IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 7, NO. 12, DECEMBER 2014

4653

Multiple Morphological Profiles
From Multicomponent-Base Images
for Hyperspectral Image Classification
Xin Huang, Senior Member, IEEE, Xuehua Guan, Jón Atli Benediktsson, Fellow, IEEE, Liangpei Zhang,
Senior Member, IEEE, Jun Li, Member, IEEE, Antonio Plaza, Senior Member, IEEE,
and Mauro Dalla Mura, Member, IEEE

Abstract—Morphological profiles (MPs) are a useful tool for remotely sensed image classification. These profiles are constructed
on a base image that can be a single band of a multicomponent
remote sensing image. Principal component analysis (PCA) has
been used to provide other base images to construct MPs in
high-dimensional remote sensing scenes such as hyperspectral
images [e.g., by deriving the first principal components (PCs)
and building the MPs on the first few components]. In this paper,
we discuss several strategies for producing the base images for
MPs, and further categorize the considered methods into four
classes: 1) linear, 2) nonlinear, 3) manifold learning-based, and 4)
multilinear transformation-based. It is found that the multilinear
PCA (MPCA) is a powerful approach for base image extraction.
That is because it is a tensor-based feature representation
approach, which is able to simultaneously exploit the spectral–
spatial correlation between neighboring pixels. We also show
that independent component analysis (ICA) is more effective for
constructing base images than PCA. Another important contribution of this paper is a new concept of multiple MPs (MMPs),
aimed at synthesizing the spectral–spatial information extracted
from the multicomponent base images, and further enhancing
the classification accuracy of MPs. Moreover, we propose two
different strategies to interpret the newly proposed MMPs by
considering their hyperdimensional feature space: 1) decision
fusion and 2) sparse classifier based on multinomial logistic
regression (MLR). Experiments conducted on three well-known
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hyperspectral datasets are used to quantitatively assess the
accuracy of different algorithms.
Index Terms—Feature extraction (FE), hyperspectral imaging,
morphological profiles (MPs), spectral–spatial classification.

I. I NTRODUCTION

T

HE ADVENT of hyperspectral imagery, recording hundreds of spectral channels, has opened up new avenues
for image analysis and information extraction, which provides additional capacities for remote sensing applications
in many different areas, such as precision agriculture, urban mapping, environment management, military applications.
Recently, hyperspectral data with high-spatial resolution have
become available, which provides very wealthy information
in both the spectral and spatial domains at the same time
[1]. Consequently, for an accurate interpretation of this kind
of imagery, it is indispensable to simultaneously exploit the
radiometric information in the spectral domain and the structural information in the spatial domain. In this regard, joint
spectral–spatial classification has received much interest, and
a number of research papers have been published on this topic.
Among these, several representative methods rely upon the use
of MPs, which were originally proposed in [2] for high-spatialresolution image classification, and subsequently, generalized
as extended morphological profiles (EMPs) for hyperspectral
data by constructing the MPs on the first PCs [3] (refer to
Table I for all the acronyms that are used throughout the
paper). MPs extract multiscale structural features by locally
processing an image via a series of structural elements (SEs)
with different sizes and hence exploit spatial information for
improving the traditional pixelwise image spectral classification [4], [5]. Considering that the EMPs do not adequately
take advantage of the spectral information for hyperspectral
image classification, Fauvel et al. [6] proposed to further inject
the spectral features extracted from the original hyperspectral
bands into the MPs, forming a spectral–spatial hybrid feature
space. A new development of the MPs is given by attributes
profiles (APs), proposed by Dalla Mura et al. [7]. Unlike
the traditional MPs performed on SEs with different sizes,
APs aim to generate morphological profiles (MPs) by filtering
the connected components of an image with different criteria.
Similarly, APs were generalized to EAPs when applied to
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TABLE I
L IST OF ACRONYMS

TABLE III
BASE I MAGES C ONSTRUCTION M ETHODS C ONSIDERED IN T HIS S TUDY
FOR G ENERATING THE M ORPHOLOGICAL P ROFILES

The methods used to construct base images for the first time
in the literature are underlined.

TABLE II
R EVIEW OF THE C URRENT BASE I MAGES U SED FOR
M ORPHOLOGICAL P ROFILES

hyperspectral images by computing the APs based on the first
PCs [8]. Other variants concerning MPs and APs involve directional morphological profiles [9] or multifeature fusion [10].
Both EMPs and EAPs exhibit good performance when used
for spectral–spatial classification of hyperspectral imagery
[53]. It should be noticed that a key issue for the extension of
the morphological profiles is to determine a set of base images,
on which the EMPs or EAPs are built. We define the base images as one or several feature images, extracted from the original hyperspectral data, for the subsequent spatial/structural
feature extraction and spectral–spatial classification. Most of
the base images considered in the existing literature are the
first or first few PCs. However, additional strategies used for
EMPs and EAPs can be summarized as follows (see Table II).
1) In the case of EMPs, the classification results of the
EMPs built on the KPCA outperformed those obtained
with the EMPs with the PCA, because the KPCA
extracts more useful features for classification [12]. The
limitation of the KPCA, however, is its computational
cost, caused by the kernel-based feature representation
[12]. In addition, more base images are needed for

