parent weed using a
normally distribution with a mean equal to 0, but with
different standard deviations. The ‘nearness’ between
each seed and its parent weed in each iteration is calculat-
ed by:

SDit ¼ itmax−it
itmax

� �m

SDi−SDf
� �þ SDf ;

S Di; S Df ∈ 0; 1ð � ; S Di≥ S Df ;

ð3Þ

where SDit is the ‘nearness’ in the current iteration, itmax
is the maximum number of iterations, and m is the non-
linear modulation index, SDi is the initial standard devia-
tion from the parent weed in the first iteration, SDf is the

final standard deviation from the parent weed in the last
iteration.

Changing the ‘nearness’ are for decreasing the probability
of dropping a seed in a distant area from its parent weed at
each iteration. Hence, the evolutionary movement of the pro-
posed IWO-based BS initiates from the global search to the
local search by choosing a great value for SDi in the first
iteration and a low value for SDf in the last iteration. Then,
the new position vector of a weed k, i.e., xk itð Þ is determined
by Eqs. (4) and (5):

wk ¼
wk 1ð Þ wk 2ð Þ ⋯ wk jð Þ½ �;

∀ j∈ 1; 2;…; df g;wk jð Þ ¼ r; reN 0; 1ð Þ;
ð4Þ

xk itð Þ ¼ xk it−1ð Þ þ SDitwk ; it∈ 2;…; itmaxf g: ð5Þ

In each iteration of the proposed IWO-based BS algo-
rithm, the weeds with the better OA survive and can pro-
duce seeds, but the others must be eliminated. This process
is known as the competitive exclusion and is because of the
maximum allowed population of weeds (Nmax) in each it-
eration is limited.

Fig. 8 a The maximum, the mean, and the minimum OA of the IWO-based BS, b The optimum dimension bands for dataset #3

Fig. 7 The classified result using the IWO-based BS algorithm and K-
NN classifier for dataset #2

Table 4 Output details for each class in Dataset #3

Class name Number of
training pixels

Training samples
rate (%)

Asphalt 1327 20

Meadows 3730 20

Gravel 420 20

Trees 613 20

Painted metal sheets 269 20

Bare Soil 1006 20

Bitumen 266 20

Self-blocking bricks 737 20

Shadows 190 20

Overall accuracy: 89.72 %
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Optimum Dimension Estimation

As a byproduct, one of the major capability of the proposed
IWO-based BS algorithm is to estimate the dimension
number of the hyperspectral imagery and optimum band
numbers simultaneously. However, the other well-known
dimension estimator methods like Hysime, SML, HFC,
and NWHFC (Hasanlou and Samadzadegan 2012) can on-
ly estimate the dimension number of the hyperspectral im-
agery without considering the optimum band numbers.
This is due to the fact that a fitter parent weed can produce
more seeds. Hence, the element of the new position vector
of a seed, i.e., xk jð Þð Þ it∈xk itð Þ; would be greater than the
elements of the position vector of its parent weed, i.e.,
xk jð Þðð Þ it−1∈xk it−1ð Þ; due to SDitwk > 0 (see Eq. (5)).

Accordingly, greatening the value of xk jð Þð Þ it∈xk itð Þ in
the evolutionary process of the proposed IWO-based BS

algorithm in a way that (xk(j))it > τ means that a specific
band index j has been chosen frequently as a selected band
and have got more reward by the IWO algorithm. Thus, the
(j)s (Eq. (6)) of the weed with the best OA in the last
iteration of IWO—achieved by sorting xk jð Þð Þ best

itmax > τ in

the descending manner—are the selected bands of xk jð Þð Þ
best
itmax > τ and the most influence ones in obtaining the OA,

respectively.

B ¼ j1; j2;…; jnf g ; ∀ j∈ xk jð Þð Þbestitmax >

τ& xk j1ð Þ > xk j2ð Þ > … > xk jnð Þð Þbestitmax :
ð6Þ

For estimating the optimum dimension d̂
� 	

, the OA of

each series {.} in Eq. (7) must be calculated. Equation (8)
shows the OA of each {.}, respectively.

