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Abstract: Swarm intelligence algorithms have been widely
used in the dimensional reduction of hyperspectral remote
sensing imagery. The ant colony algorithm (ACA), the clone
selection algorithm (CSA), particle swarm optimization
(PSO), and the genetic algorithm (GA) are the most
representative swarm intelligence algorithms and have
often been used as subset generation procedures in the
selection of optimal band subsets. However, studies on
their comparative performance for band selection have
been rare. For this paper, we employed ACA, CSA, PSO, GA,
and a typical greedy algorithm (namely, sequential floating
forward selection (SFFS)) as subset generation procedures
and used the average Jeffreys–Matusita distance (JM) as the
objective function. In this way, the band selection algorithm
based on ACA (BS-ACA), band selection algorithm based on
CSA (BS-CSA), band selection algorithm based on PSO (BS-
PSO), band selection algorithm based on GA (BS-GA), and
band selection algorithm based on SFFS (BS-SFFS) were
tested and evaluated using two public datasets (the Indian
Pines and Pavia University datasets). To evaluate the
algorithms’ performance, the overall classification accuracy
of maximum likelihood classifier and the average runtimes
were calculated for band subsets of different sizes and were
compared. The results show that the band subset selected

by BS-PSO provides higher overall classification accuracy
than the others and that its runtime is approximately equal
to BS-GA’s, higher than those of BS-ACA, BS-CSA, and BS-
SFFS. However, the premature characteristic of BS-ACA
makes it unacceptable, and its average JM is lower than
those of other algorithms. Furthermore, BS-PSO converged
in 500 generations, whereas the other three swarm-
intelligence based algorithms either ran into local optima
or took more than 500 generations to converge. BS-PSO was
thus proved to be an excellent band selection method for a
hyperspectral image.

Keywords: swarm intelligence algorithm, dimensional
reduction, band selection, hyperspectral remote sensing
imagery

1 Introduction

A hyperspectral remote sensor scans ground objects with a
spectrum covering visible to infrared region, and generally
records the spectral signature with hundreds of narrow
bands, thus bringing great opportunities for the quantita-
tive analysis of remote sensing. However, the hyperspectral
imagery (HSI) poses a major challenge for data storage,
management, processing, and analysis because of its
massive data quantities and the serious data redundancy
among the bands with high correlations [1]. For example,
the “Hughes phenomenon” will be faced when classifying
land use/cover types with HSI, where a limited number of
training samples are usually collected [2]. It is, therefore, of
paramount importance, to reduce the data redundancy and
data dimension, so as to facilitate the analysis of
hyperspectral remote sensing. Generally, dimensionality
reduction methods can be divided into two categories:
feature extraction and feature selection. The feature
extraction techniques include unsupervised approaches,
such as principal component analysis (PCA) and indepen-
dent component analysis (ICA) [3–5], and supervised
approaches, such as Fisher’s linear discriminant analysis
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(LDA) [6]. But all these feature extraction methods are not
suitable for dimensionality reduction of HSI [7]. For
example, PCA, which often uses an ideal projection method
to linearly transform the original high-dimensional data
into a low-dimensional feature space, is incapable of
drawing distinctions between patterns [8]; ICA assumes
that the observed signals are statistically independent of
each other and that the observed signal vector is a linear
mixture of these separate independent components, but
such a decorrelation assumption cannot be satisfied with
HSI [9]; LDA, which is similar to PCA, fails when the class-
conditional distributions are not Gaussian [10]. In recent
years, because of its good performance on the preservation
of primitive physical interpretability [11], feature selection
has received increasing attention from researchers in the
field of remote sensing. This type of method tries to pick the
most representative subset from a large number of HSI
features to maintain acceptable classification accuracy [12].
The general process of feature selection consists of the
following basic steps: the generation procedure, evaluation
function, stopping criterion comparison, and validation
procedure [13]. The generation procedure searches for a
feature subset for evaluation, which is the basis of the
feature selection model. To date, many subset generation
procedures have been proposed in relevant studies, which
can be generally classified into three types: full search,
heuristic search, and random search. Breadth-first search
(BFS), which is a typical full-search method, is unpractical,
because it enumerates exhaustively all of the possible
combinations of features and results in a high time
complexity. The heuristic search method reduces the search
space with heuristic information, whose order of the search
space is quadratic in terms of the number of features.
Greedy algorithms (e.g., sequential forward selection (SFS),
sequential backward selection (SBS)), plus-L minus-R
selection (LRS), sequential floating forward selection
(SFFS), and sequential floating backward selection
(SFBS)) are widely used heuristic search methods [14,15].
Generally, SFFS and SFBS have better performance than
others that are similar [14]. The SFFS-based feature
selection algorithm selects the optimal feature subset in a
two-stage selection process. Firstly, a new feature is
appended to the previously selected feature subset, and
secondly, a feature is discarded to achieve the maximum
value of the objective function [16,17].