KPCA to achieve a satisfactory result, which always
leads to a more significant computational burden. With
respect to ICA, it has been shown that it led to equivalent
results to the PCA in terms of classification accuracy
[13], [14].
2) In the case of EAPs, it has been proved that ICA is more
suitable than PCA for constructing thebase images for
the EAPs [15].
In this paper, we focus on unsupervised methods, which are
data-driven, self-adaptive, and automatic, for generating base
images of MPs. A detailed comparison between unsupervised
and supervised methods is conducted in Section V-E.
Based on the aforementioned analysis, we conclude that, although a few studies exist, most of the base image construction
methods are related to traditional feature extraction (FE) techniques. A systematic investigation and a general conclusion
are lacking, especially, for EAPs. As a result, an important
objective of this work is to conduct a systematic study on the
base images used for the morphological profiles (both EMPs
and EAPs), and extend the current framework by proposing a
series of new methods, e.g., multilinear transformation [17],
and manifold learning [18]-based. As shown in Table III, the
base images considered in this study include the following
four categories.
1) Linear transformations: In this category, base images
are extracted from the hyperspectral imagery via linear
transformations. To our knowledge, the Fast-ICA [19],
CNMF [20], and the FA [21] are used to construct base
images of MPs for the first time in this work.
2) Nonlinear transformation: Since hyperspectral data exhibit intrinsic nonlinear properties [22], nonlinear transformations can also be appropriate for the construction
of base images. In this paper, two representative kernelbased transformations, KPCA [12] and KNMF [23], are
employed.
3) Manifold learning: This strategy aims to seek a manifold
coordinate system that preserves geodesic distances in
high-dimensional data space [24]. The manifold coordinate representation is able to exploit the nonlinear structure of hyperspectral imagery and hence discriminate
between spectrally similar classes [24]. Therefore, manifold learning is also a suitable strategy for producing
base images for MPs. Based on this observation, we propose to adopt two manifold transformation algorithms
for base image extraction in this work, LPP [25] and
NPE [26].
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4) Multilinear transformation: Hyperspectral data can be
naturally represented as a 3-order tensor with the joint
spatial–spectral dimensions. However, traditional FE
methods process the whole image in a vector-based
manner, which does not exploit the spatial correlation
between neighboring pixels and hence ignore the discriminative information in the image local structure. In
this context, we propose in this work to use multilinear
transformation (e.g., multilinear PCA [27]) for creating
the base images of hyperspectral imagery.
It should be noted that traditional EMPs or EAPs are built
on a single kind of base images. However, the morphological
features derived from various base images can complement
each other and contribute to the final classification based on the
multiple profiles. Consequently, another contribution of this
work is the introduction of MMPs, which integrate the MPs
(EMPs or EAPs) extracted from multiple base images. Specifically, two new strategies are introduced in this work for taking
advantage of MMPs for hyperspectral image classification.
1) Stacked MMPs: A natural way to integrate the discriminative information from the MMPs is to classify
the stacked profiles derived from multiple base images.
However, this strategy poses a great challenge to the
classifier, since the concatenation of MMPs necessarily
leads to a hyperdimensional feature space and a huge
computational burden needs to be employed for the classification process. In this work, we propose to use SVMs
[28] for interpreting the MMPs, along with LORSAL
algorithm [29], which is a recently developed classifier
with low computational complexity.
2) Decision fusion of MMPs: Another strategy for information mining from the MMPs is decision fusion, where
a series of subclassifiers are used for each category of
profiles.Then, the information from the outputs of the
subclassifiers is further integrated for the final decision.
The decision fusion is able to reduce the computational
burden for the classification of MMPs [10].
In order to provide an experimental validation of the newly
introduced approaches, we have conducted an evaluation of
three well-known public hyperspectral datasets with highspatial resolution: ROSIS, Pavia University and Centre, and
HYDICE DC Mall. The remainder of this paper is organized
as follows. Section II briefly introduces the morphological
profiles (EMPs and EAPs), followed by the FE algorithms
used for the extraction of base images in Section III. The new
techniques developed for information fusion and classification
based on the proposed MMPs are described in Section IV.
Experimental results and analysis are presented in Section V,
and Section VI concludes this study with some remarks and
hints at plausible future research.
II. M ORPHOLOGICAL P ROFILES
A. Extended MPs
Mathematical morphology is based on two fundamental
operators: erosion and dilation [30]. Morphological opening
aims to dilate an eroded image to filter out bright structures,
while morphological closing aims to erode a dilated image
to suppress dark structures. It is generally desirable that a
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reconstruction filter is implemented on these basic morphological operators in order to preserve original image structures and
suppress shape noise [31]. The opening and closing operators
have been proven to be both effective in analyzing spatial
interpixel dependence and dealing with the spatial information
for classification of high-spatial-resolution images [9], [32].
Let γ SE (I) and φSE (I) be the morphological opening and
closing with a SE [30] for an image I. MPs are defined by a
series of SEs with increasing sizes
MPγ = {MPλγ (I) = γ λ (I),

∀λ ∈ [0, n]}

MPφ = {MPλφ (I) = φλ (I),

∀λ ∈ [0, n]}

with

0

0

γ (I) = φ (I) = I

(1)

where λ represents the radius of a disk-shaped SE which is
commonly used in the literature [3], [11], [33]. MPs based on
opening/closing by reconstruction are generated from a gray
level image using a set of SEs with gradually increasing sizes,
representing the multiscale information of the image. However,
as previously stated, when dealing with hyperspectral images,
it is impractical to directly calculate the MPs for each spectral
band, since it would lead to a hyperdimensional feature space
showing a large amount of information redundancy.
In this context, EMPs [3] have been proposed for morphological FE from hyperspectral imagery. EMPs contain a
series of MPs built on the so-called base images, which
contain a few bands but represent most of the information
which is relevant for discrimination purposes in the original
hyperspectral image. EMPs can be written as
EMP = {MP(f (1)), MP(f (2)), . . . , MP(f (n))}

