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Abstract. Band selection (BS), which selects a subset of original bands that contain the most
useful information about objects, is an important technique to reduce the dimensionality of
hyperspectral data. Dimensionality reduction before hyperspectral data classification can reduce
redundancy information and even improve classification accuracy. We propose BS algorithms
based on an ant colony optimization (ACO) in conjunction with objective functions such as the
supervised Jeffries–Matusita distance and unsupervised simplex volume. Moreover, we propose
to use a small number of selected pixels for BS in order to reduce computational cost in the
unsupervised BS. In this experiment, the proposed algorithms were applied to three airborne
hyperspectral datasets including urban scenes, and the results demonstrated that the ACO-
based BS could find a better combination of bands than the widely used sequential forward
search-based BS. It was acceptable to use a few pixels to achieve comparable BS performance
with our method. © 2014 Society of Photo-Optical Instrumentation Engineers (SPIE) [DOI: 10.1117/1
.JRS.8.085094]
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1 Introduction

Hyperspectral remote sensing data have very rich spectral information. Airborne hyperspectral
imagery can provide abundant spatial information as well, and can be used as an effective tool to
analyze complex urban scenes. However, as spatial and spectral resolutions increase, challenges
arise in the efficiency of hyperspectral data processing, such as computational requirements and
redundant information removal.1 Another problem in hyperspectral image classification is
known as the Hughes phenomenon or the curse of dimensionality. An effective technique
for tackling these problems is dimensionality reduction. Band selection (BS) is a common
dimensionality reduction technique.1–7 This method selects a subset of original bands which
contains major data information. These selected bands are expected to offer an overall satisfac-
tory or even better classification performance. According to object information availability, BS
methods can be categorized as supervised and unsupervised. If prior class information is avail-
able, supervised metrics such as Bhattacharyya distance, Jeffries–Matusita (JM) distance, and
minimum estimated abundance covariance4–7 can be utilized as criterion functions in BS. If such
information is unavailable, unsupervised BS is employed to select the most informative and
distinctive bands. Similarity-based and simplex volume-based unsupervised BS methods
were proposed in Refs. 2 and 3.

In addition to the objective function, BS methods require an efficient searching strategy. In an
exhaustive search, all possible band combinations should be tested and then the optimal one will
be selected. However, this is unacceptable in practice due to its high computational cost. To
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avoid employing an exhaustive search, sequential forward selection (SFS) is commonly used.5,6

In this paper, we propose a more advanced searching strategy, i.e., ant colony optimization
(ACO). ACO is a powerful global search method that searches the entire problem space;8 there-
fore, it has been adopted in remote sensing data processing, e.g., endmember extraction, clas-
sification, and BS.9–14 In Ref. 12, classification accuracy was employed as the objective function,
which was not practical because classification conducted in each iteration is extremely time-
consuming; in Ref. 13, although the Bhattacharyya distance and the JM distance were both
used as criterion functions, they had nothing to do with the pheromones released in ACO;
Ref. 14 used a genetic algorithm to initialize the pheromones information in ACO, and divided
original bands into subspaces to reduce the searching range of ants; consequently, ants probably
could not find the optimal solution.

In this paper, we employ the supervised JM distance or unsupervised simplex volume sep-
arately as an objective function, both of which are independent of any classifier. Moreover, ants
release pheromones according to the JM distance or the simplex volume in the entire problem
space, which may provide a better chance to find an optimal solution. Thus, theoretically, the
proposed approach can obtain better band subsets than SFS-based BS approaches due to its
global searching capability. An issue of ACO searching is its high computational cost. ACO
generally needs hundreds of iterations due to its random nature; meanwhile, each iteration is
time-consuming. In order to reduce the computational complexity, we present a fast ACO-
based BS method which utilizes two endmember extraction algorithms, i.e., N-FINDR15 and
ant colony optimization-based endmember extraction (ACOEE),9,10 to extract endmembers
for the unsupervised BS.

2 Proposed BS Methods

2.1 Objective Functions

An objective function plays an important role in BS, which is a criterion evaluating the quality of
feasible combinations of original bands. This paper considers two objective functions in the
proposed ACO-based BS methods: supervised JM distance and unsupervised simplex volume,
which are introduced as below.

