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Abstract—Supervised classification plays a key role in terms
of accurate analysis of hyperspectral images. Many applications
can greatly benefit from the wealth of spectral and spatial infor-
mation provided by these kind of data, including land-use and
land-cover mapping. Conventional classifiers treat hyperspectral
images as a list of spectral measurements and do not consider
spatial dependencies of the adjacent pixels. To overcome these
limitations, classifiers need to use both spectral and spatial
information. In this paper, a framework for automatic spectral-
spatial classification of hyperspectral images is proposed. In order
to extract the spatial information, Extended Multi-Attribute
Profiles (EMAPs) are taken into account. In addition, in order
to reduce the redundancy of features and address the so-called
curse of dimensionality, different supervised feature extraction
techniques are considered. The final classification map is provided
by using a Random Forest classifier. The proposed automatic
framework is tested on two widely used hyperspectral data sets;
Pavia University and Indian Pines. Experimental results confirm
that the proposed framework automatically provides accurate
classification maps in acceptable CPU processing times.

Index Terms—Hyperspectral Image Analysis, Extended Multi-
Attribute Profile (EMAP), Random Forest Classification, Super-
vised Feature Extraction.

I. INTRODUCTION

HYPERSPECTRAL imaging instruments are now able to
capture hundreds of spectral channels from the same

area on the surface of the Earth. By providing very fine
spectral resolution with hundreds of (narrow) bands, accurate
discrimination of different materials is possible. In parallel,
thanks to recent advances in hyperspectral technology, the
spatial resolution of the sensors is becoming also finer, which
allows for a detailed characterization of spatial structures in
the scene.

Supervised classification techniques play a key role in
the analysis of hyperspectral images and a wide variety of
applications can be handled by successful classifiers in the lit-
erature [1], including: land-use and land-cover mapping, crop
monitoring, forest applications, urban development, mapping,
tracking and risk management.

In the spectral domain, each spectral channel is consid-
ered as one dimension. By increasing the dimensionality in
the spectral domain, theoretical and practical problems arise.
Some of these problems are related to the curse of dimen-
sionality, which is related to the unbalance between the (high)
dimensionality of the input data and the (often limited) num-
ber of training samples used in the supervised classification

process [2]. In [3], Landgrebe shows that too many spectral
bands can be undesirable from the standpoint of expected
classification accuracy. In other words, when the number
of spectral bands (dimensionality) increases, with a constant
number of training samples, the accuracy of the statistics
estimation decreases. The aforementioned issue demonstrates
that there is an optimal number of bands and that (given
an available set of training samples) more features do not
necessarily lead to better results. Therefore, feature reduction
techniques may lead to better classification accuracies [4].

Conventional classifiers treat hyperspectal images as a list
of spectral measurements with no particular arrangement [5],
and do not consider spatial dependencies of adjacent pixels.
In other words, conventional techniques classify images only
based on their spectral information alone. Therefore, these
approaches discard information associated with the spatial
correlations among distinct pixels in the image. In order to
address the aforementioned issue, the consideration of both
spectral and spatial information has been widely explored in
the literature [6]. In addition, spatial information can provide
additional information related to the shape and size of dif-
ferent structures, which generally leads to better classification
accuracies and classification maps.

Two strategies are commonly used in order to charac-
terize spatial information; crisp neighborhood system and
adaptive neighborhood system. While the first one mostly
considers spatial and contextual dependencies in a predefined
neighborhood system, the latter is more flexible and it is
not confined to a given neighborhood system. One way for
extracting spatial information with crisp neighborhood is to
consider Markov Random Field (MRF) modeling. MRF is a
family of probabilistic models that can be described as a 2-
D stochastic process over discrete pixel lattices [7]. There is
extensive literature on the use of MRFs in classification, such
as [8, 9]. However, the main disadvantages of considering a
set of crisp neighbors are that i) the standard neighborhood
system may not contain enough samples, which decreases the
effectiveness of the classifier (in particular, when the input data
set is of high resolution and the neighboring pixels are highly
correlated [6]); and ii) a larger neighborhood system leads to
computationally intractable problems [6]. In order to address
the aforementioned issues, adaptive neighborhood systems
can be taken into consideration. A possible way to develop
adaptive neighborhood systems is to use different types of
segmentation methods. Image segmentation is a procedure
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which can be used to modify the accuracy of classification
maps [10]. To make such an approach effective, an accurate
segmentation of the image is needed [11]. Several works have
previously explored the extraction of spatial information using
segmentation techniques (e.g., [12], [13] and [14]). Another
set of methods which can extract spatial information by
using adaptive neighborhood systems relies on morphological
filters. Pesaresi and Benediktsson [15] used morphological
transformations to build a so-called Morphological Profile
(MP). In [16], the MP was used to handle hyperspectral images
and named Extended MP (EMP) in this context. Attribute
Profiles (APs) constitute another extension of the concept of
MP, and provide a multilevel characterization of an image
by the sequential application of morphological attribute filters
which model different specifications of the structural infor-
mation contained in the scene [17]. APs provide a powerful
tool to increase the discrimination of different classes [17],
[18]. However, there are two main difficulties associated with
the concept of EMAP, including: i) how to establish which
attributes lead to a better discrimination for different classes,
and ii) how to determine which values should be considered
in order to initialize each AP.

