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Feature Selection and Classification of Hyperspectral
Images With Support Vector Machines

Rick Archibald and George Fann

Abstract—Hyperspectral images consist of large number of
bands which require sophisticated analysis to extract. One ap-
proach to reduce computational cost, information representation,
and accelerate knowledge discovery is to eliminate bands that do
not add value to the classification and analysis method which is
being applied. In particular, algorithms that perform band elimi-
nation should be designed to take advantage of the structure of the
classification method used. This letter introduces an embedded-
feature-selection (EFS) algorithm that is tailored to operate
with support vector machines (SVMs) to perform band selection
and classification simultaneously. We have successfully applied
this algorithm to determine a reasonable subset of bands with-
out any user-defined stopping criteria on some sample AVIRIS
images; a problem occurs in benchmarking recursive-feature-
elimination methods for the SVMs.

Index Terms—Feature selection, hyperspectral images, support
vector machines (SVMs).

I. INTRODUCTION

A NEW GENERATION of remote sensors is producing hy-
perspectral images which sample hundreds of contiguous

narrow spectral bands. Hyperspectral images have been proven
beneficial to many different applications of remote sensing,
medical imaging, and quality assurance. The high dimension-
ality of these data sets has spurred the development of new
techniques for analysis. Support vector machines (SVMs) [11],
which are a classification paradigm developed over the last
decade in machine learning theory, have been successfully
applied within the remote sensing community to hyperspectral-
image analysis. Recent studies comparing SVMs with other
classification schemes have concluded that they provide signif-
icant advantages in accuracy, simplicity, and robustness [2].

The SVM classifies binary data by determining the sepa-
rating hyperplane, or decision surface, which maximizes the
margin between the two classes in the training data. Kernel
functions provide SVM with the powerful additional ability
of efficiently determining the nonlinear decision surfaces. The
SVM structure maximizes performance attainable by training
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on reduced sets, and this structure has been exploited to produce
cost-reducing techniques in hyperspectral training [4]. One ma-
jor drawback of SVM is that classification is binary. However,
this issue can be resolved in a simple and robust procedure by
training several SVMs simultaneously in an all-against-one or
one-against-one scheme [11].

The computational cost of classification grows quadratically
with data dimension size, making feature selection an important
issue for the SVM. Feature-selection algorithms fall into three
categories: filtering, wrapper, and embedded methods. Filter
methods can be a fast and easy solution, but they are not usually
optimal since they do not account for the mechanism of the
learning algorithm utilized. Wrapper methods consist of search-
ing for the subset of features that minimize the generalization
error. This goal is the ideal, but the search is a combinatorial
problem that is NP-hard [12]. Finally, in embedded methods,
as the name suggests, feature selection is embedded into the
learning algorithm.

This letter utilizes the underlying mechanism of SVMs to
develop a band-selection embedded algorithm for hyperspectral
imaging that is based on logistic boosting. The underlying
methodology of boosting, which was introduced by Freund and
Schapire [5], utilizes a metalearning strategy that distills the
performance of many “weak” classifiers into a unified “strong”
classifier. We demonstrate how to manipulate the boosting
method so that an optimal distribution of bands is found for
one classifier, in effect, transforming the boosting method
into a feature-extraction algorithm. The proposed method is
compared to the well-recognized recursive feature elimination
(RFE)-SVM method [6] and found to improve convergence
speed and eliminate the need to have a priori information about
the number of important features.

The remainder of this letter is organized in the following
manner. Section II presents a brief overview of SVM theory
and the machinery necessary to describe the embedded-feature-
selection (EFS) algorithm. The specific application of EFS with
SVM classification to hyperspectral-image analysis is presented
in Section III. Finally, in Section IV, we provide a summary.

II. FEATURE SELECTION WITH SVMS

Vapnik [11], at AT&T Bell Laboratories, advanced machine
learning in real-world applications by developing the SVM. The
decision function for SVM is expressed as

f(x) = sign

(
N∑

i=1

yiαiΦ(xi) · Φ(x) + b

)
(1)
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where the coefficients are determined by maximizing the mar-
gin of the given training set{

xi ∈ R
d, yi ∈ {−1, 1}

}
, i = 1, . . . , N (2)

in the transformed space defined via the mapping or kernel
function Φ. Specific examples of kernel functions used in this
letter include

Polynomial : Φ(xi,xj) = (xi · xj + 1)n

Gaussian(RBF) : Φ(xi,xj) = e−γ‖xi−xj‖2 (3)

for n ∈ N and γ > 0.
There are many different variants of SVM, among which

we use SVMlight [8]. Similarly, there are many approaches
in extending SVM beyond binary to multiple classification
[11]. The most common multiclass approach is one-against-
all, where a new SVM is trained for each binary combination
of classes. The decision function is determined by evaluating
each of the classes SVMs with a “winner-takes-all” rule. This
multiclass approach has proven to be robust and accurate and
will be used in this letter [10].