(2)

where f comprises a set of the n-dimensional base images.
B. Extended Morphological Attribute Profiles
Morphological attribute filters represent an adaptive morphological analysis technique which implements a series of
attribute thickening and thinning operators on connected components, according to various criteria [34]. For each connected
component, if the criterion is verified then the connected component is kept unaffected. Otherwise, the connected component might be removed (the removal is subject to the filtering
rule employed when nonincreasing attributes are considered).
APs can be expressed within the framework of MPs defined
in (1), by replacing the opening and closing operators by a
series of morphological attributes. Let us denote by γ Tλ (I)
and φTλ (I), the attribute thinning and thickening operators,
respectively. With a criterion Tλ , the APs can be written as
APγ = {APTγ λ (I) = γ Tλ (I)

∀λ ∈ [0, n]}

APφ =

∀λ ∈ [0, n]}

{APTφλ (I)

= φTλ (I)

with γ T0 (I) = φT0 (I) = I.

(3)

The morphological attributes considered in this paper involve the area of the regions, the length of the diagonal of the
bounding box, the first moment of inertia, and the standard
deviation [7]. In this way, based on the various attributes and
the multilevel criteria considered, an image can be represented
by a set of multilevel spatial and spectral features. As it was
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already the case with EMPs, when processing hyperspectral
imagery, the EAPs are generated from a series of base images
as follows:
EAP = {AP(f (1)), AP(f (2)), . . . , AP(f (n))}.

(4)

III. E XTRACTION OF BASE I MAGES
In this section, we analyze several FE methods used to
generate the base images from the hyperspectral data. The
considered methods are split into four categories, i.e., linear
transformations, nonlinear transformations, manifold learning,
and multilinear transformations.

subject to E{(wT x)2 } = 1, where the function G(·) is a
sufficiently regular nonquadratic function, and v is a standardized Gaussian variable. E{G(wT x)} is the Gaussian moment
of the data. The fast-ICA algorithm estimates the independent
components one by one using a deflation scheme [19].
b) Joint approximation diagonalization of eigenmatricesICA [36]: The JADE algorithm aims at exploiting the higher
order statistics and performing joint diagonalization on the
cumulant matrix. The optimization process can be described
by the following function [36]:



∗ Z
Off (V Qi V )
(9)
V̂ = arg min
i

A. Linear Transformations
The linear model can be defined as a linear subspace of the
original hyperspectral bands
Y = ΦT X

(5)

where X is the input data, Y is the output data, and Φ is
a transformation matrix [33]. The transformation matrix Φ
is calculated by optimizing a specific objective function. In
this study, several representative linear models are considered,
including PCA, ICA, NMF, and FA. In the following, we
briefly outline these methods.
1) Principal Component Analysis: Principal component
analysis (PCA) generates base images by analyzing the covariance matrix of the original hyperspectral images. The PCA
transformation for a hyperspectral image is achieved by
YPCA = V (X − m)
T

(6)

where the transformed component YPCA is obtained by projecting the original feature space into a subspace which contains a majority of the cumulative covariance by analyzing the
mean (m) and the eigenvector (V ) of the hyperspectral data.
PCA has been shown not to be optimal for the classification
[35]. However, from the FE point of view, PCA is able to
represent the original hyperspectral data using only a few
principal components. Therefore, it is still the most widely
used method for generating the base images for MPs.
2) Independent Component Analysis: Independent component analysis (ICA) has been adopted as a method for constructing base images for EMPs and EAPs for hyperspectral
FE [13], [15]. It is a multivariate data analysis method for
blind source separation of signals which seeks to render the
components as statistically independent as possible. The basic
model of ICA is
T
X
(7)
Y = WICA
which aims to find a separating matrix W and generate a
few independent components (ICs) by solving the statistical
independence function. Two representative ICA algorithms are
carried out in this study:
a) Fast-ICA [19]: It is a fixed-point algorithm based
on an optimization of negative entropy function. Specifically,
Fast-ICA is realized by maximizing


(8)
JG (w) = E{G(wT x)} − E{G(v)}

where V is an orthonormal transformation matrix of the
whitened data, QZ
i is a maximal set of cumulant matrices,
V̂ is the rotation matrix, and V ∗ is the generalized inverse of
V . The function Off denotes the sum of the squares of the
nondiagonal elements of a matrix.
3) Nonnegative Matrix Factorization: The NMF method,
originally proposed for human face recognition [37], is an
effective approach for multivariate data analysis. It has been
successfully applied to endmember analysis and FE for
hyperspectral imagery [38], [39]. NMF aims to transform
high-dimensional data into a low-dimensional and nonnegative
linear subspace. Given a high-dimensional observed feature
+
and a basic coefficient vectors A =
x ∈ RL×N
[a1 , a2 , . . . , ap ], a linear approximation of the data can
be described by
xi ≈ ASi ,

i = 1, . . . , N

s.t.

Si ≥ 0,

A≥0

(10)

+
RL×N

where S ∈
is the weight coefficient matrix. To solve the
nonnegative condition of NMF, different constraints can be imposed on the objective function. One natural way is to realize
min f (A, S) = X − AS.