In this paper, a new fully automatic approach is proposed
for accurate classification of hyperspectral images. Although
the presented framework can be also used for classification of
multispectral images with coarser spectral resolution, it is used
here for spectral-spatial classification of hyperspectral images.
In order to extract the spatial information, Extended Multi-
Attribute Profiles (EMAP) [17] are automatically generated by
the proposed framework. In order to reduce the redundancy of
the data and address the so-called curse of dimensionality,
different supervised feature extraction techniques are also
included in the proposed framework. The final classification
map is provided by a Random Forest (RF) classifier [19] [20].
In order to handle high dimensional data, RF and SVM have
been widely considered as the most powerful classifiers since
they are robust when handling high dimensional data with a
limited number of training samples. Both the SVM and RF
classifiers are comparable in terms of classification accuracies
and have been widely used for the purpose of hyperspectral
image classification. However, while both methods are shown
to be effective classifiers for non-linear classification problems,
SVM requires a computationally demanding parameter tuning
process in order to achieve optimal results, whereas RF does
not require such a tuning process. In this sense, RF is faster
than SVM. In this paper, our main objective is obtaining good
classification accuracies in an acceptable CPU processing time.
In addition, several studies such as [21] have reported that
Hughes phenomenon [2] is more evident when the number
of dimensions is high and the data are classified by SVM
instead of RF. The proposed approach is tested using two well-
known data sets collected by the Reflective Optics Spectro-
graphic Imaging System (ROSIS) over the city of Pavia, Italy,
and by the Airborne Visible Infra-Red Imaging Spectrometer
(AVIRIS) over the Indian Pines region in northwestern Indiana.
The experimental results confirm that the presented framework
is able to classify hyperspectral images efficiently both in
terms of classification accuracies and CPU processing time. It

Fig. 1. A flowchart of the proposed framework.

should be noted that the proposed approach is fully automatic
and there is no need to initialize any parameters empirically.
The main contribution of this paper compared to other works
on EMAP is that, in most of previous works, the EMAP
is built using an unsupervised feature extraction approach
such as Principal Component Analysis (PCA), Independent
Component Analysis (ICA) and Kernel PCA, while in this
work we explore the use of supervised feature extraction for
this purpose. Another main difference is concerned with the
automatic nature of our approach in the sense that, in previous
works, threshold values for making EMAP needed to be
initialized manually while, in the present framework, a general
range of parameter values is used to make the parameter
selection automatical. Another important difference is that, in
most previous works, the outcome of the attribute profile is
directly used for classification, while in our framework we
use a second feature extraction strategy prior to classification.
As will be shown by the present contribution, the results of
the second feature extraction step are used for classification
purposes by our proposed framework, with concatenating
features of both feature extraction steps in one vector and then
performing the classification step.

This remainder of the paper is organized as follows: the
proposed framework is discussed in Section II. Section III
is devoted to validating the framework via extensive experi-
mental results. Section IV outlines the main conclusions and
provides hints at plausible future research lines.

II. FRAMEWORK

In the proposed framework, supervised Feature Extraction
(FE) is first performed on the input data and the first features
with cumulative eigenvalues above 99% are retained. In the
case of Discriminant Analysis Feature Extraction (DAFE),
the criterion is related to the size of the eigenvalues of the
scatter matrices. In the case of Decision Boundry Feature
Extraction (DBFE), it is related to the size of the eigenvalues
of the decision boundary feature matrix. Let us consider ζϕ
as the output of this step. Then, EMAPs are built on the
first few features and the resulting features are concatenated
into one stacked vector. In order to reduce the redundancy
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of the stacked vector, a supervised feature extraction step
is performed once again. Let ζω be the output of this step.
The final classification map is provided by performing RF
classification on the stacked vector; ζ = [ζϕ, ζω]

T . Fig. 1
illustrates the proposed framework by a flowchart. In the
following, the individual parts of the proposed framework will
be discussed in detail.

A. Feature Extraction (FE)

FE consists of finding a set of vectors that represent
an observation while reducing its dimensionality. Feature
extraction techniques can be grouped into two categories;
unsupervised approaches and supervised approaches where
the former is used for the purpose of data representation
and the latter is considered for overcoming the Hughes
phenomena and reducing the redundancy of data in order
to improve classification accuracies. PCA is an example
of unsupervised feature extraction. PCA does not find
optimum feature sets in the sense of class discrimination
and discards class specific information. Therefore, for image
classification, supervised feature extraction may lead to
higher classification accuracies. From one point of view,
supervised feature extraction techniques can be split into
two categories; parametric and non-parametric. The main
disadvantages of non-parametric feature extraction techniques
is that they do not have an assumption on the underlying
density functions in the data. Therefore, feature extraction
for non-parametric classifiers is often not feasible or very
time consuming. On the contrary, although the computation
cost of non-parametric classifiers is often much larger than
that of parametric classifiers, there are some cases where
the use of non-parametric feature extraction is desirable. For
example, if the underlying densities are unknown or problems
involve complex densities, which cannot be approximated
by a common parametric density functions, the use of a
non-parametric classifier is important [22]. In this work, two
approaches are considered for supervised FE: DAFE and
DBFE. Below, the considered supervised feature extraction
techniques are briefly explained.

1) DAFE: This approach is widely used for dimension
reduction in classification problems [23]. Since, DAFE uses
the mean vector and the covariance matrix of each class,
it is considered as supervised feature extraction. In DAFE,
within-class, between-class and mixture scatter matrices
are usually considered as the criteria for class separability.
DAFE is fast and works well when the distribution of the
data is normal. Otherwise, the performance of DAFE may
not be satisfactory. Another problem associated with this
method is that if the difference in the class-mean vectors
is small, the feature chosen may not be reliable. Similarity,
if one class-mean vector is very different from others, its
class will dominate the others in the computation of the
between-class covariance matrix [24]. As a consequence, the
feature extraction process may be ineffective. In addition,
DAFE performs the computations with full dimensionality,
which requires a large number of training samples in order to

accurately estimate parameters. A main shortcoming of DAFE
is that DAFE is not full rank and its rank is at maximum
L-1 where L is the number of classes. Let us assume that the
rank of the within-class scatter matrix is u; in this case only
min(L − 1, u) features are selected by using DAFE. Since
the complexity of the data in real scenarios could be quite
high, using only L − 1 features may not be enough to fully
characterize the data.