2.1.1 Jeffries–Matusita distance

A supervised BS process can be simplified when class labeled samples are available. In this case,
the subset of original bands with the maximum class separability is selected. The JM distance is
one of the best class separability measures used in the remote sensing community for multiclass
problems. The larger the average JM distance between different classes, the better the solution.
Labeled samples are modeled by a Gaussian distribution, and then the JM distance between two
classes Ci and Cj can be defined as

Jij ¼ 2ð1 − e−BijÞ; (1)

where

Bij ¼
1
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is the Bhattacharyya distance between Ci and Cj. In Eq. (2), ui and uj are the mean vectors of
Ci and Cj, respectively; and

P
i and

P
j are the covariance matrices of Ci and Cj,

respectively.

2.1.2 Simplex volume

Wang et al.2 applied the idea of simplex volume maximization for endmember extraction in the
N-FINDR15 algorithm to hyperspectral BS. That is to say, the volume of a simplex constructed
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by selected pixel endmembers was employed as the objective function. The larger the simplex
volume of the selected bands, the better the solution. No prior class information is used when
calculating the simplex volume, so the BS methods with the simplex volume criterion are unsu-
pervised. The simplex volume can be obtained by

Vðb1; b2; : : : ; bnÞ ¼
absðjBjÞ
ðn − 1Þ! ; (3)

where

B ¼
�
1 1 · · · 1

b1 b2 · · · bn

�
: (4)

biði ¼ 1;2; 3; : : : ; nÞ in Eqs. (3) and (4) is one band of the original hyperspectral data. There is
a restriction in Eq. (3) that an n-vertex simplex should exist in an (n − 1)-dimensional subspace.
In order to relax this restriction, Eq. (3) can be replaced by

Vðb1; b2; : : : ; bnÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
absðjBT

rsBrsjÞ
p

ðn − 1Þ! ; (5)

where

Brs ¼ ½ b2 − b1 b3 − b1 · · · bn − b1 �: (6)

In this way, the simplex volume can be calculated without dimension reduction.16

2.2 Sequential Forward Selection

BS using SFS can significantly save computational time. The basic steps of the traditional SFS
search using the JM distance or the simplex volume for BS can be described as

1. Initialize the algorithm by choosing a pair of bands B1 and B2. These two initial
bands can be obtained wwith an exhaustive search. Then the selected bands sub-
set ΦS ¼ fB1; B2g.

2. Find a third band B3 such that Eq. (1) or (5) is maximized. Then update the selected
bands subset as ΦS ¼ ΦS ∪ fB3g.

3. Continue Step 2 until a desired number of bands have been added to ΦS.

Obviously, a global optimal solution cannot be found with an SFS-based BS method, because
not all possible band combinations are evaluated.

2.3 ACO Searching for BS

ACO8 is a representative swarm intelligence algorithm targeted toward global optimization
problems, in which artificial ants are used to imitate the way natural ants select routes.
When searching for food from their nest, ants release a kind of chemical substance called
a pheromone. The shorter the route selected, the more pheromones are released. Each ant
randomly selects a route on the basis of pheromone concentration of the routes. The routes
with more pheromones are more attractive for ants to choose. Pheromones indirectly play a
medium role for exchanging “information” among ants in the process of searching for food.
Furthermore, pheromones on routes dissipate as time passes. Therefore, pheromones on routes
less traveled will gradually disappear and then fewer and fewer ants will choose those routes.
At last, pheromones will concentrate on the shortest route. This means that ants find the shortest
route with positive feedback. Selecting several bands from original bands of hyperspectral
imagery can be regarded as an optimization problem. In the proposed ACO-based BS methods,
a route selected by an ant corresponds to a feasible solution.

A directed graph, denoted as G, is constructed first to generate the solution space. Each
vertex in G corresponds to an original band. Artificial ants can release pheromones on the
edges between vertexes. Assume n bands are to be selected, then the route constructed by
an artificial ant should contain n different vertexes in G. An artificial ant selects vertexes accord-
ing to the concentration of pheromones on the edges. Each edge in G is initialized with the same

Gao et al.: Ant colony optimization-based supervised and unsupervised band selections. . .