A. Recursive Feature Elimination

A well-known property of SVM is that the generalization
error, which is denoted here as GE , is bounded by

GE ≤
1
N
E

{
R2

M2

}
(4)

where R is the radius of the smallest sphere containing the
transformed training data separated by a margin M , with an
expectation taken over training data sets of size N [11].

The RFE focuses on minimizing the generalization error by
eliminating features that maximize the margin. The predictive
ability measure is inversely proportional to the margin and
given by

W 2(α) =
N∑

i=1

N∑
j=1

αiαjyiyjΦ(xi,xj). (5)

Therefore, the margin can be maximized by minimizing W ,
which the RFE algorithm attempts to accomplish. The exten-
sion of (5) to multiclassification problems is given as

W 2(α)(−f) =
N∑

i=1

N∑
j=1

αiαjyiyjΦ
(
xi,(−f),xj,(−f)

)
(6)

where xi,(−f) is the ith hyperspectral training sample with the
f th feature removed.

RFE-SVM becomes problematic when the correct number of
features to remove is not known. For this case, it is standard to
continue the RFE algorithm and store W (5) for each removal
of a band. The ideal feature selection occurs at the iteration
where (5) is a minimum. To ensure a comprehensive search,
it is required that the RFE algorithm be continued until all but a

reasonable number of bands remain. In this letter, we continue
the automated search until r = 5 bands remain.

B. Embedded Feature Selection

We begin by defining the componentwise product of two
vectors ρ and x ∈ R

d as

ρ ∗ x = (ρ1x1, . . . , ρdxd). (7)

The EFS method weighs each band according to a logistically
scaled measure of importance.

EFS-SVM Algorithm: Given a training set (2) and tolerance
parameter ε > 0 and attenuation parameter σ > 1, we follow
the following steps.

1) Initialize ρj = 1, for j = 1, . . . , N .
2) Train the SVM to obtain a solution α using the modified

kernel Kρ(x,y) := Φ(ρ ∗ x, ρ ∗ y).
3) Calculate

L(α)j =
1

1 + eAM Mj+BM
, for j = 1, . . . , N (8)

where Mj is a measure of importance for the jth feature

(
AM

BM

)
= −

(
1 µ(ε,M)
1 µ

(
ε
σ ,M

))−1(ln
(

1−ε
ε

)
ln
(

σ−ε
ε

)) (9)

for

µ(ε,M) =
{
ε, if minMj < ε
xε, otherwise

(10)

with

xε =

(
ε−

∑
Mj<a Mj

)
(b− a)

b
(11)

a = arg max
Mi

∑
Mj<Mi

Mj < ε (12)

and

b = min
i

Mi > a. (13)

4) Quit if

|ρ− L(α) ∗ ρ| < εN

otherwise set

ρ←− L(α) ∗ ρ.

If min ρ < ε/σ, then remove all features that have a
weight below the threshold ε/σ and update N accord-
ingly. Return to step 2).

This algorithm embeds a weighting into the kernel and itera-
tively updates the weights by the logistic function (8), naturally
bounded in the interval [0,1]. Unlike RFE where the weighting
can be considered as all or nothing, features can be damped
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or removed based upon the measure used to gauge their im-
portance. This letter examines two measures. First, we use the
obvious choice

Mf = W 2(α)(−f) (14)

of (6). Second, we introduce a decision function feature sensi-
tivity measure

Mf = max
j:αj �=0

N∑
i=1

yiαiΦ
(
xi,xj,(+f)

)

− min
j:αj �=0

N∑
i=1

yiαiΦ
(
xi,xj,(+f)

)
(15)

where xj,(+f) is the jth hyperspectral training sample with
every feature except the f th replaced by the feature average
of the whole training set. This measure uses only the support
vectors (rich source of information with minimal computation)
to measure the sensitivity of the decision function to each
feature.

C. Complexity Measure

The major cost of calculation in SVM arises in training, a
process that is dominated by the complexity of solving the dual
formulation which is known to be O(max(N, d)min(N, d)2)
[3]. Based on the dual formulation complexity, we define the
measure

Rco =
Nd2

s +
∑Nit

j=1 max(Ns, dj)min(Ns, dj)2

Nd2
(16)

the computational cost ratio of first performing features selec-
tion, and, then, the SVM on a reduced dimension size, as com-
pared to directly performing SVM. Here, ds is the number of
dimension after feature selection, Ns is the size of training data
subset used to determine the feature selection, and the whole
data set has size N and dimension d. Here, we assume that
N > d > ds, which is a reasonable assumption for dimension
size of hyperspectral data.