2) DBFE: This method was proposed in [25] where it
was shown that both discriminantly informative and redundant
features can be extracted from the decision boundary between
two classes. The features are extracted from the Decision
Boundary Feature Matrix (DBFM). In order to obtain the same
classification accuracy as in the original space, keeping the
eigenvectors of the decision boundary feature matrix corre-
sponding to nonzero eigenvalues is crucial. The performance
of this method does not deteriorate even when there is no
difference in the mean vectors or covariance matrices. It
should be noticed that this approach does not rely on the
number of classes in the same way as DAFE. The efficiency
of DBFE is highly dependent on the quality and number of
training samples, which is not desirable. Another shortcoming
of DBFE is that it can be computationally intensive.

B. EMAP

Mathematical Morphology [26–29], is a well established
framework which provides operators able to high-quality
spatial features. Fundamental mathematical morphology
operators, such as Erosion and Dilation (and their
combinations: opening and closing) examine the geometrical
structures in the image by matching them to small patterns,
called Structuring Elements. Depending on the shape and
size of the Structuring Element, undesirable effects can occur
in the filtered image; in particular, geometrical characteristics
of the structures can be distorted or completely lost. In this
work, morphological operators are considered which perform
transformations by reconstruction, a class of connected filters
[30]. Specifically, they act on connected components, i.e., flat
regions of a gray scale image, which are either completely
removed or preserved according to their interaction with the
Structuring Element adopted by the transformation.

1) Attribute filters based on tree representation: Attribute
Filters [31] are flexible operators that can perform a simplifi-
cation of a grayscale image driven by an arbitrary measure
which can be related to characteristics of regions in the
scene such as the scale, shape, contrast etc. Improvements
in terms of capability in modeling the spatial information
are achievable since these operators are not based on fixed
Structuring Elements and the image transformation is only
computed by merging its connected components. The idea
is to extract different types of information, represented by
the attributes, from different flat regions, i.e., parts of the
scene with the same gray levels. Attribute Filters are efficiently
implemented with an equivalent representation of the image
as a tree [32].
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In particular, a thresholding operation of all the mapped
values present in the image f , results in upper and lower
level sets which are connected components (i.e., flat zones)
that can be grouped in the following sets:

• U(f) = {X : X ∈ CC([f ≥ λ]), λ ∈ Z},
• L(f) = {X : X ∈ CC([f < λ]), λ ∈ Z},

with CC(f) being the connected components of the generic
image f . There is an inclusion relationship [33] between
the connected components extracted by both the upper or
lower level sets (belonging to U(f) or L(f), respectively).
This property allows for the association of a node in the tree
to each connected component and thus represent the image
as a hierarchical structure: the max-tree and min-tree [32]
structures represent, respectively, the components in U(f)
and L(f) with their inclusion relations by the thresholding
operations. Attribute filters are shape preserving, since they
never introduce new edges in an image [32], and operate on
regions according to the result of a binary predicate P . In
particular, the filtering criteria usually determine whether the
value of an attribute α of a given connected component CC
verifies a predicate: P = α(CC) ≥ λ with {α(CC), λ} ∈
R or Z, where λ is a threshold value. When attribute filters
are applied to the tree representation of the image, the
operator leads to a pruning of the tree by removing the nodes
whose associated regions do not fulfill P . Two different
filtering approaches have been proposed: pruning the tree
by removing whole branches, and pruning by not removing
all the branches [34]. Attributes can be purely geometric
(e.g., area, length of the perimeter, moment of inertia) or
textural (e.g., standard deviation, entropy). A very detailed
characterization of features is usually obtained.

2) Attribute Profiles: The spatial features can be derived in
different ways such as with Gray-Level Co-occurrence Matrix
(GLCM), Differential Morphology Profiles (DMPs) or Urban
Complexity Index (UCI) [35]. Here we propose to use EMAPs
instead of GLCM, DMPs and UCI. The use of EMAPs based
on mathematical morphology concepts exhibit some desirable
features in the context of hyperspectral image classification.
Specifically, they offer a very flexible approach since they can
perform the processing based on many different types of at-
tributes. In fact, the attributes can be of any type. For example,
they can be purely geometric, or related to the spectral values
of the pixels, or on different characteristics. Furthermore, an
efficient implementation based on tree representation has been
used. In summary, EMAP offer a different strategy to include
spatial information when compared to GLCM or UCI.

The spatial information belonging to different features
present in very high resolution data can be efficiently exploited
by considering a multilevel approach based on morphological
Attribute Filters. In particular, APs define a general set of
profiles which take advantage of the flexibility of the Attribute
Filters in order to better investigate the scene. According to
the type of the criteria (increasing, non-increasing), Attribute
Profiles are defined differently. In the case of increasing at-
tributes, the attribute profile is a sequence of attribute openings

and closings which include morphological opening and closing
profiles by reconstruction [36]. On the other hand, when
dealing with increasingness criteria, attribute thinning and
thickening over a multi-level approach is applied. The result is
the obtained attribute thinning and thickening profiles, which
perform a multi-level analysis of the image based on attributes
(represented by ordered criteria) not necessary related to the
scale of the structures of the image.

APs can be therefore regarded as more effective filters
than Morphological profiles; this is because the latter perform
a partial characterization of the objects in the scene as
a consequence of the fact that Structuring Elements are
intrinsically unsuitable to describe features related to the
graylevel characteristic of the region. Another considerable
advantage is that attribute profiles are computed according
to an effective implementation based on max-tree and
min-tree representations, which lead to a reduction of the
computational load when compared with conventional profiles
built with operators by reconstruction.

3) Extended Attribute Profiles: Since hyperspectral sensors
collect information in several spectral bands, EAPs which
are based on morphological attribute filters are adopted in
order to perform the analysis of hyperspectral high resolution
images. The extension to multi-valued images is not a trivial
task; morphological operators compute their function in a
different domain which becomes a subset of the multivariate
domain where the ordering of the mapped vector values is
not defined anymore. The EAPs rely on the application of the
APs to hyperspectral data and they are simply defined as [36]:

EAP = {AP (PC1), AP (PC2), ..., AP (PCc)}, (1)

where PC name denotes a principal component obtained
after applying principal component analysis (PCA) [37].
As mentioned before, PCA does not find optimum feature
sets in the sense of class discrimination and discards class
specific information. Therefore, for image classification,
supervised feature extraction leads to higher classification
accuracies since such approaches provide optimal features
with respect to class specific information. The EAP includes
in its definition the extended morphological profile since the
operators by reconstruction can be viewed as a particular
set of morphological attribute. Since the modeling of spatial
features is performed by attribute filters, this approach leads
to a great flexibility, and the computation of the filters on
the max-tree structure reduces the computational complexity
with respect to EMP since the tree is built once for each
principal component and filtered multiple times, according to
the required number of levels.