Journal of Applied Remote Sensing 085094-3 Vol. 8, 2014

Downloaded From: http://remotesensing.spiedigitallibrary.org/ on 08/14/2014 Terms of Use: http://spiedl.org/terms



concentration of pheromones. When the ant arrives at vertex vi after t − 1ðt ≥ 1Þ times of
moving, the transition probability of moving from vi to the next vertex vj is defined as

pijðtÞ ¼
τijðtÞP

j∈allowedt
τijðtÞ

; ∀ j ∈ allowedt: (7)

In Eq. (7), allowedt is the set of vertexes that can be reached by this ant from vi at time t,
i.e., those bands have not been traveled by the ant, and τijðtÞ indicates the concentration of
pheromones at the edge hvi; vji. The routes selected by ants will be evaluated according to the
objective function after all ants complete their searching task. Pheromones on the edges are
updated as

τijðtþ 1Þ ¼ ρτijðtÞ þ ΔτijðtÞ; (8)

where ρ is the pheromones’ dissipation factor and ΔτijðtÞ is the pheromones’ increment on the
edge hvi; vji at time t. Let ft and routet denote the optimal objective function value of all
selected routes and the optimal route, respectively. ΔτijðtÞ is defined as

ΔτijðtÞ ¼
�
Q � ft if hvi; vji ∈ routet
0 if hvi; vji ∈= routet

; (9)

where Q is a constant that controls the range of pheromone adjustments ΔτijðtÞ. For both
objective functions employed in this research, Eq. (9) can guarantee that the higher the objec-
tive function value, the more the released pheromones.

After the iteration at time t has been completed, the ants go to the next iteration for searching
the optimal solution. The algorithm stops when the iteration number reaches a predetermined
maximum number (10,000 in the experiments), or the same solution is obtained in several con-
secutive iterations.

2.4 Endmember Extraction-Assisted Fast Calculation of
the Simplex Volume

For ACO-based BS, using too many pixels cause a high computational cost. A practical tech-
nique is to select a subset of representative pixels for simplex calculation. Aiming at this target,
we propose the use of an endmember extraction algorithm for pixel selection, which will actually
participate in the following BS process. This is because pixel endmembers represent the major
object information in an image, while the majority of pixels represents the redundant informa-
tion. Two endmember extraction algorithms employed in this research, i.e., N-FINDR15 and
ACOEE,9,10 are briefly introduced as below.

The performance of endmember extraction is important for the following BS process. A
procedure named the spatial–spectral preprocessing (SSPP),17 which can improve the quality
of extracted endmemebers, is applied before endmember extraction. Then, N-FINDR or
ACOEE is applied to extract endmembers. These endmembers are utilized for BS with a simplex
volume criterion.

Because SSPP and ACOEE are newly proposed algorithms, they are briefly reviewed in
the following subsections.

2.4.1 SSPP

SSPP fuses both spatial and spectral information to preprocess the hyperspectral image, thereby
mitigating the noise influence in endmember extraction. Its four steps can be summarized as
follows:

1. Multiscale Gaussian filtering: Gaussian filtering is applied to each band of an original
hyperspectral image X.
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2. Spatial homogeneity calculation: The root-mean-square error (RMSE) between the origi-
nal image X and the filtered image XF is calculated. The higher the RMSE is, the lower
the similarity of the pixel in X with regards to its neighbor pixels is.

3. Spectral clustering: A spectral-based unsupervised clustering, e.g., ISODATA, is applied
to the original image as the first two steps are performed. As a result, a number of clusters
are generated.

4. Fusion of spatial and spectral information: The spatial and spectral information
obtained in the first three steps are combined to obtain a subset of pixels to be utilized
in endmember extraction. Pixels in each cluster from Step 3 are ranked according to the
increasing value of their spatial homogeneity indices calculated in Step 2. A subset of
pixels with the highest indices will be selected, while parameter ρ indicates the per-
centage of pixels being selected in each cluster. A spectral purity index calculation
similar to the well-known pixel purity index (PPI) algorithm18 is performed on
these selected pixels in each cluster. The pixels with the highest PPI in each cluster
will be retained. Parameter β defines the percentage of pixels being retained. Finally,
the pixels with high spatial homogeneity as well as high spectral purity are selected as
candidate endmembers, and they participate in the following endmember extraction
process.

