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Abstract—This paper presents a new multiple-classifier ap-
proach for accurate spectral-spatial classification of hyperspectral
images, where the spectral information is exploited by combining
probabilistic support vector machines (SVM) and subspace-
based multinomial logistic regression (MLRsub) and the spatial
information is exploited by means of a Markov random field
(MRF) regularizer. The proposed approach is based on the
decision fusion of global posterior probability distributions and
local probabilities which result from the whole image and the
class combinations map respectively. With respect to the SVM
or MLRsub algorithms, the proposed method greatly improves
the classification accuracy. Our experimental results with real
hyperspectral images collected by the NASA Jet Propulsion
Laboratory’s Airborne Visible Infra-Red Imaging Spectrometer
(AVIRIS) and the Reflective Optics Spectrographic Imaging
System (ROSIS), indicate that the proposed multiple-classifier
system leads to state-of-the-art classification performance for
cases with very limited number of training samples.

Index Terms—Hyperspectral images, segmentation, spectral-
spatial classification, decision fusion, support vector machine
(SVM).

I. INTRODUCTION

Supervised classification is one of the most challenging
problems in the field of hyperspectral image processing, where
class labels are assigned to pixel vectors in view of their
spectral characteristics [1]. Various classification techniques
have been proposed which are strictly related to the quality and
number of training samples. In recent years, kernel methods
such as support vector machines (SVMs) have shown good
performance for hyperspectral classification problems in small
training samples size [2]. On the other hand, multinomial
logistic regression (MLR) [3] is an alternative approach to deal
with ill-posed problems, which has the advantage of learning
the class probability distributions themselves. Subspace based
MLR (MLRsub) [4], exploits the fact that hyperspectral data
are likely to be mixed and noisy since in general it has
poor spatial resolution. This approach learns class-independent
subspaces based on the MLR model, and recently has been
proposed to deal with ill-posed problems for hyperspectral
classification. MLRsub shows good performance in case of
limited training samples as normally classes live in much
lower space in comparison with the data dimensionality.
More recently, multiple classifier systems (MCS) or classifier
ensembles, have shown great potential in hyperspectral classi-

fication [5]. Furthermore, in order to alleviate the problem of
insufficient number of training samples, a more recent trend
is to integrate the contextual (or spatial correlations of pixels)
and spectral information [3, 4, 6, 7]. These methods exploit,
in a way or another, the continuity (in probability sense) of
neighboring labels.

In this paper, we propose a new MCS approach, which
combines probabilistic SVM and MLRsub classifiers which
exploit different principles. Probabilistic SVM and MLRsub,
which have been successfully applied for hyperspectral classi-
fication, have very different characteristics. The combination
of probabilistic SVM and MLRsub leads to good spectral
characterization of hyperspectral imagery, therefore improving
the separability of very similar classes. The proposed approach
takes advantage of the MLRsub algorithm which globally
learns the posterior probabilities for the whole image and the
SVM classifier which locally learns the posterior probabil-
ities for each pixel. With respect to the SVM or MLRsub
algorithms, the proposed method can greatly improve the
classification accuracies. This is because, when compared with
SVM, the proposed approach considers mixtures in the model
and, when compared with MLRsub, it constrains the number
of mixtures. This is reasonable since real images are likely to
have mixed pixels and these pixels are normally formed by
only a few components. In order to improve the classification
performance, we apply the Markov random field (MRF) [8]
regularization to include the spatial information.

Experimental results with real hyperspectral images col-
lected by the NASA Jet Propulsion Laboratory’s Airborne
Visible Infra-Red Imaging Spectrometer (AVIRIS) and the
Reflective Optics Spectrographic Imaging System (ROSIS),
indicate that the proposed approach leads to state-of-the-art
classification performance for cases with very limited number
of training samples.

II. METHODOLOGICAL FRAMEWORK

The proposed approach is described in Fig. 1. It mainly
comprises four steps: 1), we use the probabilistic SVM
classifier to produce the class combination maps; 2), we
calculate the local and global class posterior probabilities via
the MLRsub algorithm; 3), we obtain the final class posterior
probabilities by fusing the local and global probabilities; 4),
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Fig. 1. Algorithm description

finally, we include the spatial information by adopting an MRF
regularization prior. In the following, we present the details of
each step for the proposed approach.

A. MLRsub classifier

Let x ≡ {x1,x2, . . . ,xn} be the input hyperspectral image,
where xi = [xi1,xi2, ...,xid]T denotes a spectral vector
associated with an image pixel i ∈ S, S = {1, 2, ..., n} is
the set of integers indexing the n pixels of x and d is the
number of spectral bands. Let y ≡ (y1, . . . ,yn) denote an
image of labels, yi ≡ [yi1, yi2, . . . , yic . . . , yik]T , where k is
the number of classes, yic = {0, 1}, for c = 1, . . . , k and∑

c yic = 1. Furthermore, let Dl ≡ {(x1,y1), . . . , (xl,yl)}
be the labeled training set with l being the number of samples
in Dl. The MLR model is formally given by [9]

p(yic = 1|xi,ω) =
exp

(
ω(c)h(xi)