C ¼ xk j1ð Þf g; xk j1ð Þ; xk j2ð Þf g; xk j1ð Þ; xk j2ð Þ; xk j3ð Þf g; xk j1ð Þ; xk j2ð Þ;…; xk jn−1ð Þf g; xk j1ð Þ; xk j2ð Þ;…; xk jn−1ð Þ; xk jnð Þf gð Þbestitmax :ð7Þ

D ¼ a1; a2;…; anð Þ: ð8Þ

If ε is predefined as the difference threshold of two se-

quence of aj and aj − 1 in Eq. (8), then the d̂ will be calculated
by Lines 17–28 of Fig. 1.

Pseudo-Code

Figure 1 illustrates the pseudo-code of the main steps of the
proposed IWO algorithm for band selection and dimension
estimation of a hyperspectral imagery.

Experiments and Results

In order to evaluate the potential of the proposed IWO-based
BS algorithm, three different hyperspectral images
(International Hyperspectral Images 2014) with the different
image pixel sizes were used (Fig. 2). Dataset #1 was gathered
by the AVIRIS sensor over the Indian Pines test site in north-
western Indiana that consists of 145 × 145 pixels and 224
spectral reflectance bands in the wavelength range 0.4–2.5
micrometers. This scene is a subset of a larger one. The
ground-truth of dataset #1 is composed of 16 classes.
Dataset #2 was collected by the 224-bands AVIRIS sensor
over Salinas Valley, California, and is characterized by high
spatial resolution (3.7-m pixels). This image has
512 × 217 pixels. Dataset #2 ground-truth contains sixteen
classes. Dataset #3 was acquired by the ROSIS sensor during
a flight campaign over Pavia in northern Italy. The number of
spectral bands is 103 for the Pavia University dataset. Dataset

#3 is 610 × 340 pixels. The geometric resolution of dataset #3
is 1.3 m and ground-truth includes nine classes. All experi-
ments has been done using the C++ programming language
on a PC with a 64-bit Windows 8.1 operating system, an

Fig. 9 The classified result using the IWO-based BS algorithm and K-
NN classifier for dataset #3
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16 GB of DDR3 RAM, and a Core™ i7 (4790)-based
processor.

20 % of the ground-truth pixels was used for training the
classifier. These datasets were selected randomly by consider-
ing different types and the variety of pattern classes. Dataset #1
has an agricultural pattern with complex classes and dataset #2
has wide spread classes with different textures. Dataset #3 has
more complicated classes comparing with other datasets with
urban facilities. The actual pixels used to train the classifiers of
these three datasets are represented in Tables 2, 3 and 4.

In order to evaluate the performance of the proposed IWO-
based BS algorithm for choosing the suitable bands and opti-
mum dimension, the tuned parameter values were used
(Table 1). It should be noted that the speed of convergence
for the proposed IWO-based BS algorithm can be set by m or
itmax. Although the increase of m or the decrease of itmax
makes a fast convergence, the possibility of trapping in local
optima also raises. For overcoming to the problem mentioned
above, m has been empirically set to 3 and itmax should be
large enough (Mallahzadeh et al. 2009; Mehrabian and
Lucas 2006; Zhang et al. 2009). To tune Nmax value, itmax

was set to 400, SDi and SDf values were both set to 0.1.
With lower rates of SDi and SDf, Nmax becomes a leading
factor in the performance of the proposed IWO-based BS.
Nmax value was varied from 5 to 50 with the increment-rate
value of 5. Hence,Nwas set equal to the increment-rate value,
i.e., 5. Also, Smax and Smin were empirically set to 3 and 0,
respectively. Smax and Smin must be lower than N. There is no
concern about selecting the values of Smax and Smin. Because,
Nmaxwould be tuned by considering the value of these param-
eters. In our experience, when Nmax value is larger than 20, it
has no significant influence on the OA of the IWO-based BS
algorithm. By using the tuned Nmax, i.e., 20, to tune the SDi

and SDf values, the Grid Search was used to examine the
optimal combination of these parameters in the search range:
SDi = {0.1,0.2,…,1} and SDf = {0.1,0.2,…,1}. Accordingly,
the best combination were achieved at 0.7 and 0.3 for SDi

and SDf, respectively.
To generate seeds, SDit (Eq. (3)) will be reduced from a

previously defined initial value (SDi = 0.7) to a final value
(SDf = 0.3) in every iteration, as depicted in Fig. 3.

