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Abstract—This paper presents a new multiple feature learning
approach for accurate spectral-spatial classification of hyperspec-
tral images. The proposed method integrates multiple features
based on the logarithmic opinion pool. We consider subspace
multinomial logistic regression for classification as it exhibits a
flexible structure for the combination of multiple features through
the posterior probability. At the same time, it is able to cope
with highly mixed hyperspectral data and with the presence of
limited training samples. In this work, we considered lowpass
filtering and morphological attribute profiles for spatial feature
extraction. Our experimental results with a real hyperspectral
images collected by the NASA Jet Propulsion Laboratory’s Air-
borne Visible Infra-Red Imaging Spectrometer (AVIRIS) indicate
that the proposed method exhibits state-of-the-art classification
performance.

Index Terms—Hyperspectral images, spectral-spatial classifi-
cation, multiple features learning, subspace multinomial logistic
regression (MLRsub)

I. INTRODUCTION

In recent years, the growing availability of different remote
sensing instruments has increased the possibilities of exploit-
ing high-dimensional data in many applications [1]. Typically,
for the classification of land cover classes (a main task in many
applications), employing multiple features coming from differ-
ent information sources has been an effecive way for remote
sensing data interpretation. In other words, the explotation of
data coming from multiple sources allows one to anticipate
superior classification accuracies than those obtained using
one source of information only. For this purpose, fusion of
features coming from multiple sources has shown to be a very
successful approach.

Several multiple feature learning methods haven been pro-
posed in the literature. For example in [2], a multiple feature
learning method has been suggested based on integrating

information extracted from multiple spectral change difference
images to build a higher quality difference image. In [3],
a combined classification of a high spatial resolution color
image and a lower spatial resolution hyperspectral image of the
same scene has been suggested. In [4], additional features are
extracted from series of multitemporal images acquired on the
same scene at different dates. Other approaches extract spatial
(contextual) features e.g. texture, and shape from the original
data and fuse these features with original spectral features.
An extensive amount of work has also been devoted to the
integration of spatial and spectral features for classification of
hyperspectral data. For example in [5], the authors proposed
to combine multiple processing chains in a hierarchical fusion
approach by using the most suitable feature extraction/ selec-
tion and classification steps. However, stacked vector based
methods [6, 7] in which feature vectors are built from the
concatenation of spectral and spatial features and composite
kernels [8, 9] are two successful ways of integrating spatial
and spectral features.

In this paper, we propose a new multiple feature learning
approach for accurate spectral-spatial classification of hyper-
spectral images. The proposed method integrates multiple fea-
tures based on the logarithmic opinion pool. We consider the
subspace multinomial logistic regression (MLRsub) clasifier
[10, 11], as it exhibits a flexible structure for the combination
of multiple features through the posterior probability. At the
same time, it is able to cope with highly mixed hyperspec-
tral data and using limited training samples. In this work,
we considered lowpass filtering and morphological attribute
profiles for spatial feature extraction. In [12], it is shown
that a simple lowpass filter (which is a spatial averaging
operator) can reduce noise and variation within a class and
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consequently, enhance class separability. Moreover, recently,
morphological attribute profiles have been successfully used to
model structural features by considering several of the princi-
pal components (PCs) of the image and generating an attribute
profile for each of these PCs [13]. Here, we exploit the rich
information provided by attribute profiles in combination with
the spectral information available from the hyperspectral data
to perform accurate spectral-spatial classification.

Experimental results with a real hyperspectral image col-
lected by the NASA Jet Propulsion Laboratory’s Airborne Vis-
ible Infra-Red Imaging Spectrometer (AVIRIS) 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 comprises two main steps. First,
spatial feature extraction to produce the additional feature
vectors and then, the spatial feature vectors and the original
spectral vectors from the hyperspectral data are combined
in learning the MLR regressors for classification. In the
following, we present the details of each step for the proposed
approach.