2.4.2 ACOEE

In the ACOEE algorithm,9 artificial ants are utilized to imitate the way natural ants select routes
aimed at solving the endmember extraction problem. Just like the ACO-based BS method pro-
posed in Sec. 2.3, a directed graph, denoted as G, is also constructed to generate the solution
space. But each vertex in G indicates a pixel in the original hyperspectral image (or preselected
using the SSPP algorithm). The task of ants is to find the optimal combination including n pixels,
where n is the number of endmembers. The mechanisms of ant moving are similar to the ACO-
based BS in Sec. 2.3, which can be defined by Eq. (7). However, an elitist strategy10 is employed
for the pheromones’ update. It means that the pheromones laid on the edges of the best-so-far
route are reinforced in each iteration. Therefore, pheromones are updated as

τijðtþ 1Þ ¼ ρτijðtÞ þ ΔτijðtÞ þ wðtÞΔτbestij ðtÞ; (10)

where wðtÞ is a weighted function of the iteration number t, and ΔτijðtÞ and Δτbestij ðtÞ are the
pheromone increments caused by the optimal route in this iteration and the best-so-far route,
respectively. The objective function used in ACOEE is the RMSE between the original hyper-
spectral image and the remixed image. If the minimum RMSE value in the iteration at time t is ft
and its corresponding route is denoted by routet, then ΔτijðtÞ is defined as in Eq. (11). Let
routebestt and fbestt denote the best-so-far route and its RMSE, respectively. Δτbestij ðtÞ can be
defined as Eq. (12)

ΔτijðtÞ ¼
� Q

ft
if hvi; vji ∈ routet

0 if hvi; vji ∈= routet
; (11)

Δτbestij ðtÞ ¼
� Q

fbestt
if hvi; vji ∈ routebestt

0 if hvi; vji ∈= routebestt
: (12)

In Eqs. (11) and (12), Q is a constant that controls the range of pheromone adjustments
ΔτijðtÞ and Δτbestij ðtÞ to avoid them being too large or too small. Equations (11) and (12)
can guarantee that the smaller the RMSE is, the more pheromones are released. wðtÞ is designed
to be an increasing function of time t as

wðtÞ ¼ et; (13)

where e is a constant coefficient that controls the importance of Δτbestij ðtÞ. Then the algorithm
continues searching for the optimal solution until the iteration number reaches a maximum
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number, or the same optimal solution is selected in several consecutive iterations. The pixels
selected in the last iteration are considered as endmembers.

3 Experiments

In this experiment, the performance of an ACO-based BS was evaluated in terms of maximum
likelihood (ML)-based classifications on three airborne hyperspectral images. The ML classifier
was applied to selected bands which were implemented in ENVI/IDL environments. The SFS-
based BS methods were adopted for comparison. For simplicity, SFS- and ACO-based BS
methods with JM distance criterion are called SFS-JM and ACO-JM, respectively. The naming
rules of BS methods with a simplex volume criterion are present in Table 1.

3.1 Experimental Data

Three hyperspectral datasets were utilized in the experiments. Two datasets were acquired
by Reflective Optics System Imaging Spectrometer during a flight campaign over Pavia,

Table 1 Acronyms of BS methods with simplex volume criterion.