The ant colony algorithm (ACA) is an emerging heuristic
search algorithm, and its effectiveness has been proved in
the field of HSI band selection [18]. The random search
methods start the procedure with some of the feature subsets
initialized randomly. Typical random search methods
including simulated annealing (SA), genetic algorithm

(GA), particle swarm optimization (PSO), and the clone
selection algorithm (CSA) have been widely used in feature
selection [19,20]. Among the above-mentioned three types of
generation procedures, ACA, GA, PSO, and CSA are typical
swarm intelligence algorithms, which often have excellent
ability for self-organization, self-learning, or self-memory.

Optimal feature subset selection for HSI is a typical NP-
hard problem [12], which should be solved with a proper
search procedure [21]. Thus, swarm intelligence algorithms,
such as ACA, GA, PSO, and CSA, have been widely
employed in the optimized feature selection of the original
hyperspectral data [22]. Many studies have shown that the
swarm intelligence algorithms have better performance
than other search algorithms in HSI feature selection. The
performance of ACA was compared with that of SFFS and
was also compared with that of GA [1,8,13,23]. Zhong et al.
compared CSA and its improved version with SFS for HSI
band selection [24]. The performance of PSO for feature
selection has also been compared with those of GA, SFS,
and other search algorithms [15,25,26]. However, the
performance of swarm intelligence algorithms for HSI
feature selection has not been investigated systematically.

In this study, the typical swarm intelligence algorithms
were used for selecting the optimal band subset from HSI,
and their performance in terms of overall classification
accuracy and average runtime was compared and analyzed.
To make a comprehensive comparison, the SFFS, one of the
most effective greedy search methods, was also included as
a benchmark comparator to further verify the effectiveness
of the swarm intelligence algorithms. Thus, a total of five
algorithms (including ACA, GA, PSO, CSA, and SFFS) were
compared on two public hyperspectral datasets (The Indian
Pines and Pavia University datasets). The motivation of this
paper is to provide a reference for the selection of
dimensional reduction methods and algorithm improve-
ment to guide future research.

2 Materials and methods

2.1 Data source

In our experiment, two public hyperspectral datasets were
used to compare the performances of the above-mentioned
algorithms. The first site covered by mixed vegetation is
located in the Indian Pines test site in northwest of Indiana
(Indian Pines dataset). The second site is an urban site over
the Pavia University, northern Italy (Pavia University
dataset).
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The Indian Pines dataset (Indian dataset) was acquired
by the airborne visible/infrared imaging spectrometer
(AVIRIS) sensor on June 12, 1992 (Figure 1a). The imagery
is composed of 224 bands, with a wavelength ranging from
0.4 to 2.5 µm. The 10 nm spectral resolution provides refined
discrimination among similar land covers. After removal of
the bands that were seriously influenced by moisture
absorption, there were 200 bands remaining in the Indian
dataset. Thus, the size of the dataset is 145 × 145 × 200. The
ground truth for this area consisted of 16 land cover types
(Figure 1b). As commonly used in previous literature [27,11],
nine land cover types that have enough samples of ground
truth were chosen from the 16 categories in this experiment.
The training and testing samples of these classes, derived
from the ground truth map, are shown in Table 1.

The original Pavia University dataset (Pavia dataset)
with 340 × 610 pixels was gathered by the reflective optics
system imaging spectrometer (ROSIS) sensor in 2002
(Figure 1c). The dataset contains 115 bands over
0.43–0.86 µm range of spectrum. The high spatial resolu-
tion of 1.3m per pixel aims to avoid a high fraction of mixed

pixels. The preprocessed dataset has only 103 bands after
removing water absorption and low signal-to-noise ratio
bands (Figure 1c). In total, nine land cover types were
identified (Figure 1d). The training and testing samples of
these classes, derived from the ground truth map, are
shown in Table 2.

2.2 Optimal band selection

In this study, we employed the swarm intelligence
algorithms as the search processes to select bands from
the original HSI to constitute the band subsets. The general
algorithm flow diagram is shown in Figure 2. For
convenience, solutions of these search processes are
defined in a binary form. Intelligent agents of the swarms
are initialized as a population of binary strings, the length
of each string being equal to the number of bands of the
original HSI (Figure 3). In a binary string, a value of 1 at
position i means that the ith band is included in the

Figure 1: (a) The Indian dataset; (b) ground truth for the same area; (c) the Pavia dataset; (d) ground truth for the same area of Pavia
University.
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iteration process, whereas a value of 0 indicates its absence.
The binary string with M “1” characters denotes M bands
are selected by the Intelligent agents.