4) Extended Multi-Attribute Profiles: Attribute Profiles
extract efficently spatial features by considering different
attributes; for this reason, EMAPs merges different EAPs in
a single data structure [36]:

EMAP = {EAPa1 , EAP
′
a2
, ..., EAP ′am

)}. (2)
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Since the dimensionality of the features is increased, the
EMAP has much greater capabilities in extracting spatial
information than a single EAP but, at the same time, the
computational cost of processing these features is slightly
higher since the max-tree and min-tree are computed only
once for each PC and they are filtered with different attributes
at different levels.

5) Automatic framework: Now an automatic framework is
introduced in order to solve issues such as the automatic
selection of the attributes that lead to a best possible discrim-
ination between the classes, or the automatic identification
of the most appropriate values to initialize each AP. Fig. 2
shows the general idea of the automatic framework for the
construction of EMAPs. While the APs can be constructed by
using a wide variety of attributes, in the automatic framework
only the area and standard deviation attributes are used, since
the aforementioned attributes can be adjusted in an automatic
way and are well-related to the object hierarchy in the images.
The standard deviation is adjusted with respect to the mean
of the individual features, since the standard deviation shows
dispersion from the mean [21]. Therefore, λs is initialized so
as to cover a reasonable amount of deviation in the individual
feature, which is mathematically given by

λs(Fei) =
µi

100
{σmin, σmin + δs, σmin + 2δs, ..., σmax},

(3)
where Fei denotes the ith feature obtained by a supervised
FE. µi is the mean of the i-th feature and σmin, σmax and
δs are 2.5, 27.5 and 2.5 percent, respectively, which leads
to 11 thinning and 11 thickening operations. It should be
noticed that the above-mentioned parameters have been tested
on other well-known data sets with different spatial resolution
in [18] and results confirm that these parameters are data set
distribution independent and can provide excellent results in
terms of classification accuracies.

With regard the adjustment of λa for the area attribute, the
resolution of the image should be taken into account in order
to construct the EAP [18]. The automatic construction of the
attribute area is accomplished by the following expression:

λa(Fei) =
1000

υ
{amin, amin + δa, amin + 2δa, ..., amax},

(4)
where amin and amax are initialized by 1 and 14, respectively,
with a stepsize increase of δa equal to 1. The EAP for the area
attribute includes 14 thinning and 14 thickening operations
for each feature. Each level is provided in square meters by
considering the resolution of the image υ in meters. Each
profile covers structures in the range of 1000 to 14000 m2,
which might be a reasonable range of sizes for different
structures in both urban and rural cases in remote sensing
images [18]. However, different ranges can be considered for
different applications.

Regarding (3) and (4), the used parameters have been tested
on other well-known data sets with different spatial resolutions
in [18] and results confirm that these parameters are data
set distribution independent and can provide excellent results
in terms of classification accuracies. In other words, those

parameters do not need to be tuned for different data sets with
different spatial resolutions. In the introduced framework, one
only needs to establish a range of parameter values in order to
automatically obtain a classification result with high accuracy
for different data sets. It turns out that the used parameter
ranges have been tested on other well-known data sets with
different spatial resolutions, such as the ones described in [18],
and the obtained results confirm that these parameters are data
set independent. In other words, those parameter ranges can
be fixed for different data sets with different spatial resolution.
In [38], it was shown that the automatic scheme with only
two attributes (area and standard deviation) can provide results
comparable with a manual scheme with four attributes in terms
of classification accuracy and CPU processing time.

C. Fusion of extracted features via vector stacking

As indicated in Fig. 1, the input data are transformed by
a supervised FE and only the first few features are used in
order to reduce redundancy in the data while keeping most
of the data variance. Then, the EMAP is computed by using
only the first effective features that correspond to 99% of the
eigenvalues.

Let ζϕ be the set of features retained. Then, MAP is
performed on each feature of ζϕ and the output features are
concatenated into one stacked vector. In order to address the
so-called curse of dimensionality and reduce the redundancy
of the stacked vector, a supervised feature extraction step
is performed once again. Let ζω be the output of this step
consisting of the features with cumulative eigenvalues above
99%. The final classification map is achieved by performing
RF classification on the stacked vector; ζ = [ζϕ, ζω]

T .

D. Random Forest (RF)

RF was first introduced in [19]. It is an ensemble method
for classication and regression. Ensemble classiers get their
name from the fact that several classiers are trained and
their individual results are then combined through a voting
process. For the classification of an object from an input
vector, the input vector is run down each tree in the forest.
Each tree provides a unit vote for a particular class and the
forest chooses the classication having the most votes. Based
on [20], the computational complexity of the RF algorithm is
cT
√
MNlog(N) where c is a constant, T denotes the number

of trees in the forest, M is regarded as the number of variables
and N is the number of samples in the data set. It is easy to
infer that RF is not computationally intensive but demands a
considerable amount of memory, since it is necessary to store
an N × T matrix in the process. RF has several advantages,
such as the capacity to provide good classification accuracies,
and to handle many variables. Another advantage of the RF
classifier is that it is insensitive to noise in the training samples.
In addition, RF provides an unbiased estimate of the test set
error as trees are added to the ensemble, with almost no
sensitivity to overfitting issues.
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Fig. 2. Automatic Framework for the construction of EMAPs. First, a supervised Feature Extraction (FE) step is performed on the input data and the first
features with cumulative eigenvalues above 99% are kept. Then, Extended Morphological Attribute Profiles (EMAPs) are built for the first few features and
the output features are concatenated into one stacked vector.