Methods Pixel selection Band searching

SFS-V 20% pixels are evenly sampled SFS

ACO-V 20% pixels are evenly sampled ACO

SN-SFS-V Preprocess with SSPP and extract endmembers with N-FINDR SFS

SN-ACO-V Preprocess with SSPP and extract endmembers with N-FINDR ACO

SA-SFS-V Preprocess with SSPP and extract endmembers with ACOEE SFS

SA-ACO-V Preprocess with SSPP and extract endmembers with ACOEE ACO

Fig. 1 (a) False color composition of the Reflective Optics System Imaging Spectrometer (ROSIS)
Pavia Centre scene. (b) Ground truth-map containing nine land-cover classes.
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northern Italy. They have been used for evaluations of different hyperspectral data analysis
algorithms.19–21 One covers the Pavia city center and the other is around Pavia University.
The number of bands in the acquired images is 115 with a spectral coverage ranging from
0.43 to 0.86 μm. Some bands were removed due to noise; therefore, the number of bands
is 102 for the “Pavia Centre scene” and 103 for the “Pavia University scene.” The spatial
resolution is 1.3 m∕pixel. The third dataset is the famous Indian Pines scene acquired by
the airborne AVIRIS sensor, consisting of 220 bands. Due to noise, 35 bands (numbered 1
to 3, 103 to 112, 148 to 165, 217 to 220) were manually removed.22 Although the Indian
Pines scene is not an urban dataset, it was employed to evaluate the performance of the pro-
posed algorithms.

Table 2 Training and testing samples used in Pavia Centre scene experiment.

Classes Training Testing

Water 2638 63,333

Trees 303 7295

Meadows 123 2967

Self-blocking bricks 107 2578

Bare soil 263 6321

Asphalt 369 8879

Bitumen 291 6996

Tiles 1713 41,113

Shadows 114 2749

Total 5921 142,231

Table 3 Pavia Centre scene: accuracies of ML classification using BS methods with JM distance
criterion.

SFS-JM (%) ACO-JM (%)

5 96.76 96.76

6 96.91 97.22

7 97.10 97.69

8 97.22 97.79

9 97.61 98.01

10 97.75 98.12

11 97.94 98.16

12 97.99 98.18

13 98.13 98.26

14 98.18 98.30

15 98.17 98.40

All bands 90.70%
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3.2 Experiments on Pavia Centre Scene

The Pavia Centre scene originally had 1096 × 1096 pixels. But a 381-pixel-wide black stripe in
the left part of image was removed, resulting in a “two parts” image. The remaining image
includes 1096 × 715 pixels. Nine classes of interest were considered, i.e., water, trees, asphalt,
self-blocking bricks, bitumen, tiles, shadows, meadows, and bare soil, as shown in Fig. 1. About
4% of the samples were randomly selected for training and the others were employed for testing.
The numbers of training and testing samples are listed in Table 2. ACO-based BS methods
as well as SFS-based BS methods selected 5 to 15 bands from 102 bands. The number of
endmembers extracted in SA-SFS-V, SA-ACO-V, SN-SFS-V, and SN-ACO-V was set at 15.
The overall accuracies of ML classification applied on the selected subsets of the original
data are shown in Tables 3 and 4 and Figs. 2 and 3.

Table 4 Pavia Centre scene: accuracies of ML classification using BS methods with simplex
volume criterion.

SA-SFS-V (%) SA-ACO-V (%) SN-SFS-V (%) SN-ACO-V (%) SFS-V (%) ACO-V (%)

5 95.95 95.86 95.63 96.59 96.54 96.44

6 96.18 96.66 95.80 96.63 96.55 97.19

7 96.25 96.79 96.78 96.72 96.69 97.27

8 97.12 97.58 96.83 96.73 96.95 97.28

9 97.11 97.60 96.82 97.01 97.02 97.66

10 97.11 97.57 96.84 96.97 97.12 97.47

11 97.67 97.60 96.82 97.12 97.09 97.76

12 97.65 97.83 97.12 97.23 97.36 97.74

13 97.83 97.98 97.15 97.52 97.37 97.69

14 97.83 98.01 97.41 97.62 97.65 97.94

15 97.83 98.03 97.41 97.74 98.06 98.26

All bands 90.70%
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Fig. 2 Pavia Centre scene: comparison of accuracies of maximum likelihood (ML) classification
using band selection (BS) methods with Jeffries–Matusita (JM) distance criterion.
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With the JM distance criterion, ACO was slightly better than the SFS searching. With the
simplex volume criterion, ACO outperformed SFS searching when evenly sampling pixels from
original hyperspectral data for simplex volume calculation. When using 15 endmembers instead
of evenly sampled pixels, ACO still performed better than the SFS searching. SA-ACO-V
acquired similar results as the ACO-V, especially when selecting more than 8 bands. However,
SN-ACO-V could not perform as well as ACO-V. For all the SFS- and ACO-based BS methods,
using selected bands was much better than using all bands.