To evaluate the search results of the swarm
intelligence algorithms, a reasonable objective function
is also necessary. Jeffreys–Matusita distance (JM) is one
of the best class separability measures for multiclass
problem [28]. The JM distance between two classes ch
and ck (Jh,k) can be calculated by the following equation:

∫= { ( | ) − ( | ) }r rJ p c p c rdh k h k,
2 (1)

where r is a d-dimensionality feature vector (the selected
band subset has d bands), ( | )rp ch and ( | )rp ck are
the conditional probability distributions of r under
classes ch and ck, respectively. When ( | )rp ch and

( | )rp ck are Gaussian distributions, equation (1) can be
simplified as follows:
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where Bh,k is the Bhattacharyya distance between class
ch and ck, and it can be calculated as per the following
equation.
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Here, μh and μk are the mean vectors of ch and ck,
respectively; Σh and Σk are the class covariance matrices
of ch and ck, respectively.

In this study, we employed the average JM among all
of the classes as the criterion function to evaluate
the results of the band subset selections [23]. The larger
the average JM between different classes is, the better the
solution will be. The average JM can be calculated as:
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Table 1: Land cover classes and the number of training and testing samples in the Indian dataset

Land cover type No. of training samples No. of test samples Total

C1. Corn-min 415 415 830
C2. Corn-notill 714 714 1,428
C3. Grass/pasture 241 242 483
C4. Grass/tree 365 365 730
C5. Hay-windrowed 239 239 478
C6. Soybeans-clean 296 297 593
C7. Soybeans-min 1,227 1,228 2,455
C8. Soybeans-notill 486 486 972
C9. Woods 632 633 1,265
Total 4,615 4,619 9,234

Table 2: Land cover classes and the number of training and testing
samples in the Pavia dataset

Land cover type No. of training
samples

No. of test
samples

Total

C1. Asphalt 3,315 3,316 6,631
C2. Meadows 9,324 9,325 18,649
C3. Gravel 1,049 1,050 2,099
C4. Trees 1,532 1,532 3,064
C5. Painted metal
sheets

672 673 1,345

C6. Bare soil 2,514 2,515 5,029
C7. Bitumen 665 665 1,330
C8. Shadows 473 474 947
C9. Self-blocking
bricks

1,841 1,841 3,682

Total 21,386 21,391 42,776

Figure 2: Flow diagram for selection of optimized band subset
based on a swarm intelligence algorithm.
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where Ph and Pk are the prior probabilities of classes ch
and ck, respectively; c is the number of classes.

2.2.1 ACA band selection algorithm (BS-ACA)

ACA, an artificial model inspired by the foraging behavior
of an ant colony in nature, was first proposed in the late
1990s [29,30]. ACA solves the optimization problem by way
of stigmergy, which is an indirect information transfer
among ants [31]. For convenience, we used a fully
connected undirected weighted graph G = 〈B, E〉 to
represent the search space of ACA-based band selection
algorithm. In this graph, the elements of B indicate the
graph nodes and = {( ) ∈ }E b b b b B, : ,i j i j denotes the
edges of the graph. The edge = ( )p b b,ij i j is weighted with
the corresponding JM between band bi and bj. The edges
that have been traveled by the ant are defined as a path.

= { … }Cpt cpt , cpt , , cptm1 2 represents the candidate band
set (m < n). In this study, an ant-quantity system proposed
by Dorigo was adopted to simulate the ants’ secretion
behavior in which the amount Q of pheromone secreted by
each ant is a constant [32]. The pheromone concentration τij
on the pij will change with the time t:

∑
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where ρ is a volatility coefficient that controls the
volatilization rate of the pheromone. τΔ ij

k is the increased
pheromone laid on pij by ant k, which is proportional to
the JM ( )JMij , and N is the total number of ants. τΔ ij

k can
be calculated as:

= × × ( )τ ρ QΔ Norm JMij
k

ij (6)

where Norm() is an operator that normalizes its
argument.

When the ant reaches cpti, it will search the other
candidate points and select the next candidate band cptj

with probability pbij (equation (7)), which is directly
proportional to the pheromone concentration and to the
heuristic function ( )η tij , which is equal to the JM

between band i and band j ( )JMi j, . Ultimately, the ant
will reach the next point by means of roulette wheel
selection:

=
( ) ( )

∑ ( ) ( )∈
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τ t η t

pb .ij
ij

α
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j ij
α

ij
β
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(7)

where α denotes the rate of information accumulation in
the movement of the ants and β is the heuristic
coefficient.

The BS-ACA is realized with the following steps [23]:
Step 1: Initialize the ant colony and the parameters,

including N, Q, ρ, α, β, λ and the number of iterations T.
Step 2: Calculate the JM of ant k (k = 1), and obtain

the probability that ant k will reach the candidate
band set.

Step 3: Select the next band by roulette wheel selection,
and repeat Step 2 until M bands are selected.

Step 4: Set k = k + 1, and repeat Steps 2 and 3 until
k = N.

Step 5: Update the pheromone concentration on the
route according to equation (5).

Step 6: Repeat Steps 2–5 until the iteration count
reaches the user-specified number, and obtain the best
band combination.