(11)

In this study, a constrained NMF, which was recently developed for hyperspectral unmixing in our previous work [20], is
adopted here to generate the base images from hyperspectral
images. The CNMF algorithm improves the original NMF by
considering an additional spectral dissimilarity measure, which
is defined by the spectral gradient. One can refer to [20] for
additional details.
4) Factor Analysis: Factor analysis (FA) is able to search
for the possible underlying factor structure of a set of measured
variables without imposing any preconceived structures on the
outputs [21]. A factor is defined as an unobservable feature
that is assumed to influence the observed ones. The goal of
FA is to reveal such relations, and thus can be used to reduce
the feature dimension [40]. Specifically, an N -dimensional
variable X is reduced to a K-dimensional variable Z by the
following transformation:
Z = E(Z|X) = (I + ΛT Ψ −1 Λ)−1 ΛT Ψ −1 (X − μ)

(12)

where Λ and Ψ are randomly initialized, and Ψ is not singular.
μ is the mean of the N -dimensional vectors. More details
about FA can be found in [40].
The linear transformations, such as PCA or ICA, are currently the most widely used methods for generating base
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images. In this study, the NMF and FA algorithms are
considered for extracting base images for MPs for the first
time. NMF is a nonnegative part-based image representation
approach, which is appropriate for the subsequent morphological FE. FA has a potential for identification of groups
of interrelated variables and reduction of number of variables, by combining two or more variables into a single
factor [41]. Therefore, FA is consistent with the definition of
base images and it is interesting to see its performance for
generating MPs.
B. Nonlinear Transformations
Compared to the linear transformations, nonlinear methods
are capable of capturing higher order statistics and, hence,
exhibit potential to better represent the hyperspectral information. Accordingly, the KPCA has been used to generate base
images for EMPs [12], [33] and EAPs [16]. In this study, in
addition to the KPCA, the KNMF is also tested in regards to
its capacity to provide base features.
The basic principle of kernel mapping is to project the
original feature space, in which the classes of interest cannot
be linearly separated, into a higher dimensional space, in
which these classes may be linearly separated. The kernel
method realizes this nonlinear mapping via the function
K(x, y) = Φ(x) · Φ(y)

(13)

which is defined by specifying the inner product in the
feature space. The KPCA and KNMF algorithms are briefly
introduced below.
1) Kernel PCA: KPCA aims at solving the following
eigenvalue problem:
1
(14)
λv = Kv, s.t. v2 =
λ
where K is the kernel of KPCA that can convert the dot
product in the feature space to a function in the input space.
Similar to PCA, the first k principal components derived from
KPCA can be extracted according to the eigenvector ranking.
Readers can refer to [12] for details.
2) Kernel NMF: As mentioned above, NMF is an efficient
method for hyperspectral image representation. NMF has been
extended to a kernel version, KNMF, which is able to extract
nonlinear features hidden in the original data [23]. KNMF
can be derived from the framework of NMF. Given a higher
or infinite dimensional feature space, the nonlinear mapping
can be expressed by
xi → φ(xi ) or X → φ(X) = (φ(x1 ), . . . , φ(xn )).

(15)

Similar to NMF, the KNMF decomposition can be represented by φ(X) ≈ Aφ S. In the convex NMF model [56], Aφ
is restricted to a convex combination of the observed features
Aφ = xi G with negative coefficient G. Therefore, KNMF is
realized by the following objective function:
φ(X) − Aφ (S)2 = φ(X) − φ(X)GS2

= Tr φ(X)T φ(X) − 2Sφ(X)T φ(X)G

(16)
+ GT φ (X)T φ(X)GSS T .
From (16), it can be seen that the transformation depends
only on the kernel.
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C. Manifold Learning
Manifold learning seeks for an embedded nonlinear manifold within the higher dimensional space (e.g., hyperspectral
data). It is able to reduce the dimensionality of the original
data and represent its intrinsic structure by constructing nonlinear low-dimensional manifolds. Manifold learning has been
introduced for representation of the hyperspectral information
by deriving a manifold coordinate system from the geodesic
distances between pixels of the underlying nonlinear hyperspectral data manifold [24]. It should be noted that, to our
knowledge, manifold learning has not been used previously
for producing base images for MPs. Accordingly, in this paper,
two manifold algorithms, LPP and NPE, are considered.
1) Locality-Preserving Projections: LPP represents image
data by building a graph which can model the neighborhood
information [25]. It is able to preserve the local structure of the
image space by explicitly considering the manifold structure.
It is solved by optimizing a generalized eigenvalue problem

where Dii =


j

XLX T A = λXDX T A

(17)

Wij is a diagonal matrix and L = D − W is

the Laplacian matrix. The mapping achieved by transformation
A can be realized by minimizing the objective function
min

n


yi − yj 2 W (i, j)

(18)

i,j=1

where yi = AT xi and the weight matrix W is constructed via
the nearest-neighbor graph.
2) Neighborhood-Preserving Embedding: NPE is a linear
approximation ofthe locally linear embedding (LLE) [42],
which makes it fast and suitable for practical implementation.
Given a set of points x1 , x2 , . . . , xm in the ambient space, an
adjacency graph is firstly constructed to describe the relationship between neighboring pixels. The weights of the edges for
the graph are computed by minimizing the objective function

2







x
−
W
x
s.t.
Wij = 1. (19)
min 
ij j  ,
 i


j∈Nk (xj )
j∈Nk (xj )
Subsequently, the linear projection is obtained by solving
the following generalized eigenvector problem:
XMX T a = λXX T a

(20)

where M = (I − W )T (I − W ). For more details about NPE,
readers can refer to [26].
D. Multilinear Transformation
Multilinear PCA [27], which extends the original PCA by
representing the data as tensors, has been recently explored for
hyperspectral image classification [43]. The conventional PCA
vectorizes the tensor data, leading to insufficient representation
for remote sensing imagery. The MPCA that aims to extract the
hyperspectral image as a cube (third-order tensor) is, however,
more suitable for representing the spectral–spatial information
of the original data. In analogy to the PCA, MPCA is carried
out by the following steps.
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1) Centralization: A tensor sample χ is subtracted by its
mean χ̄(N ) , resulting in a centered tensor χc , which can
be decomposed using high-order SVD (HOSVD) [17]
as follows:
χc = S ×1 U (1) ×2 U (2) × · · · ×N U (N )

(21)

where S is the core tensor, U (N ) is the basic matrix,
and S ×N U (N ) is the N -mode product of a tensor S
by a matrix U .
2) Orthonormal projection: The HOSVD of χc is truncated
by keeping the first Rn columns for the basismatrix U (n)
(n)
in each mode to produce Ũ , which is associated with
the most significant eigentensors. The tensor projection
can thus be achieved by
T

T

T

P̄−N = ×1 Ũ (1) ×2 Ũ (2) × · · · ×N Ũ (N ) .