The run times of the various methods using a personal computer with 2.80 GHz CPU (dual
core) and 12 GB of memory are shown in Table 5. Because ACO is an iterative method,
the number of iterations required is uncertain when searching for a different number of bands.
Therefore, it may be possible that selecting a slightly larger number of bands costs slightly less
time. We can see that the computational complexity of BS methods with JM distance criterion
was higher than BS methods with simplex volume criterion; meanwhile, the computational
performance of BS methods with simplex volume criterion could significantly benefit from
the technique of endmember extraction.
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Fig. 3 Pavia Centre scene: comparison of accuracies of ML classification using BS methods
with simplex volume criterion.

Table 5 Pavia Centre scene: running time of BS methods (in s).

SFS-JM ACO-JM SFS-V ACO-V SA-SFS-V SA-ACO-V SN-SFS-V SN-ACO-V

5 328.75 1004.91 23.54 293.59 0.105 10.72 0.104 8.28

6 337.03 1198.05 27.83 448.53 0.107 12.12 0.105 15.38

7 339.49 1713.26 29.28 535.72 0.110 12.82 0.107 14.51

8 353.73 1877.23 30.57 584.22 0.114 16.34 0.111 22.52

9 378.25 1926.94 32.97 785.29 0.118 26.98 0.116 25.59

10 369.34 2575.11 37.44 1505.84 0.122 28.74 0.118 27.53

11 373.74 3246.41 42.89 1656.51 0.135 41.46 0.121 41.07

12 376.19 2471.31 49.09 1945.68 0.130 35.30 0.125 36.21

13 377.62 2553.53 49.86 2025.78 0.132 42.51 0.139 46.19

14 389.62 4105.95 54.76 1904.89 0.136 40.74 0.144 46.91

15 394.23 3587.15 61.45 2934.43 0.141 29.93 0.136 71.82
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3.3 Experiments on Pavia University Scene

The Pavia University scene had 610 × 340 pixels. Nine classes of interest were considered, i.e.,
asphalt, meadows, gravel, trees, painted metal sheets, bare soil, bitumen, self-blocking bricks,
and shadow, as shown in Fig. 4. About 25% of the samples were randomly selected for training
and the others were employed for testing. The numbers of training and testing samples are listed
in Table 6. About 5 to 15 bands were selected from 103 bands. The number of endmembers
extracted in SA-SFS-V, SA-ACO-V, SN-SFS-V, and SN-ACO-V was still set at 15. The overall
accuracies of ML classification after BS are shown in Tables 7 and 8 and Figs. 5 and 6.

In experiments of the BS methods with a JM distance criterion, ACO was better than SFS
searching when the number of selected bands was five or six, whereas similar results were

Fig. 4 (a) False color composition of the ROSIS Pavia University scene. (b) Ground truth-map
containing nine land-cover classes.

Table 6 Training and testing samples used in Pavia University scene experiment.

Classes Training Testing

Asphalt 1680 4951

Meadows 4770 13,879

Gravel 555 1544

Trees 812 2252

Painted metal sheets 319 1026

Bare soil 1248 3781

Bitumen 348 982

Self-blocking bricks 942 2740

Shadows 233 714

Total 10,907 31,869
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obtained by both when selecting more than 7 bands. With the simplex volume criterion, the trend
was similar to the experiment on the Pavia Centre scene. For simplex volume-based BS methods,
ACO outperformed SFS searching no matter whether 20% evenly sampled pixels or 15 extracted
endmembers were used for the simplex volume calculation. However, SN-ACO-Vacquired sim-
ilar or even better results when compared to the ACO-V, whereas the results of SA-ACO-V were
not satisfactory. ACO-JM obtained much better results than all bands when the number of
selected bands was greater than 6; SN-ACO-V outperformed all bands when selecting more
than 9 bands.

Table 7 Pavia University scene: accuracies of ML classification using JM distance-based BS
methods.