2.2.2 BS-CSA

The artificial immune system is a metaphor of an
animal’s immune system. Clone selection is one of the
well-known theories that effectively explain the immu-
nity phenomenon [33]. CSA-based band selection algo-
rithm was designed according to the clone selection
theory. The objective function (JM) represents the
antigen, the solution set of the specific problem denotes
the population of antibody (Ab), and the value of the
objective function is employed to evaluate the affinity of
the solution (i.e., Ab). After the proliferation, mutation,
and selection operations, the maximum affinity will
approach stabilization (i.e., affinity maturation). The
probability of mutation of the ith Ab (Pi) is inversely
proportional to the affinity and can be calculated by
equation (8).

Figure 3: Method of encoding the solutions.
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where α is a variable coefficient, fi denotes the affinity of
the ith Ab, and fmax and fmin are the maximum and
minimum affinities of the antibody population (AB),
respectively. Therefore, the antibody with higher affinity
can be mutated with lower frequency. Such a mutation
strategy can improve the mutation effect.

The BS-CSA is designed with the following
steps [34]:

Step 1: Initialize BS-CSA. The AB is generated
randomly, and the parameters, including the size of
the population (N) and α, are initialized.

Step 2: Calculate the affinity of AB according to
equation (1).

Step 3: Select the k highest-affinity antibodies from AB
to compose the new antibody population { }AB s , and select
the antibody with the highest affinity as the memory cell
(mc). k can be calculated as follows according to the retention
rate r:

= ( × )k r Nround . (9)

where round() is an operator that rounds its argument
toward the closest integer.

Step 4: Clone the members of ( )AB s to generate the
clone set { }AB c . The total number of newborn antibodies
( )Nc generated by clone operation is defined by equation
(10):
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i
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where ftotal is the total JM of { }AB s .
Step 5: Each Ab in { }AB c produces mutated offspring

with a certain probability as calculated by equation (8),
so as to generate { }AB m .

Step 6: Calculate the affinity of { }AB m , and select the
k highest-affinity antibodies from { }AB m to replace the k
lowest-affinity antibodies in { }AB s . The antibody with the
highest JM is selected to replace the mc if its affinity is
greater than the mc’s.

Step 7: In order to increase the diversity of the antibody
population, d antibodies are produced randomly to replace
the d lowest-affinity antibodies in { }AB s . d can be calculated
according to the elimination rate ɛ by equation (11):

= ( × )d ε Nround .s (11)

Step 8: When the BS-CSA iteration count reaches the
user-specified number, stop the execution of the algorithm
and obtain the optimal band subset. Otherwise, return to
Step 2.

2.2.3 BS-PSO

Inspired by the foraging behavior of a bird flock, the PSO
was proposed [35]. A bird in the flock is regarded as a
particle that represents a potential solution of the
optimization problem. The particles move through the n-
dimensional problem search space and search for the
optimal or good enough solution. The particle broadcasts
its current position to the neighboring particles. Here xi,
defined by equation (12), is used to represent the position of
the ith particle. The position change of each particle (as
illustrated by Figure 4), defined as equation (13), is relative
to its changing rate (i.e., velocity, denoted by ν).

= { … }x x x x, , , .i i i in1 2 (12)

Here, i = {1, 2,…, N}, where N is the size of the particle
population.

← +x x vi i i (13)
The velocity of the particle is adjusted as follows:

according to the difference between the best position found
by its neighbors (pg), the best position found by itself (pi)
so far and the particle’s current position, respectively.

← + ( )⋅( − ) + ( )⋅( − )v v R p x R p xη ηi i i i g i1 1 2 2 (14)

where ( )pg and ( )pi denote the best positions found by
the neighbors of particle and that found by itself,
respectively. η1 and η2 are acceleration constants. R1

and R2 are two random functions, each of which
returns a vector comprising random values uniformly
generated in the range [0, 1]. The symbol · denotes a
point multiplication operation.

The selection of the optimal band subset is a discrete
optimization problem, and the position xid can be
updated according to equation (15):

=
() < ( )x S v1, rand

0, otherwise
;id

id



(15)

Figure 4: Direction of a particle’s flight.
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According to the proposed PSO-based band selection
algorithm [28], the BS-PSO is designed, with the average
JM distance as the objective function. The flow of BS-PSO
is as follows:

Step 1: Initialize the particle population, and set the
parameters, including N, η1, η2, and the number of
iterations T.

Step 2: Calculate the JM of each particle, and obtain
the best optimal position of each particle and the best
optimal position of the population.

Step 3: Update the velocity and position of
each particle according to equations (14) and (15),
respectively.

Step 4: Recalculate the JM of each particle, and
update the best positions found by the particle and its
neighbors when the JM has been improved.

Step 5: When the iteration count reaches the user-
specified number, terminate the algorithm and output the
optimal band subset. Otherwise, return to Step 2.