III. APPLICATIONS TO HYPERSPECTRAL DATA

AND CLASSIFICATION RESULTS

We apply the RFE and the EFS algorithm to the publicly
available Indian Pines data [9], consisting of 145 × 145 pixels
by 220 bands of reflectance AVIRIS data. Ground truth is
known for most of the scene. From the 16 identified classes in
the scene, we use the nine largest samples with training and test
set sizes reported in Table I. The type of classes and structure
of training samples is specifically chosen to be similar to the
report [2] so that results can be compared.

We determine the optimal penalty and free parameters for the
SVM classification of this data set only once for each kernel us-
ing a fast simulated annealing process [1]. For each application
of the EFS algorithm, we use tolerance parameter ε = 0.01 and
attenuation parameter σ = 10. This has the effect of attenuating

TABLE I
LAND COVER CLASSES WITH TRAINING AND TEST SET

SIZES FOR THE CLASSIFICATION EXPERIMENT

Fig. 1. Band selection using the RFE and the EFS algorithm with measures
(14) and (15) on the Indian Pines hyperspectral data set for the Gaussian kernel
function (3).

bands that have less than a 1% significance weighting and
eliminates bands that iteratively fall bellow 0.1% significance.
These are the only parameters of the EFS algorithm and have
been found to be robust for values that correspond to modest
attenuation (less than 5% significance weighting). Finally, a
standard preprocessing step of zero-mean normalization is done
for this data.

It is accepted that, for this data set, because of atmospheric
water absorption, a total of 20 channels can be identified
as noisy (104–108, 150–163, 220) and safely removed as a
preprocessing step [2]. In this experiment, they are purposefully
not removed and act as a natural test for feature-extraction al-
gorithms. Fig. 1 shows the average weighting for band selection
using the RFE and the EFS algorithm with measures (14) and
(15) for ten different training data random samplings of size
d/5. It is emphasized here that band selection is quickly gener-
ated by a small subset of the training data. Once band selection
is determined, training proceeds on the full set. As shown in
Fig. 1, only the EFS algorithm removes the bands associated
with atmospheric water absorption, with the sensitivity measure
(15) outperforming the margin measure (14) in consistency and
accuracy.

Table II has the results of the EFS and RFE classification
for the Indian Pines data set. The weights for band selection
are determined for each algorithm by taking the average result
of ten different training data random samplings of size d/5.
These estimates for weights and band number are then used
on the whole data set to test and train. Convergence of the
EFS algorithm is quick, requiring only a few iterations for

Authorized licensed use limited to: Oak Ridge National Laboratory. Downloaded on September 22, 2009 at 14:51 from IEEE Xplore.  Restrictions apply. 



ARCHIBALD AND FANN: FEATURE SELECTION AND CLASSIFICATION OF HYPERSPECTRAL IMAGES 677

TABLE II
RESULTS OF THE EFS AND RFE CLASSIFICATION FOR THE INDIAN PINES DATA SET. SVM WITH NO BAND SELECTION IS INCLUDED FOR COMPARISON.

ALL COMPUTATIONS WERE PERFORMED ON A 1.4-GHz AMD DUAL-CORE NEMESIS WORKSTATION WITH A 2-GB RAM

TABLE III
RESULTS OF THE EFS AND RFE CLASSIFICATION FOR THE INDIAN PINES DATA SET FOR THE INDIVIDUAL CLASSES

each of the tested kernels. In contrast, the automated RFE
method performs little or no feature extraction, an indication
that the minimum of (5) across removed features is not a good
indicator for this data set. A user-defined stopping point for
RFE is necessary. It is noted that this is not a breakdown in the
RFE method but rather in the method to determine the optimal
number of bands. The band selection and the classification rate
of RFE are similar to the EFS algorithm with measure (5) if we
preset the RFE method to stop at the same number of bands.

Tables II and III are consistent with the results published
in [2] and show that the EFS provides, at best, a slight gain
in classification accuracy. This result is expected since SVM
minimizes the effect of the Hughes phenomenon [7], and there-
fore, as long as essential informative bands are not removed, the
classification rate should be flat.

The major advantages of EFS are the significant reduction in
computational time and the data-driven knowledge discovery of
important bands in classification. The computational speedup is
derived from the fact that the EFS method is able to determine
significant bands from the greatly reduced training sets within a
few iterations. The cost of finding an optimal subset of bands
does not overshadow the benefit of reduced overall training
time. This property would be shared with RFE if the user
defined the same number of bands as determined by EFS and
furthermore used an accelerated band removal scheme.

IV. CONCLUDING REMARKS

This letter develops an EFS algorithm that is specifically de-
signed to operate with the SVM. A feature sensitivity measure
is introduced that is referenced to the decision function and
is demonstrated, as compared to a well-known SVM margin
measure, to find a reduced subset of predictive hyperspectral
bands. This letter offers a data-driven knowledge discovery
and classification with an increased computational efficiency in
processing and analyzing the hyperspectral images.
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