SFS-JM (%) ACO-JM (%)

5 85.21 87.13

6 86.53 89.36

7 88.74 89.51

8 89.72 90.51

9 90.78 90.44

10 91.09 90.52

11 91.48 91.19

12 91.44 91.33

13 91.75 91.46

14 91.69 91.26

15 91.79 91.73

All bands 88.55%

Table 8 Pavia University scene: accuracies of ML classification using simplex volume-based BS
methods.

SA-SFS-V (%) SA-ACO-V (%) SN-SFS-V (%) SN-ACO-V (%) SFS-V (%) ACO-V (%)

5 69.68 74.11 73.79 68.44 71.97 73.88

6 75.78 77.22 74.40 80.81 77.24 80.70

7 77.99 81.28 76.94 81.53 79.22 81.37

8 80.17 82.61 81.38 86.60 79.67 84.44

9 80.30 84.74 81.91 88.91 81.56 86.60

10 81.15 85.05 87.71 89.85 81.55 89.59

11 81.24 86.33 88.52 90.34 82.20 89.86

12 81.39 86.32 89.16 90.40 82.61 89.99

13 82.16 86.59 90.46 90.93 86.91 90.38

14 86.06 89.67 90.62 90.72 90.08 90.45

15 89.35 90.26 90.82 91.59 90.19 90.64

All bands 88.55%
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Table 9 lists the run times. We can see that the BS methods with a JM distance criterion
consumed more time than the BS methods with a simplex volume criterion; moreover,
much less time was needed in the BS methods with extracted endmembers.

3.4 Experiments on Indian Pine Scene

The Indian Pines scene had 145 × 145 pixels. The nine largest samples from 16 identified
classes were considered, i.e., soybeans-min till, corn-min till, grass/pasture, grass/tree,
hay-windrowed, soybeans-no till, corn-no till, soybeans-clean till, and woods,23 as shown in
Fig. 7. About 50% of the samples were randomly selected for training and the others were
employed for testing. The numbers of training and testing samples are listed in Table 10.
About 5 to 15 bands were selected from 185 bands. The number of endmembers extracted
in SA-SFS-V, SA-ACO-V, SN-SFS-V, and SN-ACO-V was set at 16. The overall accuracies
of ML classification after BS are shown in Tables 11 and 12 and Figs. 8 and 9.

In experiments with the BS methods with a JM distance criterion, ACO was obviously better
than the SFS searching. Regardless of whether using 20% of the evenly sampled pixels or the
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Fig. 5 Pavia University scene: comparison of accuracies of ML classification using JM distance-
based BS methods.
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Table 9 Pavia University scene: running time of BS methods (in s).

SFS-JM ACO-JM SFS-V ACO-V SA-SFS-V SA-ACO-V SN-SFS-V SN-ACO-V

5 343.57 840.41 2.50 43.82 0.12 9.78 0.11 8.79

6 352.01 1088.37 2.94 75.97 0.12 9.45 0.11 12.52

7 358.33 1311.28 3.49 108.12 0.12 21.52 0.12 14.61

8 364.12 1960.34 4.46 105.97 0.13 15.16 0.11 18.23

9 369.32 1614.35 4.86 193.53 0.13 19.74 0.12 22.04

10 374.48 2136.41 5.35 223.82 0.15 29.14 0.12 30.04

11 380.25 2003.67 6.38 253.28 0.13 29.51 0.12 30.50

12 385.80 2213.96 7.62 304.30 0.15 39.21 0.13 37.35

13 392.30 2743.70 8.52 277.31 0.16 42.37 0.13 60.67

14 397.84 3152.74 8.96 410.01 0.14 46.18 0.14 69.96

15 403.73 2820.25 9.74 570.09 0.15 57.30 0.16 66.73

Fig. 7 (a) The 25th band of the AVIRIS Indian Pine scene. (b) Ground truth-map containing nine
land-cover classes.

Table 10 Training and testing samples used in Indian Pine scene experiment.

Classes Training Testing

Soybeans-min till 1243 1225

Corn-min till 420 414

Grass/pasture 240 257

Grass/tree 366 381

Hay-windrowed 234 255

Soybeans-no till 481 487

Corn-no till 720 714

Soybeans-clean till 305 309

Woods 627 667

Total 4636 4709
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extracted 16 endmembers for a simplex volume calculation, ACO outperformed the SFS search-
ing in simplex volume-based BS methods. Moreover, both SN-ACO-V and SA-ACO-V could
acquire satisfactory results when compared with the ACO-V. All bands subsets selected by these
BS methods performed better than all bands.