2.2.4 BS-GA

GA is a widely used algorithm for searching for the optimal
solution by simulating the evolutionary process. The
solutions are represented by a genetic population, and
individuals are encoded according to various rules. GA
complies with Darwin’s theory of evolution; it generates a
more optimal solution with each generation by selecting the
superior and eliminating the inferior. The evolutionary
process is realized by a sequence of the following genetic
operators: selection, crossover, and mutation. Then, the
individual with the highest JM is decoded and regarded as
the optimal solution.

In BS-GA, the method for encoding the individual is as
shown in Figure 2. The JM of an individual is evaluated by
the average JM distance. Initially, BS-GA initializes the
genetic population with a size of N. Then, a chromosome is
selected according to a selection probability pb that is
directly proportional to the fitness f. pb can be calculated as
follows:

=
∑ =

f
f

pb .i
i

i
N

i1
(17)

The chromosomes with high JM are preserved through a
selection operation, guaranteeing a continuous optimiza-
tion of the selection. In order to preserve the diversity of the
gene population and avoid local optima, the crossover

operation and mutation operation are employed. There are
17 chromosome crossover methods [36]. Generally, a single
point crossover is effective with binary encoding [37]
(Figure 5a). Through crossing the two selected parents,
two new children can inherit the good genes, and diversify
the population. The mutation operation simulates the
phenomenon of gene mutation in the biosome. This
operation changes the value of a single point from 0 to 1
or from 1 to 0 in the binary encoding (Figure 5b), thus
enhancing the GA’s search capability in the feature space.
The flow of BS-GA is as follows.

Step 1: Initialize the parameters and the population.
Generate the population (G) with a size of N randomly,
and set the crossover probability Pc, mutation probability
Pm, and user-specified number of iterations T.

Step 2: Calculate the JM of the chromosomes, and
select the chromosomes having a higher selection
probability pb to generate a new subset of the gene
population, Gnew.

Step 3: Select two parents from Gnew; then, generate
a number η1 ( ≤ ≤ )η0 11 randomly. If ≤η P1 c, then cross
them to yield two new children. Finally, these offspring
will constitute the next generation of the population ( )Gc .

Step 4: Select a locus on a chromosome randomly,
and generate a number η2 ( ≤ ≤ )η0 12 randomly. If

≤η Pm2 , then mutate the values of this locus from 0 to 1
or from 1 to 0. Finally, this mutation operation will
generate the next generation of the population ( )Gm .

Step 5: Evaluate the JM of Gm, and repeat Steps 2–5
until the iteration count reaches T.

3 Experiment and results analysis

In the experiment, the four search algorithms based on their
respective swarm intelligence algorithms, as well as the band
selection algorithm based on SFFS (BS-SFFS), were tested on
both the Indian dataset and the Pavia dataset, respectively.
The maximum likelihood (ML) classifier was employed to
evaluate the performances of these band selection algo-
rithms, in terms of the JM of band subset, overall
classification accuracy (OA), and computational efficiency.
For convenience of description, BS-ACA-ML denotes the ML
classifier with the band subset provided by BS-ACA, while
other notations can be inferred by analogy.

For the four swarm intelligence algorithms, the
average Jeffreys–Matusita distances (a-JM) varying with
the number of iterations were used to measure the
convergence property; at the same time, the classifica-
tion results in the case of the best JM were presented to
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demonstrate the discrimination ability of ground fea-
tures. The average OA as well as the average JM distance
of the best band subsets were evaluated on different
numbers of bands (5, 10, 15, 20, 25, and 30). The average
running time (ART) of algorithms was used to evaluate
the computational efficiency. Moreover, the impacts of
different population sizes on the best JM, average OA,
and computational efficiency were also provided.

These algorithms were encoded with Interact Data
Language (IDL) and run under the IDL8.5 compiler on a
PC with an Intel(R) Core(TM) CPU i5-4460 processor
(3.20 GHz) and 8 GB RAM. To avoid accidental results, all
experiments were repeated five times in the same
software and hardware environment.

3.1 Parameter setting

Generally, parameters of swarm intelligence algorithm
are empirically chosen. In this paper, the parameters of
BS-ACA, BS-PSO, and BS-GA were estimated by means of
grid searching (see Table 3). The population size of ants,
particles, and chromosomes of these algorithms was set
to 20. For the BS-CSA, the population size of antibodies
is assigned to 10, and the other parameters are listed in
Table 3 [34]. The user-specified number of iterations was
assigned to 500 for all of the algorithms.

3.2 Experiment 1: Indian dataset

3.2.1 Convergence of algorithms

In order to investigate the convergences of these
algorithms, band subsets with size of 30 were selected
from Indian dataset. Each experiment was repeated five
times. The variation in average JM distances with
iterations is shown in Figure 6(a). From the figure, it can
be seen that BS-ACA and BS-GA were premature and
plunged into local optima within 20 and 60 iterations,
respectively. BS-CSA could not evolve continuously and
took a long time to jump out of the local optima. BS-PSO
had been optimizing constantly before converging at the
361st generation. The mean values of the best JM over the
five repeated experiments for BS-ACA, BS-CSA, BS-PSO,
and BS-GA were 1.48, 1.57, 1.61, and 1.58, respectively. The
best JM derived from BS-SFFS was 1.62, approximating to
that from BS-PSO, and higher than those of other swarm-
intelligence based algorithms.