(22)

3) Dimensionality reduction: A centered input tensor Z c of
order (N − 1) is projected to a tensor subspace by

one of the specific methods for carrying out the MMPs for
classification.

ȳ = Z c × P̄−N
T

T

T

= Z c ×1 Ū (1) ×2 Ū (2) × · · · ×N Ū (N ) .

Fig. 1. General framework of this study.

(23)

For more details about MPCA, readers can refer to [17]
and [27].
IV. M ULTIPLE M ORPHOLOGICAL P ROFILES
An important objective of this study is to investigate and
assess the performance of different FE methods for the generation of base images from hyperspectral imagery. It should
be noted that one can obtain a set of MPs from multiple
base images. Considering the different principles and the
possible complementarities among these base images, it is
worth attempting to construct multiple MPs, which have the
potential to better represent the spectral–spatial characteristics
of the hyperspectral imagery.
Naturally, there are two strategies for exploiting the MMPs
for hyperspectral image classification (see Fig. 1). The first
one is to classify the stacked MMPs. In this case, it should
be noted that a linear classifier is adequate since the construction of MMPs leads to hyperdimensional data and a sparse
feature space, which has sufficient discriminative information
for classification. Nonlinear classifier, such as the kernelbased SVM, which projects the original feature space into a
higher dimensional space in order to enhance the separability,
may complicate the problem and lead to overfitting of the
classification model for the MMPs. In this study, an efficient
solution to this problem is discussed in Section IV-A. The
other strategy is to carry out a decision fusion on the MMPs,
i.e., the MMPs are individually interpreted using a set of
subclassifiers and the decision results are then synthesized
via a fusion rule. In this way, one can avoid the related
issues resulting from the classification of the hyperdimensional
feature. The aforementioned two strategies are explained in
detail as follows. It should be underlined that the contribution
of this paper refers to the concept of MMPs, but not to the
feature fusion algorithms.The stacking or decision fusion is

A. Stacked MMPs
In this work, we propose to use the multinomial logistic
regression (MLR) [44] to classify the stacked MMPs taking
into account its capability for processing hyperdimensional
data. MLR [44] as well as its sparse version SMLR (sparse
MLR) [45]–[47], modeling the class posterior densities instead of the joint probability distribution, has the advantage
of being able to adequately interpret very high-dimensional
feature spaces. The fast SMLR algorithm [48], which optimizes the applicability of SMLR to high-dimensional datasets,
has proved to be efficient for classification of hyperspectral
images [49], [50]. More recently, the LORSAL algorithm
[29] has been proposed to further significantly reduce the
complexity to learn the MLR classifier. The basic principle
of the LORSAL algorithm is to replace a difficult nonsmooth
convex problem with a set of quadratic and diagonal problems, which are much easier to solve [50]. Therefore, LORSAL is used here to interpret the hyperdimensional stacked
MMPs. For more details about LORSAL, readers can refer
to [50] and [52].
B. Decision Fusion
Decision fusion is also an efficient approach for processing
MMPs. Specifically, the morphological profiles derived from
different base images are classified separately and the final
decision result is obtained by a fusion rule. In this study, the
following three rules are used.
1) Voting: Majority voting selects the label that receives
the largest votes from a series of subclassifiers as the final
result [51]
(24)
C(xr ) = arg max (Votek (x ))
k

where C(xr ) is the decision result for pixel x and Votek (x)
is the number of votes for class k (k = 1, . . . , K).
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2) Probability: The second decision fusion strategy is
based on the posterior probabilities, which actually compares
the soft output of the L subclassifiers [10]
C(xr ) = arg max
k

L


pkl (x)

4659

TABLE IV
T EST S AMPLES FOR THE T HREE DATASETS

(25)

l=1

where pkl (x) is the posterior probability of pixel x belonging
to class k with the lth classifier.
3) Uncertainty: The certainty of the classification for each
pixel can be assessed based on its posterior probabilities
[10]. A large value of certainty signifies the classification for
the pixel is reliable. Consequently, the certainty measure can
be used as the weight of the probabilistic output in order
to enhance the reliability of the voting. By considering the
classification certainty measure S(x) for each pixel, (25) can
be extended to
L
1
Sl (x) · pkl (x)
C(xr ) = arg max
L
k
l=1

with S(x) =

K−1


[p̂k (x) − p̂k+1 (x)] ·

k=1

1
k

(26)

