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ABSTRACT

In the task of hyperspectral image classification, band selec-
tion is often adopted to select a band subset that is infor-
mative, thus reducing the computation and storage cost. To
this end, we propose a supervised band selection method,
which allows us to calculate the discriminative weight for
each band. Specifically, we consider discriminative bands as
bands that contribute more positive score to the classifier of
the corresponding class than those of other classes when train-
ing. Based on this observation, we learn discriminative band
weight vector for each class. Bands with larger discriminative
weights are then selected for storage and classification. Our
method can be efficiently solved in one-class SVM frame-
work. The experimental results demonstrate the effectiveness
of our method.

Index Terms— Band selection, hyperspectral imagery,
image classification, one-class SVM, supervised learning

1. INTRODUCTION

Hyperspectral imaging sensors collect optical information
from across the electromagnetic spectrum, usually generating
hundreds of contiguous and narrow spaced spectral band-
s. Due to the phenomenon that certain objects have unique
spectral signatures, hyperspectral imaging has great potential
in a wide array of applications, such as mineral recognition,
object detection [1] and land cover classification.

One challenging problem in hyperspectral imaging clas-
sification is that it is time-consuming and also requires ex-
pensive storage to process all the bands. Furthermore, high
correlation exists among spectral bands, which implies that
redundant bands could be removed without affecting classi-
fication performance. As a result, band dimensionality re-
duction technics are often used to address this problem, as
a preprocessing step for hyperspectral images. Specifically,
there are two kinds of such technics. The first one is feature
extraction, which transforms the original space of raw hyper-
spectral images to a feature space with lower dimensions. Al-
gorithms like PCA [2] and ICA [3] are suitable for this kind of

method. The drawback of feature extraction is that the trans-
formed feature space no longer contains spectral information
and lose the interpretability of hyperspectral data. The sec-
ond one is feature selection or band selection, which chooses
’good’ bands from the original ones. Here, ’good’ means the
bands are not redundant for classification. Various band se-
lection methods have been proposed and they could be further
seperated into supervised [4], unsupervised [5] [6] and semi-
supervised [7] manner. In applications that require high clas-
sification accuracy, supervised method is usually employed
since it achieves better accuracy than unsupervised one.

Existing methods have different criteria for selecting
bands. However, to achieve the best accuracy, the classifica-
tion performance of each band should be considered when
designing the criteria, which inspired us to optimize band
weighting connected with classification results. Moreover,
fully considering the discrimination among classes should
further boost the performance.

In this paper, we propose a supervised band selection
method based on max-margin optimization. We explicitly de-
fine discriminative bands of one class as bands that contribute
more positive score to the classifier’s output of this class than
the classifiers’ of other classes when training, which greatly
influence the classification performance. Intuitively, these
bands help make the correct classification. To formulize this
observation, we use modified one-class SVM to satisfy our
constraint and calculate discriminative band weights for each
class. Bands with large weights are then selected. Our con-
tributions are two-fold: First, we formulize the definition of
discriminative band using the framework of one-class SVM
classifier and the resulting objective function could be effi-
ciently solved in standard SVM optimization tools. Second,
our method calculate the discriminative weight for each band,
which gives guidance to band selection.

2. APPROACH

In this section, we first introduce one-class SVM model,
which will be used to learn discriminative weights for all
bands. Then we describe how to design the constraint to



maintain the classification results while reducing the number
of bands. Finally, we select bands with large discriminative
weights and use them to train the classifier.

2.1. One-class SVM

To learn discriminative weights for hyperspectral bands, we
adopt one-class SVM model. The classical SVM model is
treated in a binary classification setting. For example, class
label yi ∈ {−1, 1}, which denotes class A and class B re-
spectively. However, one-class SVM deals with anomaly de-
tection problem, where only positive class training data could
be used. The objective function of one-class SVM could be
written as:

min
wo

∑
i

max(0, 1− wT
o x

i) + α‖wo‖1 (1)

Wherewo is the classification weight vector and α is the regu-
larization parameter. The model learnswo for positive class to
discriminate positive class from non-positive class. Note (1)
is different from the classical SVM in that we ignore class la-
bel yi in the formula, since there is only positive class in one-
class SVM model. In our method, we utilize the one-class
SVM model to learn discriminative band weights by modify-
ing the classification weights wo.

2.2. Discriminative Band Selection

Let (xi, yi) be the ith sample in the training set, where
xi ∈ RN is the vector of ith sample’s intensity value of
all bands and N is the total number of unselected bands,
yi ∈ {1, 2, ..., C} is the class label of the ith pixel and C is
the number of classes. First, we train an initial classifier for
each class in training set. In this step, we choose SVM but
note that other classifiers such as multi-class logistic regres-
sion could be used as well. After the initial training, we have
classification weights wc for class c.