Fig. 3. The ROSIS-03 Pavia University data set. a) False color image; b)
training samples, c) test samples, each color represents a specific information
class. The information classes are listed in Table I.

III. EXPERIMENTAL RESULTS

A. Data Description

Two hyperspectral data sets were used in experiments. They
are described below.

1) Pavia University: The first test case is a hyperspectral
data set captured on the city of Pavia, Italy by the ROSIS-03
(Reflective Optics Spectrographic Imaging System) airborne
instrument. The ROSIS-03 sensor has 115 data channels with
a spectral coverage ranging from 0.43 to 0.86 µm. The data
have been corrected atmospherically, but not geometrically.
The spatial resolution is 1.3 m per pixel. The data set covers
the Engineering School at the University of Pavia and consists
of different classes including: trees, asphalt, bitumen, gravel,
metal sheet, shadow, bricks, meadow and soil. In our experi-
ments, 12 noisy data channels were eliminated and 103 data

channels used for processing. The original data set comprises
640 × 340 pixels. Fig. 3(a) shows a false color composite of
the Pavia University while Fig. 3(b) shows a fixed training set
that will be used for training purposes in this paper. Fig. 3(c)
shows the available reference data for the scene. The number
of available test and training samples are listed in Table I.

2) Indian Pines data: The second data set used in exper-
iments is the well-known data set captured on Indian Pines
(NW Indiana) in 1992 comprising 16 classes (see Fig. 4),
mostly related to different land covers. The data set consists
of 145 × 145 pixels with spatial resolution of 20 m/pixel. In
this work, 200 data channels are used, i.e., after the removal
of the spectral bands affected by atmospheric absorption. The
number of training and test samples are displayed in Table II.

It should be noted that, in addition to selecting widely
used data sets in the hyperspectral imaging community, we
have used exactly the same training and test samples that
have been considered in most works related to spectral-spatial
classification of hyperspectral images. Some of the works
which have considered exactly the same training and test
samples are those in references [9, 39, 40]. In other words,
we not only used the same number of training and test
samples adopted by other state-of-the-art methods, but also
these samples have exactly the same spatial locations in the
data. This way of using the training and test samples makes
this work fully comparable with other spectral and spatial
classification techniques reported in the literature. In order to
keep consistency with previous results, each method was run
only once since we have not used different training and test
samples, but instead used exactly the same samples as adopted
in previous studies.
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Fig. 4. The AVIRIS Indian Pines data set. a) Spectral band number 27 (λ = 646.72nm); b) training samples, c) test samples, where each color represents
a specific information class. The information classes are listed in Table II.

TABLE I
PAVIA UNIVERSITY: NUMBER OF TRAINING AND TEST SAMPLES

ALONG WITH CLASSIFICATION ACCURACIES FOR THE RAW SPECTRAL
DATA IN PERCENTAGE. THE NUMBER OF FEATURES IS GIVEN IN THE

PARENTHESES

Class Number of Samples Raw
Number Name Training Test (103)

1 Asphalt 548 6631 80.8
2 Meadows 540 18649 56.1
3 Gravel 392 2099 53.5
4 Trees 524 3064 98.7
5 Metal Sheets 256 1345 99.1
6 Soil 532 5029 78.1
7 Bitumen 375 1330 84.3
8 Bricks 514 3682 91.0
9 Shadows 231 947 98.3

Kappa - - - 0.6511
OA - - - 71.64
AA - - - 82.25

TABLE II
INDIAN PINES: NUMBER OF TRAINING AND TEST SAMPLES ALONG

WITH CLASSIFICATION ACCURACIES FOR THE RAW SPECTRAL DATA IN
PERCENTAGE. THE NUMBER OF FEATURES IS GIVEN IN THE PARENTHESES

Class Number of Samples Raw
Number Name Training Test (200)

1 Corn-notill 50 1384 57.5
2 Corn-mintill 50 784 58.6
3 Corn 50 184 85.8
4 Grass-pasture 50 447 85.6
5 Grass-trees 50 697 79.9
6 Hay-windrowed 50 439 94.7
7 Soybean-notill 50 918 78.5
8 Soybean-mintill 50 2418 58.8
9 Soybean-clean 50 564 62.9

10 Wheat 50 162 96.3
11 Woods 50 1244 88.5
12 Bldg-Grass-Tree-Drives 50 330 57.5
13 Stone-Steel-Towers 50 45 93.3
14 Alfalfa 15 39 53.8
15 Grass-pasture-mowed 15 11 81.8
16 Oats 15 5 100

Kappa - - - 0.6642
OA - - - 70.24
AA - - - 76.98

B. Experimental Setting

In experiments the input image is transformed by a super-
vised FE and the first features with cumulative eigenvalues
above 99% are retained, since they are expected to contain
most of the variance in the original data sets. In the proposed
framework there is a second FE step which is conducted using
the same criterion. For simplicity, the names of the different
classifiers will be referred hereinafter as follows:
• Raw: When the input data is classified by RF.
• Spec: When only spectral information resulting from the

first Supervised FE is classified by RF.
• AP : When the selected features are used in order to

produce the EMAP and classified by the RF.
• n m: When a Supervised FE is performed for the second

time and the output is classified by the RF. We have
decided to use the name n m in this case, where n FE
approach means that the input data set first is transformed
by n FE approach and the EMAP is then transformed by
m FE approach. As an example, DB DA means that the
raw data were transformed by DBFE and the EMAP by
DAFE.

• ζDA: Stacked vector consisting all features resulting from
the first and second Supervised FE. The suffix DA refers
to the second FE technique.

• ζDB : Stacked vector consisting of all features resulting
from the first and second Supervised FE. The suffix DB
refers to the second FE technique.