)

∑k
c=1 exp

(
ω(c)h(xi)

) , (1)

where h(xi) ≡ [h1(xi), . . . ,hl(xi)]T is a vector of l fixed
functions of the input data, often termed as features; ω(c)

is the set of logistic regressors for class c, and ω ≡
[ω(1)T

, . . . , ω(c−1)T

]T . Recently, Li et al. [4] proposed to
combine MLR with a subspace projection method which is
called Subspace Projection-Based MLR (MLRsub) Classifier
to cope with highly mixed hyperspectral data with limited
training samples. The idea of applying subspace projection
methods to improve classification relies on the basic assump-
tion that the samples within each class can approximately lie
in a lower dimensional subspace. Thus, each class may be
represented by a subspace spanned by a set of basis vectors,
while the classification criterion for a new input sample would
be the distance from the class subspace [4], where the input
function h(c) for class c in (1) is given by

h(c)(xi) = [‖xi‖2, ‖xT
i U

(c)‖2]T, (2)

where U(c) = {u(c)
1 , . . . ,u(k)

r(k)} is a set of r(k)-dimensional
orthonormal basis vectors for the subspace associated with
class c (r(c) ¿ d).

Fig. 2. Example of generation of class combinations map with threshold
M = 2

B. Class combinations map

The first contribution of this paper consists in generating the
class combinations map by using a probabilistic SVM classi-
fication [10, 11]. For this purpose, based on the probabilistic
SVM results, a subset of the M most reliable class labels is
chosen for each pixel as the set of class combination for that
pixel, where M ≤ k. It should be noted that, in this work, we
propose to use probabilistic SVM because, as a classifier, SVM
has very different characteristics in comparison with MLRsub
and the main objective of this step is to remove irrelevant
class labels for each pixel in order to improve the efficiency
of using class-independent subspace projection in MLRsub
method. For example, Fig. 2 shows a three class problem,
which are denoted as {A,B,C} and the threshold is set to 2,
i.e., M = 2. Using the probabilistic SVM, for each pixel, we
can obtain a vector of three probabilities with respect to class
A, B and C. As shown in Fig. 2, for the pixel at the corner
of the image, we assume the probabilities are 0.3, 0.1 and 0.6
for classes A, B and C respectively. Under this assumption
and the threshold M = 2, we assign this pixel to the subset
of {A,C} from all the three mentioned class combinations.
Notice that in this example there is no pixel assigned as the
class combination of {B,C}. Finally, it should be noted that
the number of all class combinations is given by C(k, M),
where in this example it is C(3, 2) = 3.
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C. MLRsub-based local and global probabilities

Let pg and pl be the global and local posterior probabilities,
respectively. In the second step, for each pixel, we use MLR-
sub algorithm to learn the posterior probability distributions
locally for the M selected classes and globally for all classes.
For example for the considered pixel (the right-top corner) in
Fig. 2, we compute the global and local probabilities sets as:

pg = {p(yic = 1|xi,ωg), c = A, B,C}, (3)

pl = {p(yiA = 1|xi,ωl), 0, p(yiC = 1|xi,ωl)}, (4)

where expression (3) is the global learning step and ωg are the
corresponding logistic regressors, expression (4) is the local
learning step and ωl are the associated regressors. In (3),
we use MLRsub to learn the class posterior probabilities. We
exploit the capability of MLRsub algorithm which is good
at dealing with mixtures. We choose MLRsub because it is
very likely that a pixel is mixed by some components/classes.
However, it is unlikely that the pixel is mixed by all or many
components/classes. Based on this concern, in (4), we perform
MLRsub to locally learn the class posterior probabilities. No-
tice that, in the local estimation of (4), p(yic = 1|xi,ωl) = 0
if c is a removed class.

D. Decision fusion

Using the linear opinion pool rule [12], we combine the
just obtained global and local probability distributions from
the MLRsub algorithm as:

p(yic = 1|xi) = λpg(yic = 1|xi, ωg)
+ (1− λ)pl(yic = 1|xi,ωl),

(5)

where λ is a tunable parameter which controls the weights
between the global and local probabilities and 0 ≤ λ ≤ 1. It
should be noted that, if λ = 1, only the global information is
considered which is equivalent to using the original MLRsub
method. If λ = 0, only the local information is used.

E. MRF-based spatial regularization

The aim of this stage is to incorporate spatial information
and regularization of the pixelwise classification map. Accord-
ing to the MAP-MRF framework, a pixel belonging to a class
c is likely to have neighboring pixels belonging to the same
class. By using Hammersly-Clifford theorem, we can compute
the MAP estimate of y as follows

ŷ = arg min
y

( ∑

i∈S
− log p(yi|xi)− µ

∑

i∼j

δ(yi − yj)
)
, (6)

where the first term p(yi|xi) is the spectral energy function
from the observed data, which is estimated by the probabilistic
methods, where in this work we use probabilistic SVM and
MLRsub to learn the probabilities. Parameter µ is tunable and
controls the degree of smoothness, and δ(y) is the unit impulse
function, where δ(0) = 1 and δ(y) = 0 for y 6= 0. In this
work, we use the α-Expansion graph-cut-based algorithm to
solve the optimization problem (6).