Table 13 lists the run times. We can see that the BS methods with a simplex volume criterion
consumed less time than the BS methods with a JM distance criterion; moreover, the run time
was further reduced when extracting endmembers instead of evenly sampling pixels to calculate
the simplex volume.

Table 11 Indian Pine scene: accuracies of ML classification using JM distance-based BS
methods.

SFS-JM (%) ACO-JM (%)

5 64.85 68.23

6 70.76 72.14

7 72.61 74.79

8 77.02 79.13

9 78.15 78.93

10 78.79 80.46

11 80.70 81.72

12 81.10 82.63

13 81.74 83.14

14 82.10 83.35

15 82.25 84.31

185 59.18%

Table 12 Pavia University scene: accuracies of ML classification using simplex volume-based
BS methods.

SA-SFS-V (%) SA-ACO-V (%) SN-SFS-V (%) SN-ACO-V (%) SFS-V (%) ACO-V (%)

5 63.88 65.47 65.09 65.09 64.75 65.53

6 68.91 69.72 68.53 69.89 70.01 72.07

7 74.94 74.88 70.29 74.33 70.14 72.27

8 74.86 75.09 71.80 75.81 75.26 75.30

9 75.56 76.73 75.18 76.70 75.60 76.58

10 75.71 77.34 75.81 76.83 75.62 75.68

11 76.17 78.23 75.62 77.49 76.15 76.51

12 76.83 78.53 76.49 78.79 76.45 77.72

13 77.04 77.98 76.79 78.42 76.64 77.38

14 76.98 78.15 76.81 78.68 76.77 77.49

15 77.94 80.59 79.10 80.19 77.36 78.47

185 59.18%
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Fig. 8 Indian Pine scene: comparison of accuracies of ML classification using JM distance-based
BS methods.
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Fig. 9 Indian Pine scene: comparison of accuracies of ML classification using simplex volume-
based BS methods.

Table 13 Indian Pine scene: running time of BS methods (in s).

SFS-JM ACO-JM SFS-V ACO-V SA-SFS-V SA-ACO-V SN-SFS-V SN-ACO-V

5 1054.81 1077.10 1.27 13.04 0.358 11.29 0.335 10.95

6 1058.50 1500.02 1.31 21.70 0.350 13.82 0.340 13.82

7 1067.68 1530.84 1.50 26.29 0.336 18.18 0.347 22.61

8 1081.87 1617.12 1.39 39.30 0.347 18.65 0.351 29.25

9 1092.34 2274.30 1.45 41.10 0.349 24.79 0.359 23.20

10 1102.61 1827.92 1.48 45.23 0.351 28.02 0.353 33.90

11 1114.20 1919.36 1.68 43.25 0.362 29.91 0.336 35.50

12 1128.75 2286.49 1.68 54.26 0.367 39.58 0.374 42.05

13 1134.95 3197.86 1.91 77.75 0.393 38.71 0.398 41.98

14 1143.71 2924.35 1.91 94.42 0.398 38.81 0.412 40.58

15 1158.24 3575.08 2.09 93.23 0.425 38.00 0.413 46.72
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4 Conclusion

This paper proposed ACO-based BS methods using the supervised JM distance or the unsuper-
vised simplex volume as the objective function. The technique of endmember extraction was
also proposed for use in this paper, aimed at increasing the computational efficiency of the unsu-
pervised BS. The results of experiments on three airborne hyperspectral datasets demonstrated
that BS methods could benefit from ACO searching. The technique of endmember extraction
also significantly reduced the computational complexity of the BS methods with a simplex vol-
ume criterion; meanwhile, ACO-based BS methods using this technique had the potential to
maintain or even improve the performance of ACO-V. It was acceptable to use a few pixels
because a comparable classification performance could be achieved.

However, the computational complexity of ACO is much higher than that of SFS. Since the
nature of ACO is suitable for parallel computing, its parallel implementation will be designed in
our future work to significantly reduce its computing time.
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