In the following, the number of features for Spec indicates
the number of features with cumulative eigenvalues of more
than 99% after performing DAFE or DBFE on the raw data.
For example, it can be seen from Table III that 6 features are
kept for Spec. It means that, first, the input data is transformed
by DAFE and the first features with cumulative eigenvalues
of more than 99% percent were kept (6 features). These 6
features are used as a baseline for constructing the EMAP.
Then, 14 thinning and 14 thickening are produced for the
area attribute and 11 thinning and 11 thickening are produced
for the standard deviation attribute. Therefore, each feature
was used to produce 50 attributes and, by considering the
feature itself in that vector, we have 51 features for each
feature obtained by DAFE (6 × 51 = 306 features for AP).
Then, the second FE was performed and the first features with
cumulative eigenvalues of more than 99% percent were kept.
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In this way for Table III, DA DA and DA DB consist of 8
and 24 features, respectively. ζDA is the combination of Spec
and DA DA (6 + 8 = 14) and ζDB is the combination of
Spec and DA DB (6 + 24 = 30).

The way we calculate the CPU processing of each method,
is listed below:
• Spec: CPU processing time of the first FE plus the CPU

processing time of the corresponding RF classification,
• AP : CPU processing time of the first FE plus the

CPU processing time of producing EMAP plus the CPU
processing time of the corresponding RF classification,

• n m: CPU processing time of the first FE plus the CPU
processing time of producing EMAP plus the CPU pro-
cessing time of the second FE plus the CPU processing
time of the corresponding RF classification,

• ζDAorDB : CPU processing time of the first FE plus
the CPU processing time of producing EMAP plus the
CPU processing time of the second FE plus the CPU
processing time of corresponding the RF classification.

The following measures are used in order to evaluate the
performance of different classification methods.

1) Average Accuracy (AA): This metric shows the average
value of the class classification accuracy.

2) Overall Accuracy (OA): This metric refers to the number
of samples which are classified correctly divided by the
number of test samples.

3) Kappa Coefficient: This metric provides information
regarding the agreement corrected by the level of agreement
that could be expected due to chance alone.

5) CPU Processing Time: This metric shows the speed
of different algorithms. It should be noted that, since in
all algorithms (except Spectral), EMAP is carried out, the
CPU processing time of this step is discarded from all
methods. Hence, the CPU processing time is only provided
for AP, AP+Spectral, DAFE and NWFE. All methods were
implemented in MATLAB on a computer having Intel(R)
Pentium(R) 4 CPU 3.20 GHz and 4GB of memory.

C. Experimental Results

1) Pavia University: Table III gives information related to
the classification accuracies of different methods after applying
DAFE, with the corresponding CPU processing times listed in
Table IV. As it can be observed from Tables I and III, the
spectral classification with only 6 features improves the OA
of the Raw, data with 103 bands by 8 percent. Also, the class
accuracies of Meadows and Gravel classes can be improved.
Specifically, many samples of Meadows are misclassified as
belonging to Soil. Moreover, many samples of Gravel are
misclassified as belonging to Asphalts and Bricks.
As can be seen from Table III, ζDB (consisting of 30 features)
outperforms other methods significantly. ζDB improves the OA
of Spectral, AP, DA DA, DA DB and ζDA by 18, 2.5, 11,
6 and 12 percent, respectively.
As it was already observed for the AVIRIS Indian Pines data
set, AP achieves the best OA after ζDB since AP can model
spatial dependencies of different objects by considering an
adaptive neighoborhood system. As can be seen from Table V,

the OA of Spectral with 29 features improves the OA of Raw
(with 103 bands) by 8 percent. Another observation is that AP,
DB DA, ζDA and ζDB provide good performance. However,
DB DA with only 7 features provides the best results in terms
of classification accuracies and CPU processing time.
By comparing the results reported on Tables III and V, it is
easy to infer that DBFE works better than DAFE. The main
reason behind this may be closely related to the fact that DAFE
is not full rank (its rank is at most equal to L-1 where L is the
number of classes). Sometimes, the aforementioned number
of features is not enough in order to discriminate between
different classes of interest. However, DAFE is faster than
DBFE. This fact can be also observed in Tables IV and VI.
Based on our experimental results, the proposed framework
improves all methods in terms of classification accuracies
for the Pavia University data set. For example, the proposed
method improves the classification accuracy of the classifica-
tion technique proposed in [39] by almost 11 percent. Based on
the results reported in [41], the proposed method improves the
OA of the previous method with PCA by almost 21 percent and
ICA by 3.5 percent. These are quite important achievements
from the viewpoint of classification accuracy (in this regard,
our framework provides some of the best classification results
ever reported in the literature for the considered scene). The
main disadvantage of the proposed method is the fact that the
final result is dependent on the second FE and it is difficult
to anticipate which one of ζDA or ζDB works better. The
investigation of these aspects will be a subject for our future
research efforts.

2) Indian Pines: The low spatial resolution of this data set
adds more complexity, since it leads to the presence of highly
mixed pixels (which are mainly due to the early growth cycle
of most of the agricultural features in the scene). In this case,
the classification results may be degraded by the presence
of mixed pixels in the scene. In addition, the significant
differences in the number of pixels in the reference data
for different classes make the classification task even more
complicated.
In these data, there is a high confusion between classes
Soybean-mintill and corn-notill which degrades the class
accuracies of both of them. By comparing Tables VII and
II, it is easy to infer that, by performing DAFE on the
input data and choosing the first features with cumulative
eigenvalues above 99%, OA is reduced from 70.24% (Raw)
to 65.47% (Spectral). This reveals that of only 13 features
are not sufficient to discriminate between different classes, as
compared to hundreds of spectral bands from the input data.
As it can be seen from Table VII, AP improves the overall
accuracy of Raw in more than 25%. The main reason
behind this significant improvement is that AP not only
considers the spectral information but also can model the
spatial information contained in the input data. The best
classification accuracies in Table VII are achieved by the
proposed method; ζDA, which improves the overall accuracy
of Spectral, AP, DA DA, DA DB, ζDB by almost 28, 2,
5, 8 and 9 percents, respectively. It should be noted that the
new method can discriminate different classes by considering
only 26 features. Moreover, the CPU processing time of the
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TABLE III
PAVIA UNIVERSITY: CLASSIFICATION ACCURACIES OBTAINED BY DIFFERENT METHODS FOR THE ROSIS PAVIA UNIVERSITY SCENE AFTER APPLYING

DAFE. THE NUMBER OF FEATURES USED FOR CLASSIFICATION PURPOSES IS REPORTED IN THE PARENTHESES.