3.2.2 Discrimination ability of selected band subsets

The average OAs of the five search algorithms, by the selected
band subsets with size of 30, were 82.05%, 87.66%, 90.15%,
88.44%, and 90.45%, respectively. The best classification

Figure 5: Operations on chromosomes: (a) crossover; (b) mutation.

Table 3: Parameter values for each feature selection algorithm

BS-ACA BS-CSA BS-PSO BS-GA

Parameter Value Parameter Value Parameter Value Parameter Value

Q 10 α 1 η1 2 Pc 0.6
ρ 0.1 ε 0.3 η2 2 Pm 0.4
α 1 r 0.8
β 5
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results of the algorithms in the five repeated experiments
are shown in Figure 7(a–e), respectively, with the corres-
ponding confusion matrices illustrated in Figure 8(a–e).
Class-level classifications are also presented by Figures 7
and 8. For the most confusing soybean-mintill that was
often misidentified as Corn-mintill and Corn-notill, BS-
PSO and BS-SFFS were still superior to BS-ACA, BS-CSA,
and BS-GA.

3.2.3 Sizes of band subsets

The performances of the algorithms, resulting from the
selected band subsets with different sizes, were compared.
As shown in Figure 9, the mean JM and the corresponding
average OA were increasing with the size of the band subset
for each algorithm. When varying the size of band subsets
from 5 to 30, the mean values of the best JM of BS-ACA, BS-
CSA, BS-PSO, BS-GA, and BS-SFFS increased from 1.29,
1.28, 1.36, 1.31, and 1.32 to 1.47, 1.57, 1.61, 1.58, and 1.62,
respectively. The JM achieved by BS-PSO, approximating to
that of BS-SFFS, was higher than those of BS-ACA, BS-CSA,
and BS-GA. The corresponding average OAs increased from
65.08%, 64.81%, 72.55%, 69.12%, and 65.19% to 82.05%,
87.66%, 90.15%, 88.44%, and 90.45%. The average OA
achieved by BS-PSO-ML was also higher than those of the
other swarm-intelligence based algorithms. The average OA
of BS-SFFS-ML approximated to that of BS-PSO-ML, except
for the size of band subset <10, where a lower OA was
obtained in comparison with BS-PSO-ML.

The test results for the ART of the algorithms were
obtained and are shown in Figure 10, where 5, 10, 15, 20, 25,
and 30 bands were selected from the HSI within 500

iterations. Among the swarm-intelligence based algorithms,
the ARTs of BS-CSA and BS-ACA were the smallest,
whereas those of BS-PSO and BS-GA were the largest,
regardless of the number of selected bands. In terms of the
BS-SFFS, the running time was much lower than those of
the swarm-intelligence based algorithms, because it did not
involve the iterative process.

3.2.4 Impacts of different population sizes

The impacts of different sizes of population on the four
swarm-intelligence based algorithms were evaluated. The
test results for ART, average JM distance, and average OA
are shown in Figure 11. There was no conspicuous impact
on the discrimination ability between different land cover
types. Instead, the ART was increased markedly. Therefore,
it makes no sense to enhance the searching ability of these
algorithms by increasing the size of population.

3.3 Experiment 2: Pavia dataset

The band selection algorithms based on swarm intelligence
were tested on the Pavia dataset, with the same parameter
settings as in experiment 1.

3.3.1 Convergence of algorithms

The convergences of the algorithms relevant to the number
of iterations were tested on the Pavia dataset, and the
variation in average JM distances with iterations is shown in

Figure 6: Average JM distance as a function of the number of iterations when the number of selected bands was 30: (a) tested on Indian
dataset; (b) tested on Pavia dataset.
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Figure 6(b). Generally, the convergences of the algorithms
appeared in similar patterns to those in experiment 1. The
BS-PSO provided the best performance, where the a-JM
increased gradually at the beginning and stabilized in the
end along with the increase in the number of iterations;
whereas the BS-ACA had the worst performance, where it
prematurely fell into local optima. The highest a-JM of BS-
ACA, BS-CSA, BS-PSO, BS-GA, and BS-SFFS were 1.455,
1.474, 1.477, 1.473, and 1.477, respectively.

3.3.2 Discrimination ability of selected band subsets

The classification images and the corresponding confusion
matrices are shown in Figure 12(a–e) and 13(a–e). Band
subsets derived from BS-PSO and BS-SFFS had stronger
discrimination in ground features than those of the other
algorithms. To be specific, BS-PSO-ML and BS-SFFS-ML
were inferior to BS-ACA-ML in the matter of the classifica-
tion of Asphalt and Gravel, but they had better perfor-
mances for the classification of Meadows and Bare soil.