where p̂1 (x), . . . , p̂k (x), . . . , p̂K (x) represents the class probabilistic outputs in a descending order.
V. E XPERIMENTS
A. Datasets and Experimental Setting
The experiments are carried out using three hyperspectral
images. The first two datasets widely used hyperspectral
images for model validation, which were acquired over the city
of Pavia (Italy) by the ROSIS-03 sensor. For these datasets,
both images have a spatial resolution of 1.3 m with 115
spectral bands, ranging from 0.43 to 0.86 µm. In addition,
noisy bands were removed, leading to 103 and102 channels
for the Pavia University and Centre images, respectively. The
Pavia University dataset is composed of 610 × 340 pixels and
a total of 42 776 pixels for testing the classifiers. With respect
to the Pavia Centre image (1096 × 715 pixels), the available
test samples are148 152 in pixels.
The DC dataset was collected by HYDICE sensor in
August 1995 over the Washington, DC Mall, which originally
contained 210 bands within the 0.4–2.4 µm region. Noisy
channels due to water absorption were removed, resulting in
191 spectral channels. The image contains 1280 × 307 pixels,
with a total of 19 332 pixels available for testing the classifiers.
The number of available test samples for each dataset is
given in Table IV. The number of the training samples for
each class of ROSIS and HYDICE data is 150 and 100,
respectively. The training samples are generated randomly
from the reference. The false color images and reference maps
of the test datasets are displayed in Fig. 2.
The parameter settings are listed below.
1) The morphological filters: EMPs were calculated
using a disk SE and their radius range from 2 to
8 with step size of 1 pixel. The parameters of the
EAPs were defined according to [15]: 1) area of
the regions (λa = [ 100 500 1000 5000 ]); 2)

Fig. 2. (a) False color image for the University Area dataset. (b) False color
image for the Pavia Centre dataset. (c) False color image for the Washington
DC dataset.

length of the diagonal of the box bounding the region
(λd = [ 10 25 50 100 ]); 3) first moment of
inertia (λi = [ 0.2 0.3 0.4 0.5 ]); and 4) standard
deviation of the gray-level values of the pixels in the
regions (λs = [ 20 30 40 50 ]).

4660

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 7, NO. 12, DECEMBER 2014

TABLE V
C LASS -S PECIFIC ACCURACIES (%) OF EMP S FOR THE U NIVERSITY A REA DATASET

2) Classifier: Considering the hyperdimensionality of
MPs, linear SVM was used for classification purposes,
with penalty coeﬃcient = 1.
3) Base image construction: According to [3], [5], [6], [8],
and [10], four base images were here extracted from the
hyperspectral images since they can achieve a tradeoff
between the computational burden and classification
accuracy. The RBF kernel function was adopted for the
kernel-based methods. As suggested in [27],the number
of iterations of MPCA was set to 1.
4) Accuracy assessment: In experiments, the overall accuracy (OA), the average accuracy (AA), and the kappa
coefficient (Kappa) computed from the confusion matrix
are used to quantitatively evaluate the classification accuracies. It should be noted that all the experiments were
repeated ten times with different starting training sets
and the average accuracies are reported in Tables V–X.
B. Comparison of Methodologies for Extracting Base Images
In this section, a comparative analysis is conducted among
the MPs derived from different base images.
1) Pavia University Area: The SVM classification results
of EMPs and EAPs for the University Area are reported in
Tables V and VI, respectively. The classification maps of
different features are shown in Fig. 3. For this dataset, the
raw spectral-based classification has problems in correctly
classifying the nine information classes, resulting in an overall
accuracy of 69.9%. In particular, very low accuracies were
obtained for Trees (63.8%), Gravel (53.4%), and Bare soil
(40.4%). The exploitation of either EMPs or EAPs for classification can significantly improve the results regardless of the
specific base images used. It can be seen from Tables V and
VI that PCA is not always the optimal strategy to generate
the base images. In the case of EMPs, for instance, JADEICA and Fast-ICA gave better results than PCA in terms of
average accuracies (AA). With respect to the case of EAPs,
the JADE-ICA, FA, MPCA, and LPP outperformed PCA. Note
that the methods which produced results better than PCA are
highlighted in bold typeface.
2) Pavia Centre: The classification results of the EMPs and
EAPs for the Pavia Centre are reported in Tables VII and VIII,

respectively. Classification maps of different feature combinations are shown in Fig. 4. For this dataset, the traditional spectral classification yields satisfactory accuracies: OA = 96.9%,
AA = 90.5%, and Kappa = 0.96. Similarly, the consideration
of MPs into classification shows better results than the original
hyperspectral classification. In the case of EMPs, JADE-ICA
and Fast-ICA provided higher accuracies than PCA once
again. In addition, it can be seen that CNMF, KPCA, MPCA,
and LPP also outperformed PCA. In the case of EAPs, PCA
seems the most appropriate base images since it gave the
highest AA (96.3%) and OA (98.9%). Note that, however,
Fast-ICA achieved similar results with PCA (AA = 96.3% and
OA = 98.8%).
3) Washington DC: The classification results for the HYDICEDC data are reported in Tables IX and X, with classification maps shown in Fig. 5. The pixelwise classification
accuracies based on the original hyperspectral image are
OA = 88.4%, AA = 84.9%, and Kappa = 0.86. Similarly,
the original spectral classification was substantially improved
by taking the morphological profiles into account, especially
for the classes of roads, trails, and shadows. In the EMPsbased classification, the highest accuracy was achieved by the
MPCA (AA = 98.9%), while PCA ranked the second place,
followed by KPCA and Fast-ICA. As for the EAPs-based
experiment, the JADE-ICA and Fast-ICA provided the best
results in terms of quantitative accuracies, followed by the
MPCA. Furthermore, FA, KNMF, and NPE outperformed the
PCA base images.
The percentage of improvement for the AA obtained by the
MPs-based classification compared to the raw spectral-based
classification is shown in Fig. 6 for a visual comparison. The
performance of the different methods considered in this study
to extract base images is generally summarized in Table XI,
where the base image construction methods which outperformed PCA in terms
√ of AA in experiments are underlined
using the symbol “ .” It is interesting to see that the JADEICA and MPCA, used to produce base images for MPs,
achieved better classification results than PCA in four of the
six experiments. In addition, the Fast-ICA gave comparable
results since it outperformed PCA in half of the experiments.
Moreover, in order to further investigate their performance,
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TABLE VI
C LASS -S PECIFIC ACCURACIES (%) OF EAP S FOR THE U NIVERSITY A REA DATASET