A. Feature Extraction

Let us denote the original hyperspectral image as X ≡
(x1,x2, ...,xn), where xi ∈ Rd, for i = 1, 2, . . . , n denotes a
spectral vector, n is the number of pixels in x and d is the num-
ber of spectral bands. Furthermore, let X ≡ (X̃1, X̃2, ..., X̃q)
denote q feature images obtained by some feature extraction
methods from the original image X, i.e., X̃m = Ψm(X), for
m = 1, . . . , q. In this paper, we propose to use two strategies
for extracting spatial features to use them in combination of the
original spectral features. Therefore, in this work, we consider
X̃1 = X and q = 3.

The first approach is to extract information from neigh-
borhood of each pixel using lowpass filter. This strategy
can increase class separability and classification accuracies,
as reported in [12]. After filtering a new image X̃2 ≡
((x̃1)2, (x̃2)2, ..., (x̃n)2) will be formed as follows:

(x̃i)2 =
1
|Ni|

∑

j∈Ni

xj , (1)

where, Ni is a neighborhood about pixel i.
The second approach is to extract structural information

using morphological operations. According to [13], using
morphological operations thinning and thickening with a set of
thresholds λ1, λ2, ..., λn, attribute profiles (APs) of a grayscale
image f are built as follows:

AP (fj(xi)) = {φn(fj(xi)), ..., φ1(fj(xi)), fj(xi),

γn(fj(xi)), ..., γ1(fj(xi))}, (2)

where, φ and γ denote the thickening and thinning transfor-
mations, respectively, and fj(xi) denotes a feature extracted
from the original pixel information xi. Finally, by building
the AP on each of the l selected components of PCA the
second image X̃3 ≡ ((x̃1)3, (x̃2)3, ..., (x̃n)3) can be obtained
based on extended attribute profiles (EAP) of the original
hyperspectral image as:

(x̃i)3 = {AP (f1(xi)), AP (f2(xi)), ..., AP (fl(xi))}, (3)

where l is the number of retained features.

B. Classification Using Multiple Spectral and Spatial Features

Let Y ≡ (y1, . . . ,yn) denote an image of labels, yi ≡
[y(1)

i , y
(2)
i , . . . , y

(k)
i ]T , where k is the number of classes. For

c = 1, . . . , k, if pixel i belongs to class c, y
(c)
i = 1,

otherwise, y
(c)
i = 0. With these definitions in place, let

pm(y(c)
i = 1|(x̃i)m, ω) be the posterior density of associated

with feature X̃m, where ω is the parameter associated with the
considered classifier. According to logarithmic opinion pool
(LOGP) rule [14], which is a decision fusion scheme that
applied to combine information from multiple features, for
any pixel i = 1, . . . , n, we have:

pLOGP(y
(c)
i = 1|(x̃i)1, . . . , (x̃i)q, ω1, . . . , ωq) =
∏q

m=1 pm(y(c)
i = 1|(x̃i)m,ωm)αm

∑k
c=1

∏q
m=1 pm(y(c)

i = 1|(x̃i)m, ωm)αm

, (4)

where {αm|0 ≤ αm ≤ 1,
∑q

m=1 αm = 1} is a tunable
parameter which controls the impact of each feature vector
on the final decision probability.

In this work, we use the MLR classifier to model the
posterior density pm(y(c)

i = 1|(x̃i)m, ωm), which is formally
given by [15] as:

pm(y(c)
i = 1|(x̃i)m, ωm) =

exp
(
ω

(c)
m h((x̃i)m)

)

∑k
c=1 exp

(
ω

(c)
m h((x̃i)m)

) ,

(5)
where h((x̃i)m) ≡ [h1((x̃i)m), . . . ,hl((x̃i)m)]T is a vector
of l fixed functions of the input data, often termed as features;
ω