3.3.3 Sizes of band subset

The responses of the a-JM and average OA to the change in
the size of band subset are shown in Figures 14a and b,

respectively. The a-JM and the average OA increased with
the size of the band subset for each algorithm. In general,
the a-JM derived from BS-PSO and BS-SFFS were higher
than those of the other three algorithms. The corresponding
average OAs achieved by BS-PSO-ML and BS-SFFS-ML were
higher than those of BS-ACA-ML, BS-CSA-ML, and BS-GA-
ML, whereas the performance of BS-ACA was the worst in
terms of a-JM and average OA.

The corresponding ART of each algorithm for the
selection of band subsets with different sizes was
obtained and is shown in Figure 15. From the figure, it
can be seen that the ART of each algorithm increased
with the size of the band subset. The ARTs of BS-PSO
and BS-GA were obviously higher than those of BS-ACA
and BS-CSA. What’s more, the ART of BS-SFFS was the
lowest.

3.3.4 Impacts of different population sizes

The test results for ART, average JM distance, and
average OA are shown in Figure 16. The ARTs of these
algorithms have been increased greatly, but the average
OAs did not improve markedly. Therefore, it makes no
sense to enhance the searching ability of the band
selection algorithms by increasing the size of population.

Figure 7: Classification result of the band subsets with the size of 30: (a) BS-ACA; (b) BS-CSA; (c) BS-PSO; (d) BS-GA; (e) BS-SFFS.
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Figure 8: Confusion matrix of the classification results of band subsets that were selected by different band selection algorithms:
(a) BS-ACA; (b) BS-CSA; (c) BS-PSO; (d) BS-GA; (e) BS-SFFS.
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4 Discussion

A wide range of swarm-intelligence algorithms have been
widely used in the feature selection for hyperspectral image
classification. Yet, whether the algorithms can constantly
choose the optimal features (bands) with consideration of
the running time, i.e., the real performance of the
algorithms, has not been systematically investigated, which
would negatively impact their extensive application. Four
typical swarm-intelligence algorithms including the ACA,
the CSA, the PSO, and the GA, together with a benchmark
called sequent float forward selection (SFFS)– one of the
best non-intelligence algorithms, have been tested and
compared with two well-known public hyperspectral image
datasets (the Indian Pines and the Pavia University).

Generally, compared with the other three swarm-
intelligence based algorithms, BS-PSO has stronger optimi-
zation capability, which has been demonstrated by the
better a-JM, but at a disadvantage in terms of ART.

BS-PSO has the characteristics of evolutionary compu-
tation. The “speed-displacement” search strategy, changing
particle’s position with iterations by adjusting vi, has been
employed to select the band subset. Compared with the
traditional evolutionary strategy, the “speed-displacement”
search strategy of PSO is more effective [38,39]. Moreover,
BS-PSO simultaneously introduces the synergy and compe-
tition into the searching process for optimization. By
broadcasting the pg to the particle swarm, the particles
fly synergistically in support of the global optimal solution;
meanwhile, the particles compete with each other for
the pgd. Therefore, the a-JM of BS-PSO can always be
optimized not easily fall into a local optimum during the
search process. According to equation (14), the particle’s
position is jointly determined by pg and pi, which were
remembered by the swarm and the individual, respectively.
Particles’ unique memory function makes particles track the
current best position and then adjust the search direction,
and search for better solution at the surrounding of the
local optima. These give PSO the dual merit of self-learning
and learning from others, and so the optimal solution can
be found in fewer iterations. Therefore, the band subset
derived from BS-PSO has the best a-JM that approximates to
that of BS-SFFS, where SFFS can provide optimal or a close
to optimal solution in most of cases [14].

BS-ACA is different from the other three algorithms for
its searching process that starts from a single ant but does
not start with a solution set; it searches for the solution by

Figure 9: Average JM and average OA as a function of the size of the band subsets derived by the band selection algorithms: (a) the change
of average JM distance with the number of bands; (b) the change of average OA with the number of bands.

Figure 10: ART as a function of the size of band subsets selected by
band selection algorithms.
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Figure 11: The performance of the swarm intelligence based algorithms with different sizes of population in the Indian dataset experiment:
(a) ART; (b) average JM; (c) average OA.

Figure 12: Classification result of the band subsets with the size of 30: (a) BS-ACA; (b) BS-CSA; (c) BS-PSO; (d) BS-GA; (e) BS-SFFS.
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obtaining the candidate bands one by one with a certain
probability. However, when the number of candidate bands
is large, the selection probability for the potentially best

candidate band is small; thereby, the BS-ACA cannot easily
find the better candidate band and will fall into the local
optimum. Due to the volatilization of the pheromones that

Figure 13: The confusion matrix of classification results of band subset derived from: (a) BS-ACA; (b) BS-CSA; (c) BS-PSO; (d) BS-GA;
(e) BS-SFFS.
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have been laid on the best route, BS-ACA cannot easily
jump out of the local optimum. Therefore, BS-ACA has a
poor performance in terms of the average JM distance.