Figure 4a shows the maximum, the mean, and the mini-
mum OA for each iteration of the proposed IWO-based BS
algorithm for dataset #1. It is obvious that the best classifica-
tion performance (92.02 %) has been obtained by the IWO-
based BS algorithm on dataset #1 (Table 2). Table 5 shows the
extracted indices and the number of selected bands for dataset
#1. Also, Fig. 4b illustrates the related computed OA (aj
Eq. (8)) for each selected band using Eq. (7) for dataset #1.
By incorporating the different ε thresholds, we can estimate

the OD d̂
� 	

as depicted in Table 6 and Fig. 4b.

The classified result map using selected bands extracted
from IWO-based BS algorithm and the supervised K-NN clas-
sifier for dataset #1 is presented in Fig. 5.

The same computations were done for dataset #2. Figure 6a
compares the maximum, the mean, and the minimum OA for
each iteration of the proposed IWO-based BS algorithm for
dataset #2.

As shown in Table 3, it is clear that the best band classifi-
cation performance (93.57 %) has been obtained by 84 select-
ed bands for dataset #2.

Again, Table 5 shows the extracted indices and the number
of selected bands for dataset #2. Figure 6b illustrates the

Table 6 The common parameter values used for band selection based on (Samadzadegan et al. 2012; Su et al. 2014)

PSO ACO SA GA

Parameter Value Parameter Value Parameter Value Parameter Value

Number of particles 30 Population size 30 Neighbourhood size 30 Population size 30

c1, c2 2 Initial pheromone 1 Initial temperature 1000 Crossover rate (uniform crossover) 0.5

Inertia weight 0.9 to 0.4 Evaporation 0.2 Decreasing temperature rate 0.95 Mutation rate (bit-flip mutation) 0.05

Table 5 The number of bands and the indices of the selected bands for
each dataset

Dataset Number
of bands

Selected bands indices

#1 92 92,99,86,132,125,84,48,168,72,45,165,71,172,108,
163,174,6,190,16,44,188,128,139,68,173,109,
194,138,142,70,98,20,171,54,140,137,60,41,66,
127,193,19,76,80,38,195,10,63,134,135,123,167,
131,162,169,83,185,59,124,149,182,37,93,179,
55,129,148,111,189,14,35,29,25,46,159,130,100,
176,78,126,82,31,27,52,181,22,17,39,177,34,
175,95

#2 84 42,168,45,166,126,78,154,164,54,170,66,70,26,7,
19,92,180,33,41,158,22,194,52,91,4,128,132,32,
176,9,89,188,18,60,83,6,93,94,20,183,14,85,29,
58,102,81,106,131,47,178,61,108,53,110,97,111,
101,23,155,161,149,48,17,40,74,109,21,147,16,
82,150,51,137,146,8,77,96,141,138,87,88,56,
103,130

#3 34 91,96,63,56,90,42,58,100,99,47,33,103,37,20,24,
65,66,85,83,9,54,86,70,71,82,27,80,61,30,98,18,
76,69,35
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related computed OA for each top selected band using Eq. (7)
for dataset #2. As before, for dataset #2, different ε thresholds
were used for estimating the OD d̂

� 	
as depicted in Table 6

and Fig. 6b. The classified map using the selected bands
extracted from IWO-based BS algorithms and supervised
K-NN classifier for dataset #2 is presented in Fig. 7.

A comparison of the maximum, the mean, and the min-
imum OA for dataset #3 using the IWO-based BS algo-
rithm is presented in Fig. 8a. As a result for dataset #3,
the best outcome of classification has been obtained in
89.72 % by 34 selected bands as shown in details in
Table 4. Also, Fig. 8b shows the related computed OA
for each selected band using Eq. (7) for dataset #3. Also,
estimating the OD for dataset #3 were done by different ε
thresholds (see Table 6 and Fig. 8b).

Similar to previous datasets, Fig. 9 shows the top classified
result extracted from the IWO-based BS algorithm and the
supervised K-NN classifier for dataset #3.

To summarize the results achieved by Tables 2, 3, and 4
and to investigate the potential of the IWO-based BS and OD
estimation algorithm in a comparative aspect for three
datasets, Table 5 shows the list of indices and the number of
selected bands for each dataset from the best to the worst
selected bands. In this table, dataset #1 has a larger number
of selected bands than those of the other datasets, which is
normal for this dataset due to the complexity of an agricultural
pattern in each class. Also, dataset #2 has a larger number of
selected bands than those of dataset #3, because of the high
dimensionality of dataset #2, i.e., 224, against the dimension-
ality of dataset #3, i.e., 103.