(c)
m is the set of logistic regressors for class c, and ωm ≡

[ω(1)T

m , . . . , ω
(c−1)T

m ]T . Recently, Li et al. [10] proposed to
combine MLR with a subspace projection method in order to
develop a so-called MLRsub classifier which is able to cope
with highly mixed hyperspectral data using limited training
samples. In [11], a modified version of MLRsub is proposed
for handling both linear and nonlinear mixtures happening
at sub-pixel level in the data, as it is also common to have
nonlinear mixtures in real data set. In this work, we also take
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nonlinearity into account so that the input function h(x̃i) in
(5) is given by:

h((x̃i)m) = [‖(x̃i)m‖2, ‖(x̃i)T
mU(1)

m ‖2, . . . ,
‖(x̃i)T

mU(k)
m ‖2]T, (6)

where U(c)
m = {(u(c)

1 )m, . . . , (u(c)

r(c))m} is a set of r(c)-
dimensional orthonormal basis vectors for the subspace asso-
ciated with class c (r(c) ¿ dm, and dm is the dimensionality
of feature X̃m). Under the present setup, by embedding the
MLRsub model in (5) into the LOGP framework for multiple
feature learning in (4), we can now obtain:

pLOGP(y
(c)
i = 1|(x̃i)1, . . . , (x̃i)q, ω1, . . . , ωq) =

exp
( ∑q

m=1 αmω
(c)
m h((x̃i)m)

)

∑k
c=1 exp

(∑q
m=1 αmω

(c)
m h((x̃i)m)

) . (7)

As shown in (7), the proposed approach is able to manage
multiple features with different impact factors α in the MLR
model. However, it should be noted that, in this work, three
types of feature vectors assuming equal values of α are
considered for evaluation: the original spectral vectors, the
relaxed feature vectors obtained by lowpass filtering, and the
spatial features obtained by morphological attribute profiles.

III. EXPERIMENTAL RESULTS

In this section, we use the well known AVIRIS Indian Pines
image to evaluate the proposed approach. Detailed information
about this image can be found in [10]. For training purposes,
50 samples per class are randomly selected from the ground
truth image and the remaining samples are used for validation.
For small classes, we take half of the total ground truth
samples for training. In spatial feature extraction step, for
the lowpass filtering the window neighborhood used was
defined using 8-pixel connectivity and for the construction of
attribute profiles we used stacked vectors of 325 features which
comprise different types of attributes, as described in [13]. It
should also be noted that, for all classifiers, we optimized the
necessary parameters and all the experiments are repeated 30
times. The average classification accuracies are reported.

Table I shows the classification results obtained by the pro-
posed approach. To have a complete comparison, the classifi-
cation results are reported for the three kinds of feature sets us-
ing the support vector machine (SVM) and MLRsub methods.
As can be seen, using spatial features, the MLRsub classifier
gives higher classification accuracies than SVM. However,
it is noticeable that the spectral-spatial classification using
multiple features improves MLRsub classifier performance.
For instance, compared with the obtained results achieved by
MLRsub classifier, the proposed approach obtained an overall
accuracy (OA) of 92.46% which contrasts with the OA of
72.94% using the original spectral features, OA of 87.57%

using features after lowpass filtering and OA of 90.57% using
attribute profiles. For illustrative purposes, Fig. 1 shows the
obtained classification maps for the Indian Pines image.

IV. CONCLUSION AND REMARKS

In this paper, we presented a new multiple feature learning
approach for accurate spectral-spatial classification of hyper-
spectral images based on the integration of logarithmic opinion
pool (LOGP) rule and multinomial logistic regression (MLR)
algorithm. For illustrating the capability of the proposed model
for learning multiple features, we used lowpass filtering and
morphological attribute profiles to have two sets of spatial
feature vectors in combination of the original spectral features.
Our experimental results with a real hyperspectral images
collected by the NASA Jet Propulsion Laboratory’s Airborne
Visible Infra-Red Imaging Spectrometer (AVIRIS) indicated
that the proposed method exhibits state-of-the-art performance.
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