Class Spec AP DA DA DA DB ζDA ζDB

Number Name (6) (306) (8) (24) (14) (30)

1 Asphalt 82.9 98.0 98.2 97.1 98.3 97.0
2 Meadows 71.4 92.6 70.1 82.5 69.0 96.5
3 Gravel 69.5 81.0 93.4 89.7 91.6 86.4
4 Trees 92.2 97.8 99.5 99.3 99.5 99.5
5 Metal Sheets 99.9 99.8 99.9 99.8 100 99.8
6 Soil 87.8 98.6 99.8 99.9 99.7 99.9
7 Bitumen 84.5 100 99.7 100 99.7 99.8
8 Bricks 85.1 96.1 99.4 99.3 99.4 99.4
9 Shadows 97.7 94.5 92.5 91.0 92.4 91.5

Kappa - 0.7426 0.9317 0.8258 0.8862 0.8187 0.9619
OA - 79.63 94.77 86.13 91.13 85.54 97.11
AA - 85.71 95.41 94.75 95.42 94.43 96.68

TABLE IV
PAVIA UNIVERSITY: CPU PROCESSING TIME (IN SECONDS) OF DIFFERENT METHODS AFTER APPLYING DAFE.

Spec AP DA DA DA DB ζDA ζDB

7 131 51 161 48 165

TABLE V
PAVIA UNIVERSITY: CLASSIFICATION ACCURACIES OBTAINED BY DIFFERENT METHODS FOR THE ROSIS PAVIA UNIVERSITY SCENE SCENE AFTER

APPLYING DBFE. THE NUMBER OF FEATURES USED FOR CLASSIFICATION PURPOSES IS REPORTED IN THE PARENTHESES.

Class Spec AP DB DA DB DB ζDA ζDB

Number Name (29) (1479) (7) (30) (36) (59)

1 Asphalt 85.0 98.1 97.8 97.3 97.6 96.7
2 Meadows 68.0 94.4 97.4 88.8 96.9 95.8
3 Gravel 69.4 98.0 97.2 74.7 98.3 87.0
4 Trees 95.2 87.3 98.3 95.2 98.5 99.3
5 Metal Sheets 99.8 99.6 99.5 99.9 99.9 99.8
6 Soil 93.6 100 99.9 99.4 100 99.9
7 Bitumen 86.1 100 99.6 99.7 99.5 99.9
8 Bricks 87.3 98.1 99.2 98.9 99.3 99.4
9 Shadows 97.5 97.1 94.0 95.9 95.7 91.8

Kappa - 0.7441 0.9481 0.9746 0.9078 0.9732 0.9576
OA - 79.56 96.04 98.07 92.91 97.97 96.78
AA - 86.91 96.98 98.15 94.47 98.46 96.67

TABLE VI
PAVIA UNIVERSITY: CPU PROCESSING TIME (IN SECONDS) OF DIFFERENT METHODS AFTER APPLYING DBFE.

Spec AP DB DA DB DB ζDA ζDB

36 478 201 803 833 827

proposed method is acceptable and takes only 13 seconds
to classify the input data set in the considered computing
environment.
After ζDA, AP exhibits the best performance among other
techniques in terms of classification accuracies. This confirms
that the consideration of spatial information has a significant
influence on the discrimination of different classes. By
including a second FE step, although classification accuracy
for some classes such as class 3 and 4 are improved, the
overall accuracy of AP is reduced from 91.13% to 88.47%
(DA DA) and 85.53% (DA DB).
Table IX gives information related to the classification
accuracies of different methods after DBFE. The

corresponding CPU processing times are listed on Table
X. By comparing Tables IX and II, one can infer that the OA
of the Raw classification decreases when DBFE is performed.
Again, the proposed method outperforms other techniques
with acceptable CPU processing time (45 seconds) in this
particular case.
On the other hand, it is also important to emphasize AP
exhibits an acceptable performance in terms of classification
accuracies when compared to other classifiers (its performance
is only slightly lower than ζDA). AP provides 720 features.
This reveals that RF is a robust classifier when dealing with
very high dimensional data. Also, it is worth mentioning that
ζDA provides the best performance overall, and improves the
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TABLE VII
INDIAN PINES: CLASSIFICATION ACCURACIES OBTAINED BY DIFFERENT METHODS FOR THE AVIRIS INDIAN PINES SCENE AFTER APPLYING DAFE.

THE NUMBER OF FEATURES USED FOR CLASSIFICATION PURPOSES IS REPORTED IN THE PARENTHESES.

Class Spec AP DA DA DA DB ζDA ζDB

Number Name (13) (663) (13) (45) (26) (58)

1 Corn-notil 54.3 82.7 82.8 76.1 88.5 76.2
2 Corn-mintill 52.8 96.0 95.5 90.0 95.1 88.2
3 Corn 67.9 92.9 99.4 96.7 98.9 95.1
4 Grass-pasture 89.9 93.7 95.7 94.4 94.6 94.6
5 Grass-trees 87.9 96.1 97.5 95.9 97.1 95.4
6 Hay-windrowed 97.0 99.7 98.6 99.3 98.6 99.3
7 Soybean-notill 63.8 91.6 81.0 87.0 86.6 83.5
8 Soybean-mintill 44.8 85.1 76.7 73.4 91.3 73.0
9 Soybean-clean 64.3 87.7 89.8 89.3 89.7 86.7
10 Wheat 98.1 99.3 99.3 100 99.3 100
11 Woods 85.2 99.3 99.9 91.8 99.4 93.8
12 Bldg-Grass-Tree-Drives 80.9 99.0 99.3 98.7 99.3 97.2
13 Stone-Steel-Towers 93.3 100 100 100 100 100
14 Alfalfa 56.4 97.4 94.8 97.4 94.8 97.4
15 Grass-pasture-mowed 100 100 100 90.9 100 100
16 Oats 80.0 100 100 100 100 100

Kappa - 0.6118 0.8987 0.8683 0.8359 0.9227 0.8295
OA - 65.47 91.13 88.47 85.53 93.27 84.99
AA - 76.07 95.07 94.44 92.59 95.86 92.56

TABLE VIII
INDIAN PINES: CPU PROCESSING TIME (IN SECONDS) OF DIFFERENT METHODS AFTER APPLYING DAFE.