Dataset PSO ACO SA GA

#1

#2

#3

Fig. 10 The classified result map
using the selected bands extracted
from GA, SA, ACO, and PSO
algorithms by using the K-NN
classifier for all datasets

Table 7 The overall accuracy (OA) values, the number of selected bands (#SB), and the running times of the algorithms

Dataset Algorithms

IWO PSO ACO SA GA

OA
(%)

#SB Time
(mins)

OA
(%)

#SB Time
(mins)

OA
(%)

#SB Time
(mins)

OA
(%)

#SB Time
(mins)

OA
(%)

#SB Time
(mins)

#1 92.02 92 36 89.81 97 40 87.91 98 38 84.12 101 34 86.35 99 37

#2 93.57 84 321 90.81 92 335 88.46 95 330 85.57 97 310 87.12 96 325

#3 89.72 34 81 86.32 41 95 84.75 44 88 84.47 48 72 84.51 46 86
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For band selection purpose, the OA index achieved by the
IWO-based BS algorithm was also compared with the OAs
achieved by the other well-known EAs, including GA, SA,
ACO, and PSO. The poor choice of parameters chosen for
competing of these algorithms can result in misleading classi-
fication outputs. In this regard, the well-implemented GA, SA,
ACO proposed by (Samadzadegan et al. 2012) and the PSO
proposed by (Su et al. 2014) were utilized for this competing.
The same twenty percent of the ground-truth pixels used by
the IWO-based BS algorithm was also used for training the
classifier, i.e., K-NN, of GA, SA, ACO, and PSO and the
maximum iteration was set to 400 for all algorithms. The other
parameter values of the GA, SA, ACO used in this experiment
were the same as those of the GA, SA, ACO used by
(Samadzadegan et al. 2012) and those of the PSO used by
(Su et al. 2014) as shown in Table 6. Table 7 shows the OA
values, the number of selected bands, and the running times
achieved by the algorithms. This table reveals the superiority
of the IWO-based BS algorithm against the other algo-
rithms for band selection purpose. The higher achieved
OA in addition to the lower optimum selected band num-
ber of the IWO-based BS algorithm shows the higher ca-
pability of the IWO-based BS algorithm in finding the
global optima against the other algorithms. Furthermore,
Fig. 10 shows the classified result map using the selected
bands extracted from GA, SA, ACO, and PSO algorithms
and the supervised K-NN classifier for dataset #1, dataset
#2, and dataset #3, respectively.

According to Table 8, it is obvious that OD estimations in
three hyperspectral datasets have similar trend of procedure by
incorporating different ε thresholds. Also, applying the big
threshold (ε = 0.5) on sorted extracted OA (aj) using IWO-
based BS algorithm on all datasets exhibits a good degree of

consistency and behaves in a predictable manner for classify-
ing these datasets with no degrading in OA.

As mentioned before, in order to evaluate the optimum
dimension number, we utilized the well-known dimensional
estimator methods reported by (Hasanlou and Samadzadegan
2012) on these three hyperspectral imageries. In Table 9, the
estimated dimension of these techniques are illustrated. As
shown in Table 9, there is a good compatibility between our
OD number and the other estimated dimensions in a way our
estimated OD number is around the four best dimension esti-
mators (Hasanlou and Samadzadegan 2012), i.e., Hysime,
SML, HFC, and NWHFC.

Conclusions

In this paper, a novel band selection (BS) and an optimum
dimension (OD) estimator methods have been presented for
the first time based on a new metaheuristic invasive weed
optimization (IWO) algorithm. In this regard, the IWO algo-
rithmwas implemented and adopted successfully for BS in the
hyperspectral imagery. Afterwards, as a byproduct of the im-
plemented IWO algorithm, a method was developed to esti-
mate the ODs of the hyperspectral imagery. These ODs have
lots of advantages like abstracting of high dimensional
dataset, optimizing the input dataset for a classifier, reducing
the cost of computational complexity, and increasing the clas-
sification performance. Experimental results of this paper
clearly show that the proposed IWO-based BS and its OD
estimation method were run successfully over three bench-
mark hyperspectral datasets (Tables 2, 3, and 4) and have
obtained the superior performance in classifying these images
using the supervised K-NN classifier.
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