TABLE VII
C LASS -S PECIFIC ACCURACIES (%) OF EMP S FOR THE PAVIA C ENTRE DATASET

TABLE VIII
C LASS -S PECIFIC ACCURACIES (%) OF EAP S FOR THE PAVIA C ENTRE DATASET

all the base images are ranked from one to ten in terms
of their accuracies achieved in the six experiments, and the
final score (Table XI) is computed as the average ranking
in all the tests. Accordingly, a smaller ranking score infers
that this base image is more appropriate for MPs-based image

classification. Table XI shows that the top three base images
are MPCA (score = 2.8), Fast-ICA (score = 3.2), JADE-ICA
(score = 3.3), respectively, significantly outperforming PCA
(score = 4.2). In addition, the average AA for each method
across different datasets is reported in the table. Similarly, the
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TABLE IX
C LASS -S PECIFIC ACCURACIES (%) OF EMP S FOR THE WASHINGTON DC DATASET

TABLE X
C LASS -S PECIFIC ACCURACIES (%) OF EAP S FOR THE WASHINGTON DC DATASET

Fig. 3. SVM classification results for (a) the 103-D hyperspectral image of University area; (b) Fast − ICA + EMPs; (c) JADE − ICA + EAPs; and
(d) the ground truth map.

MPCA obtains the highest accuracy (94.20%), followed by
JADE-ICA (94.18%) and Fast-ICA (94.03%), which outperform PCA (93.82%).
Traditional base images are extracted from the original
hyperspectral space in a vector-based manner, with each
vector representing the spectral information at a certain location. Such methods do not effectively take advantage of

the spectral–spatial correlation between neighboring pixels.
However, the multilinear PCA, which aims to process the
hyperspectral image as a cube (third-order tensor), is more
capable of representing the spectral–spatial information in the
original data. As revealed in this experiment, MPCA is the
optimal approach for generating base images of the MPs for
the subsequent spectral–spatial classification. In addition, it is
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Fig. 4. SVM classification results for (a) the 103-D hyperspectral image of University area; (b) Fast − ICA + EMPs; (c) PCA + EAPs; and (d) the ground
truth map.

Fig. 5. SVM classification results for (a) the 103-D hyperspectral image of University area; (b) MPCA + EMPs; (c) Fast − ICA + EAPs; and (d) the
ground truth map.

found that ICA methods are more appropriate than PCA for
producing base images. This phenomenon can be attributed to
the fact that ICA, making use of statistical independency as a
criterion to separate components, has a potential for avoiding

the information loss in the PCA transformation. As for the
manifold leaning, it is shown that LPP is better than NPE in
terms of the classification accuracies and the ranking scores,
but generally speaking, they did not achieve comparable results
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Fig. 6. Percentage of improvement for the AA obtained by the MPs(APs)based classification methods compared to the raw spectral-based method.

to PCA. This result can be attributed to the fact that, in most
cases, the intrinsic dimensionality of the data is very high [54].
Consequently, the manifold transformation could not provide
better results than PCA with low-dimensional base images.
C. Impact of the Number of Training Samples
In order to investigate the impact of the number of training
samples to the classification, four groups of training samples
are used in the University dataset: 25, 50, 75, and 150 pixels
for each class. The classification accuracies based on different
base images, as a function of the number of samples, are
compared in Fig. 7. In general, the accuracies are relatively
insensitive to the number of training samples, especially for
the EAPs. It can be observed that the MPCA as well as the
ICA achieve high accuracies in most of the cases regardless
of the number of training samples. This is consistent with the
results in the aforementioned experiments.
D. Analysis of MMPs
The accuracies of MMPs are provided in Table XII. The
three most effective methods for extracting base images
(MPCA, JADE-ICA, and Fast-ICA) and their respective MPs
were used to build the MMPs. From the table, it can be
seen that the performance of the MMPs is dependent on the
morphological features used.
In the case of the decision fusion of EMPs, the MMPs did
not produce better results than the best available individual
base images. For instance, the AA decreased by about 0.6%
and 2.4% in average for the Pavia University and Washington
datasets, respectively. However, the situation is quite different
in the case of EAPs, where the accuracies obtained by MMPs
were higher than those obtained by the best available base images, and the improvements in terms of AA were 1.9%, 2.2%,
and 1.1% on average, respectively, for the Pavia University,
Centre, and Washington datasets. Considering the fact that the

classification accuracies based on individual MPs are already
quite high, the accuracy increments obtained by the MMPs
are promising. With respect to the fusion methods, it is shown
that the probability and uncertainty algorithms are better than
the majority voting methods.
Considering the stacked MMPs, it can be seen that the accuracies obtained by the EAPs are also higher than the accuracies
obtained by the EMPs in all the experiments. It can be stated
that the EAPs show much better discriminative ability than
EMPs for hyperspectral urban classification. Accordingly, the
analysis here focuses on the EAPs. In general, the LORSAL
classifier outperforms the linear SVM in all the three datasets
for interpreting the MMPs, which verifies the efficiency of the
LORSAL classifier for processing hyperdimensional data.
Generally speaking, the MMPs based on the EMPs gave
similar accuracies as those achieved by the best available base
images. The MMPs based on the EAPs, however, provided
better or comparable results than the EAPs extracted from individual base images. Both decision fusion and stacked strategies
are effective in synthesizing and classifying the hyperdimensional feature of MMPs. In particular, it is found that the sparse
multinomial logistic regression optimized with the LORSAL
algorithm is a very efficient scheme for classifying the MMPs.