The a-JM of BS-CSA and BS-GA are similar and lower
than that of BS-PSO. This shows that BS-CSA and BS-GA also
fall into local optima. BS-CSA and BS-GA, both use an
evolution operator. In BS-CSA, the Ab with higher a-JM has
more opportunities to generate offspring and a lower
probability of mutating. As a result, the diversity of the
population decreases over the generations. BS-GA is similar:
in order to maintain a proper convergence speed, the
probability of chromosome of being selected is proportional
to its a-JM; at the same time, the crossover and mutation
operator of BS-GA cannot be activated, unless the crossover
probability and mutation probability were met.

The ARTs of these algorithms are different. The
running time of algorithm is determined by many factors,
such as the computer being used, how and with which
programming language the code is implemented [40].
The computational complexity is employed to evaluate the
performance of algorithm in terms of running time. In the
worst case, the computational time of CSA, required in
the optimization problem, is ( ⋅ ⋅ )N M TO c [40], thus, the com-
putational complexity of BS-CSA is ( ⋅ ⋅ ⋅ )N M T CO c . The
computational complexity of BS-ACA, BS-SFFS, BS-PSO,
and BS-GA is ( ⋅ ⋅( − )⋅ )N M n TO 1 , ( ⋅ )M CO , ( ⋅ ⋅ ⋅ )N M T CO , and O
( ( ⋅ ⋅ ⋅ )N M T CO , where C, the complexity of objective function,
can be calculated as follows [28]:

∑= ( ) + ( ) + ( )
=

C O b c n O b sn O bc n
b

M

1

3 2 2 2 (18)

where s is the number of samples. Thus, the calculation
of objective function is time consuming.

ACA and PSO are meta-heuristic algorithms [41]. For BS-
ACA, the average JM distance of two different arbitrary bands
has been previously calculated in the initialization phase;
therefore, much running time can be saved in the iteration
process of BS-ACA. Different from BS-ACA, the BS-PSO
searches for the optimal band subset by iteratively updating
the positions and velocities of the particles. The a-JM of
current position and the best position found by each particle
must be recalculated after the update operator. Thus, the
ART of BS-PSO is greater than that of BS-ACA. BS-CSA and
BS-GA are evolutionary algorithms. In most of the cases, the
number of cloned Abs (Nc) approximates to N; thus, the
calculation of objective function determines the running
times of BS-CSA and BS-GA. Although the number of
operators in BS-CSA is greater than that of BS-GA, which

Figure 14: Average JM and average OA as a function of the size of the band subsets derived by the band selection algorithms: (a) the change
of average JM distance with the number of bands; (b) the change of average OA with the number of bands.

Figure 15: ART as a function of the size of band subsets selected by
band selection algorithms.
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only has the crossover operator and the mutation operator,
the number of chromosomes involved in the crossover and
mutation is greater than those of mutated and newly
generated Abs. The a-JM of these chromosomes must be
recalculated in each generation. However, BS-CSA only
needs to calculate the a-JM for the mutated and newly
generated Abs. This characteristic saves many computational
times for BS-CSA. Therefore, the time consumed by BS-GA is
obviously larger than that of BS-CSA. The computational
complexity of BS-PSO and BS-GA is the same, and the
number of calculation times of the objective function is
approximately equal. Therefore, the ARTs of BS-PSO and BS-
GA are approximate.

5 Conclusions

In this study, we used four common types of swarm
intelligence algorithms and a greedy algorithm to select

the optimal band subset from a hyperspectral remote
sensing image. The performance was compared from
three aspects: a-JM, average OA, and ART.

The experiment results show that the band selection
algorithm based on PSO has better performance in terms of
average OA, but it needs some improvements to reduce the
running time, such as band selection based on parallel PSO
[42]. PSO is a potential subset generation procedure for
optimal band selection in hyperspectral remote sensing
imagery. The band selection algorithm based on the ACA
gets into local optima easily. One of the effective methods
that can avoid getting into local optima is combined with
other algorithms, such as GA, CSA, etc. The performance of
the band selection algorithm based on the CSA and that of
the band selection algorithm based on the GA were
unremarkable, having lower a-JM. A series of evolutionary
operators reduced the diversity of the population and led
the algorithms to converge to local optima. In brief, PSO
has a stronger optimizing capability than the other

Figure 16: The performance of the swarm intelligence based algorithms with different sizes of population in the Pavia dataset experiment:
(a) ART; (b) average JM; (c) average OA.
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algorithms, and the optimizing capabilities of the ACA, the
CSA, and the GA are weaker than that of SFFS, which is a
typical greedy algorithm.

Hence, for the field of band selection in hyperspectral
remote sensing imagery, the PSO and the GA have greater
room for improvement in achieving an acceptable runtime,
and PSO is the best subset generation procedure. These
swarm intelligence algorithms can complement each other’s
advantages in the structure of a hybrid subset generation
procedure having stronger optimizing capabilities.
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