Spec AP DA DA DA DB ζDA ζDB

2 17 13 64 13 65

TABLE IX
INDIAN PINES: CLASSIFICATION ACCURACIES OBTAINED BY DIFFERENT METHODS FOR THE AVIRIS INDIAN PINES SCENE AFTER APPLYING DBFE.

THE NUMBER OF FEATURES USED FOR CLASSIFICATION PURPOSES IS REPORTED IN THE PARENTHESES.

Class Spec AP DB DA DB DB ζDA ζDB

Number Name (16) (816) (13) (43) (29) (59)

1 Corn-notil 51.4 79.9 71.6 75.2 86.2 73.7
2 Corn-mintill 56.8 96.4 96.5 90.0 96.6 90.4
3 Corn 72.8 88.5 94.0 94.0 94.0 94.0
4 Grass-pasture 85.2 93.5 95.5 93.7 95.0 93.2
5 Grass-trees 87.9 99.0 95.9 98.4 94.8 98.5
6 Hay-windrowed 94.3 99.3 99.0 99.0 99.0 99.0
7 Soybean-notill 63.6 87.2 78.1 80.0 86.8 77.8
8 Soybean-mintill 46.9 82.0 75.2 73.8 85.9 70.3
9 Soybean-clean 65.4 84.9 87.2 78.1 84.9 77.6
10 Wheat 99.3 100 98.7 100 100 100
11 Woods 81.1 99.6 99.5 94.6 99.4 93.1
12 Bldg-Grass-Tree-Drives 75.4 98.7 99.7 99.3 99.7 98.4
13 Stone-Steel-Towers 91.1 100 100 100 100 100
14 Alfalfa 69.2 97.4 97.4 97.4 97.4 97.4
15 Grass-pasture-mowed 81.8 100 100 100 100 100
16 Oats 40.0 100 100 80.0 100 80.0

Kappa - 0.6058 0.8808 0.8388 0.8254 0.9001 0.8083
OA - 64.99 89.56 85.90 84.64 91.27 83.11
AA - 72.67 94.18 93.05 90.88 95.01 90.25

TABLE X
INDIAN PINES: CPU PROCESSING TIME (IN SECONDS) OF DIFFERENT METHODS AFTER APPLYING DBFE.

Spec AP DB DA DB DB ζDA ζDB

26 45 44 132 45 133
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Fig. 5. AVIRIS from (a) to (f), classification maps for different methods after applying DAFE: (a) Raw, (b) AP, (c) DA DA, (d) DA DB, (e) ζDA, (f)
ζDB . From (g) to (k) classification maps of different methods after applying DBFE: (g) AP, (h) DB DA, (i) DB DB, (j) ζDBA, (k) ζDB .

OA of Spectral, AP, DB DA, DB DB, ζDB by more than
26, 1.7, 6.2, 6.5 and 7.9 in percentage, respectively.
As can be seen from Tables VII and IX, AP provides 585
and 720 features, respectively. The table shows that RF
can properly handle classification problems consisting of
high-dimensional input features and limited training samples,
with acceptable CPU processing time. In almost all cases,
DAFE outperforms DBFE in terms of classification accuracies
and CPU processing time. A possible reason for this may
be the fact that the number of selected features used by
DBFE is not sufficient. As a result, more features need to be
considered in order to provide more consistent results in the
case of DBFE, which can be computationally intensive and
its performance is highly dependent on the training samples.

IV. CONCLUSION

In this paper, we have developed a new automatic frame-
work for the classification of hyperspectral images. Our frame-
work uses both spectral and spatial information. In order
to include the spatial information, morphological attribute
profiles are taken into account. For reducing the redundancy
of the extracted features and deal with the curse of dimen-
sionality introduced by the Hughes effect, supervised feature
extraction methods (DAFE and DBFE) are considered. The
proposed framework is extensively tested on two widely used
hyperspectral data sets, i.e., the ROSIS-03 Pavia University
scene and the AVIRIS Indian Pines. Different methods have
been used to implement the presented framework, and the
results provided have been compared in terms of classification
accuracies and CPU processing time.

It should be noted that the two selected hyperspectral data
sets represent very different case studies collected by different
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Fig. 6. Pavia University: From (a) to (f), classification maps for different methods started by DAFE: (a) Raw, (b) AP, (c) DA DA, (d) DA DB, (e) ζDA,
(f) ζDB . From (g) to (k) classification maps of different methods started by DBFE: (g) AP, (h) DB DA, (i) DB DB, (j) ζDBA, (k) ζDB .
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instruments. The former is related to urban area problems and
presents high spatial resolution. In turn, the latter has medium-
size spatial resolution and is related to agricultural land-cover
classification problems. The good classification accuracies
obtained in both case studies indicate the good generalization
properties of the presented framework. In addition, the new
approach achieves better classification accuracies than other
widely used classification techniques, with acceptable CPU
processing time. We emphasize that the proposed procedure
is fully automatic, which is a highly desirable feature.
A topic of future investigation is the optimal selection (in
terms of classification accuracies) of the feature extraction
method in the second stage of the proposed approach. An-
other topic deserving future research is the development of
parallel implementations of the presented approach in high
performance computing architectures, although the processing
times reported in our experiments (measured in a standard
desktop CPU) are quite fast for the considered data sets.
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