III. EXPERIMENTAL RESULTS

In this section, we use two well known hyperspectral air-
borne images, AVIRIS Indian Pines image and Pavia Univer-
sity, to evaluate the proposed approach. Detailed information
about these images can be found in [4]. For the Indian Pines
dataset, the training samples are randomly selected from the
ground truth image and the remaining samples are used for
validation. For the Pavia University dataset, the training sets
are composed of subsets of the original training samples and
the test sets are used for validation. For small classes, if
the total number of available labeled samples per class in
the ground truth image is smaller than the given number of
training samples, we take half of the total samples for training.
It should be noted that for the MLRsub and MLRsub-MRF
algorithms we optimized the parameters as indicated in [4].
Concerning the probabilistic SVM classifier, we optimize the
related parameters using 10-fold cross validation. Furthermore,
we report the results by combining the probabilistic SVM
and MRF spatial regularizer, which is denoted as SVM-MRF.
Finally, for the proposed approach, we use SVM-MLRsub
and SVM-MLRsub-MRF to denote the algorithms with and
without the MRF spatial regularizer, respectively.

Table I shows the classification results obtained by the
proposed approach using different value of parameter M for
both datasets, in comparison with SVM-MRF and MLRsub-
MRF methods. For all datasets, the best results are obtained
by the proposed approach with M = 2, which means that
most samples in the hyperspectral images are either pure or
contain less than two components. This is reasonable since in
reality, most samples are likely to be pure or mixed by two
materials, specially for images with high special resolution. It
is noticeable that the MLRsub-MRF and SVM-MLRsub-MRF,
which take the mixtures and spatial information into account,
outperform the SVM-MRF which, although it exploits the
spatial information, it does not consider the mixtures. This
is remarkable for the Pavia university dataset. The proposed
SVM-MLRsub-MRF approach obtained an OA of 92.64%
whereas the SVM-MRF only obtained an OA of 81.47%. It is
worth mentioning that we use a very limited number of train-
ing samples in these experiments. Moreover, the experiments
are repeated 20 times and the average classification accuracies
are reported.

Finally, we perform an analysis of the impact of parameter
λ for the SVM-MLRsub-MRF algorithm by using the two
considered datasets with M = 2. Fig. 3 shows the accuracies
as a function of λ. It is noticeable that, parameter λ is
insensitive to the considered datasets, i.e., for λ ∈ [0.4, 0.7],
the proposed approach obtained very good results for all
datasets. For other values, the obtained results are still better
or comparable to those obtained by the local (λ = 0) or global
(λ = 1) information.

IV. CONCLUSION AND REMARKS

In this paper, we present a novel multiple-classifier approach
for accurate spectral-spatial classification of hyperspectral
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TABLE I
OVERALL ACCURACY (OA) AND AVERAGE ACCURACY (AA)[%] FOR DIFFERENT VALUE OF PARAMETER M WITH λ = 0.5, FOR INDIAN PINES AND

PAVIA UNIVERSITY DATASETS.

50 training samples per class, λ = 0.5

Data
Samples

Accuracy(%) SVM MLRsub
SVM-MLRsub

SVM-MRF MLRsub-MRF
SVM-MLRsub-MRF

Train Test M=2 M=3 M=4 M=2 M=3 M=4

Indian Pines 697 9669
Overall 73.64 69.80 75.37 72.62 70.94 88.56 90.79 92.23 90.89 90.75

Average 70.23 65.89 72.09 69.07 67.24 86.95 89.54 91.15 89.65 89.49

Pavia University 450 40002
Overall 73.25 64.66 74.87 71.37 68.85 81.47 88.46 92.64 91.47 90.93

Average 84.46 73.80 79.96 77.39 75.91 90.65 88.18 90.67 90.01 89.37

Fig. 3. Accuracies obtained by the proposed method as a function of
parameter λ with M = 2 for Indian Pines and Pavia University datasets.

images. The proposed method, which combines two differ-
ent discriminative classifiers: subspace multinomial logistic
regression (MLRsub) and probabilistic support vector machine
(SVM), is based on decision fusion of global posterior prob-
ability distributions and local probabilities which result from
the whole image a class combinations map, respectively. The
proposed approach consists of four steps. First, a probabilistic
SVM pixelwise classification is performed, and a subset of
the M most probable classes is considered for each pixel.
Second, for each pixel, we use MLRsub to learn the posterior
probability distributions locally for the M selected classes and
globally for all classes. Then, we fuse the obtained global
and local posterior probabilities. Finally, after fusion of these
probabilities, in order to refine the obtained classification
results, a Markov random field (MRF) regularization process
is applied to incorporate spatial-contextual information. Our
experimental results with real hyperspectral images indicate
that the proposed multiple-classifier system leads to state-of-
the-art classification performance for cases with a very limited
number of training samples.
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