E. Comparisons
In this paper, our focus is mainly on the use of unsupervised FE strategies for generating base images for MPs.
A particular feature of such unsupervised methods is that
they are data-driven and self-adaptive. On the other hand,
however, the effectiveness of supervised FE methods highly
relies on the chosen samples. Moreover, supervised methods
tend to significantly increase the feature dimensionality of the
MPs, since the commonly used supervised FE methods, e.g.,
DAFE (discriminant analysis feature extraction), DBFE (decision boundary feature extraction), and NWFE (nonparametric
weighted feature extraction) [55], need approximately 20 base
images to effectively represent a hyperspectral image. This
will lead to a hyperdimensional and redundant MPs feature
space. Instead, with respect to the unsupervised methods, it is
found that only four base images are generally effective for
building the MPs.
In Table XIII, we compare the performance of unsupervised
and supervised FE methods as base images for classification
based on EAPs. Readers can refer to [55] for a detailed explanation of the parameter settings for the supervised methods.
It is shown that some unsupervised FE methods have the
potential to provide better results than the supervised ones.
In addition, the MMPs constructed on the multicomponent
base images can further increase the classification accuracy
by about 3%. It should be kept in mind that a large amount of
training samples are needed for the supervised methods, while
the unsupervised ones are carried out automatically and are
adaptive to the specific image data. The supervised strategies
may be less effective in many practical scenarios (especially
when dealing with large datasets), since the labeled samples
might not be sufficient for properly and completely modeling
the heterogeneity of the data [55].
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TABLE XI
G ENERAL C OMPARISON OF BASE I MAGE C ONSTRUCTION M ETHODS

Fig. 7. Classification accuracies (in percentage) for different training sample sizes (Pavia University dataset).
TABLE XII
ACCURACIES OF MMP S FOR THE T HREE H YPERSPECTRAL DATASETS (“O PTIMAL” I NDICATES THE ACCURACIES O BTAINED BY THE B EST
AVAILABLE BASE I MAGES )

TABLE XIII
C OMPARISON B ETWEEN U NSUPERVISED AND S UPERVISED FE M ETHODS FOR P RODUCING THE BASE I MAGES FOR EAP S U SING THE PAVIA
U NIVERSITY DATASET
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VI. C ONCLUSION AND F UTURE L INES
In this study, a systematic investigation of techniques for
producing base images for the construction of morphological
profiles is conducted, and a novel technique based on MMPs
extracted from multicomponent base images is proposed. The
main contributions of this work can be summarized as follows.
1) A systematic study of different techniques for the construction of base images for MPs was carried out, including methods that were never considered for this purpose
in previous developments. Specifically, we considered
methods in four categories: linear, nonlinear, manifold
learning, and multilinear transformations. For instance,
the multilinear PCA and manifold learning algorithms
are used for the first time in this work to generate base
images for MPs.
2) A new concept of MMPs was proposed for integrating
the MPs derived from multiple base images since the
multicomponent base images have the potential to provide more effective spectral–spatial representations for
hyperspectral images. This multicomponent framework
represents a unique contribution of this work.
Extensive experiments were performed using three widely
used hyperspectral images with high-spatial resolution. Some
important observations resulting from our study can be summarized as follows.
1) The MPCA, a tensor-based feature representation approach, is the most suitable strategy for generating base
images in terms of classification accuracies because it is
able to effectively model the spectral–spatial correlation
between neighboring pixels.
2) The ICA-based algorithms (JADE-ICA and Fast-ICA
in this study) are also more effective in producing
base images in terms of accuracies than the traditional
strategy, i.e., PCA.
3) Manifold learning methods did not outperform PCA
in our experiments, mainly because they need higher
dimensionality of the feature space to represent the data
manifold for hyperspectral images of complex scenes.
4) The proposed MMPs can further improve the classification accuracy as compared to the result achieved
by the most effective base images when using EAPs.
Moreover, the decision fusion and stacking strategies
are effective for integrating the information of MMPs for
hyperspectral image classification. In particular, the proposed LORSAL-based sparse classifier can efficiently
classify the hyperdimensional space of MMPs.
In summary, it can be concluded that the newly introduced
MMP represents a promising method for MPs-based hyperspectral image classification. In the future, we plan to discuss
the influence of different base images for other spectral–
spatial classification, e.g., texture or object-based methods, as
well as to develop computationally efficient implementations
of the newly developed approaches using high-performance
computing architectures.
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[44] D. Böhning, “Multinomial logistic regression algorithm,” Ann. Inst. Stat.
Math., vol. 44, no. 1, pp. 197–200, Mar. 1992.
[45] M. A. T. Figueiredo, “Adaptive sparseness for supervised learning,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 25, no. 9, pp. 1150–1159,
Sep. 2003.

4667

[46] B. Krishnapuram, L. Carin, and A. Hartemink, “Joint classifier and
feature optimization for cancer diagnosis using gene expression data,”
in Proc. Int. Conf. Res. Comput. Mol. Biol., 2003, pp. 167–175.
[47] B. Krishnapuram, A. Hartemink, L. Carin, and M. Figueiredo, “A
Bayesian approach to joint feature selection and classifier design,” IEEE
Trans. Pattern Anal. Mach. Intell., vol. 26, no. 9, pp. 1105–1111,
Sep. 2004.
[48] J. Borges, J. Bioucas-Dias, and A. Marçal, “Fast sparse multinomial
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