To get the correct classification result, the training sample
should get higher score in the classifier of the correct class
than those of other classes. For example, to be correctly clas-
sified, the ith sample must satisfy:

wT
yixi > wT

c x
i, c 6= yi (2)

This gives us the insight of how to select discriminative bands.
Intuitively, a band b of certain class is discriminative when the
product of this band’s intensity value and the classification
weight of this certain class is higher than the product with
any other classes, hence satisfying:

wyi(b)xi(b) > wc(b)x
i(b), c 6= yi (3)

which translates to

(wyi(b)− wc(b))x
i(b) > 0, c 6= yi (4)

Our goal is to learn a N dimensional discriminative
weight vector v for each class. Let Dc′ denotes the index
of training subset with corresponding class label c′. We solve
the following optimization problem for each class:

min
v

∑
i∈Dc′

∑
c 6=c′

max(0, 1− vTuic′,c) + λ‖v‖1 (5)

where uic′,c represents the difference value according to (4)

uic′,c(b) = (wc′(b)− wc(b))x
i(b) (6)

We want to find discriminative bands, which satisfy the con-
straint of (4). Intuitively, (5) tries to estimate vector vc′ such
that the bth element of vc′ represents the discriminative capa-
bility of band b to the c′ class. In other words, band b of the c′

class is discriminative to other classes if the bth element of vc′
is large. In (5), the first term is a hinge loss term which mea-
sures discriminativeness of weight vector vc′ . For example,
when vc′ gives big weights to the discriminative bands, the
loss term will be low in (5). The second term is a regulariza-
tion term, which prevents the optimization from overfitting.
Furthermore, we choose L1 norm as regularization so that s-
parsity is given to vc′ , which promotes the ability of band se-
lection. The parameter λ controls the relative importance be-
tween hinge loss term and L1 regularization term. Note that
(5) is equivalent to one-class SVM and could be efficiently
solved by standard SVM solver [8].

After vc′ is solved for each class, we select the n band-
s with the n largest weights. The selected bands contain the
most discriminative information and are useful for classifica-
tion.

The above steps are summarized in Algorithm 1.

Table 1. THE PSEUDO-CODE OF THE ALGORITHM

Algorithm 1

Input: Training set (xi, yi), band number N , class number C

Output: Selected bands and corresponding classifiers

for Each class c′ = 1...C do

Train the initial classifier using N bands

Use (5) to learn band weight vector vc′

Select bands according to vc′

Train classifier using selected bands

end for

3. EXPERIMENT

We evaluate our method on two publicly available dataset-
s, Pavia Centre and Indian Pines. We report the experimen-
tal result of our method and compare it against other popular



technics. In all experiments we use linear SVM as both initial
and final classifier, the regularization parameter in SVM and
λ are obtained by cross-validation.

Pavia Centre is a section of the scene of Pavia, nothern
Italy, which was acquired by the ROSIS sensor during a flight
campaign in 2002. It is a 1096x1096 pixels image and each
pixel has 102 spectral bands. In Pavia Centre, we discard
some samples since they contain no informaion. We random-
ly choose 10 percent of the remaining samples for each class
as training set and the rest as test set. See Table 2 for detail.

Table 2. NUMBER OF TRAINING AND TESTING SAMPLES
FOR EACH OBJECT CLASS IN PAVIA CENTRE

# Class Training Testing
1 Water 83 741
2 Trees 82 738
3 Asphalt 82 734
4 Self-Blocking Bricks 81 727
5 Bitumen 81 727
6 Tiles 126 1134
7 Shadows 48 428
8 Meadows 83 741
9 Bare Soil 82 738

TOTAL 748 6708

(a) (b)

Fig. 1. Pavia Centre: (a) Sample band of the hyperspectral
image. (b) Ground truth of the land cover class.

The second dataset we used is Indian Pines. Indian Pines
is a section of the scene acquired by AVIRIS sensor in 1992
over the Indian Pines test site, North-western Indiana. It is a
145x145 pixels image and each pixel has 224 spectral bands
covering wavelength ranging from 400nm to 2500nm. We
remove water absorption bands: [104-108], [150-163], 220.
Furthermore, we discard seven classes since only few samples
are available for them, leaving nine classes available in the
dataset. We randomly choose 10 percent of the samples for
each class as training set and the rest as test set. See Table 3
for detail.
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Fig. 2. SVM classification accuracy on Indian Pines by dif-
ferent methods.

Table 3. NUMBER OF TRAINING AND TESTING SAMPLES
FOR EACH OBJECT CLASS IN INDIAN PINES

# Class Training Testing
1 Corn-no till 143 1285
2 Corn-mil till 83 747
3 Grass/pasture 48 435
4 Grass/trees 73 657
5 Hay-windrowed 48 430
6 Soybean-no till 97 875
7 Soybean-mil till 246 2209
8 Soybean-clean till 59 534
9 Woods 127 1138

TOTAL 924 7172

We also compare our method with two popular band se-
lection technics AP [9], MVPCA [10]. AP uses affinity prop-
agation to calculate the similarity between bands and search
for exemplars as selected bands. MVPCA selects bands by
ranking them with the importance of each individual band and
its correlation with others. Classification with full bands is
reported as well. Fig.2 and Fig.4 show the results on the t-
wo datasets respectively. When the number of selected bands
increases, the classification accuracy also increases and get-
s close to the full bands after certain number been reached.
It can be observed that our method outperforms the alterna-
tives in both datasets, which demonstrates the advantage of
our method in classification accuracy.

4. CONCLUSION

In this paper, we proposed a new method for hyperspectral
band selection. The success of our method is due to the fol-
lowing reasons: 1) discriminative band is defined explicitly



(a) (b)

Fig. 3. Indian Pines: (a) Sample band of the hyperspectral
image. (b) Ground truth of the land cover class.
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Fig. 4. SVM classification accuracy on Indian Pines by dif-
ferent methods.

which fully taking the discrimination among classes into ac-
count, 2) we use modified one-class SVM to formulize the
optimization problem so that discriminative weight vector for
each class can be efficiently solved. The experimental results
on two widely used datasets, Pavia Centre and Indian Pines,
show the effectiveness of our method.
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