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Acronyms and Definitions

EMPs Extended morphological profiles
EMPs Extended morphological profiles
LDA Linear discriminant analysis
LogDA Logarithmic discriminant analysis
MLR Multinomial logistic regression
MLRsubMRF  Subspace-based multinomial logistic regression 

followed by Markov random fields
MPs Morphological profiles
MRFs Markov random fields
PCA Principal component analysis
QDA Quadratic discriminant analysis
RHSEG Recursive hierarchical segmentation
ROSIS Reflective optics spectrographic imaging system
SVMs Support vector machines
TSVMs Transductive support vector machines

12.1 introduction

Hyperspectral imaging is concerned with the measurement, 
analysis, and interpretation of spectra acquired from a given 
scene (or specific object) at a short, medium, or long distance, 
typically, by an airborne or satellite sensor [1]. The special 
characteristics of hyperspectral data sets pose different pro-
cessing problems, which must be necessarily tackled under 
specific mathematical formalisms [2], such as classification 
and segmentation [3] or spectral mixture analysis [4]. Several 
machine learning and image-processing techniques have been 
applied to extract relevant information from hyperspectral 
data during the last decade [5,6]. Taxonomies of hyperspectral 

image-processing algorithms have been presented in the lit-
erature [3,7,8]. It should be noted, however, that most recently 
developed hyperspectral image-processing techniques focus 
on analyzing the spectral and spatial informations contained 
in the hyperspectral data in simultaneous fashion [9]. In other 
words, the importance of analyzing spatial and spectral infor-
mation simultaneously has been identified as a desired goal 
by many scientists devoted to hyperspectral image analy-
sis. This type of processing has been approached in the past 
from various points of view. For instance, several possibilities 
are discussed by Landgrebe [10] for the refinement of results 
obtained by spectral-based techniques through a second step 
based on spatial context. Such contextual classification [11] 
accounts for the tendency of certain ground cover classes to 
occur more frequently in some contexts than in others. In cer-
tain applications, the integration of high spatial and spectral 
information is mandatory to achieve sufficiently accurate map-
ping and/or detection results. For instance, urban area map-
ping requires sufficient spatial resolution to distinguish small 
spectral classes, such as trees in a park or cars on a street [12] 
(Figure 12.1).

However, there are several important challenges when per-
forming hyperspectral image classification. In particular, super-
vised classification faces challenges related with the unbalance 
between high dimensionality and the limited number of train-
ing samples or the presence of mixed pixels in the data (which 
may compromise classification results for coarse spatial resolu-
tions). Specifically, due to the small number of training samples 
and the high dimensionality of the hyperspectral data, reliable 
estimation of statistical class parameters is a very challenging 
goal [13]. As a result, with a limited training set, classification 
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248 Remotely Sensed Data Characterization, Classification, and Accuracies

accuracy tends to decrease as the number of features increases. 
This is known as the Hughes effect [14]. Another relevant chal-
lenge is the need to integrate the spatial and spectral information 
to take advantage of the complementarities that both sources of 
information can provide. These challenges are quite important 
for future developments and solutions to some of them have 
been proposed. Specifically, supervised [15] and semisupervised 
[16–18] techniques for hyperspectral image classification, strat-
egies for integrating the spatial and the spectral information 
[19–22], or subspace classifiers [23] that can better exploit the 
intrinsic nature of hyperspectral data have been quite popular in 
the recent literature.

Our main goal in this chapter is to provide a seminal view on 
recent advances in techniques for hyperspectral image analysis 
that can successfully deal with the dimensionality problem and 
with the limited availability of training samples a priori, while 
taking into account both the spectral and spatial properties of 
the data. The remainder of the chapter is structured as follows. 
Section 12.2 discusses available techniques for hyperspectral 
image classification, including both supervised and semisuper-
vised approaches, techniques for integrating spatial and spectral 
information and subspace-based approaches. Section 12.3 pro-
vides an experimental comparison of the techniques discussed 
in Section 12.2, using a hyperspectral data set collected by the 
ROSIS over the University of Pavia, Italy, which is used here 
as a common benchmark to outline the properties of the dif-
ferent processing techniques discussed in the chapter. Finally, 
Section 12.4 concludes the paper with some remarks and hints at 
the most pressing ongoing research directions in hyperspectral 
image classification.

12.2 classification Approaches

In this section, we outline some of the main techniques and 
challenges in hyperspectral image classification. Hyperspectral 
image classification has been a very active area of research in 
recent years [3]. Given a set of observations (i.e., pixel vectors 
in a hyperspectral image), the goal of classification is to assign 
a unique label to each pixel vector so that it is well defined by a 
given class. In Figure 12.2, we provide an overview of a popular 
strategy to conduct hyperspectral image classification, which is 
based on the availability of labeled samples. After an optional 
dimensionality reduction step, a supervised classifier is trained 
using a set of labeled samples (which are often randomly selected 
from a larger pool of samples) and then tested with a disjoint set 
of labeled samples in order to evaluate the classification accuracy 
of the classifier.

Supervised classification has been widely used in hyperspec-
tral data interpretation [2], but it faces challenges related with 
the high dimensionality of the data and the limited availability 
of training samples, which may not be easy to collect in pure 
form. However, mixed training samples can also offer relevant 
information about the participating classes [10]. In order to 
address these issues, subspace-based approaches [23,24] and 
semisupervised learning techniques [25] have been developed. 
In subspace approaches, the goal is to reduce the dimensionality 
of the input space in order to better exploit the (limited) train-
ing samples available. In semisupervised learning, the idea is to 
exploit the information conveyed by additional (unlabeled) sam-
ples, which can complement the available labeled samples with a 
certain degree of confidence. In all cases, there is a clear need to 
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FIg u r e 1 2.1 The challenges of increased dimensionality in remote-sensing data interpretation.
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249Hyperspectral Image Processing

integrate the spatial and spectral information to take advantage 
of the complementarities that both sources of information can 
provide [9]. An overview of these different aspects, which are 
crucial to hyperspectral image classification, is provided in the 
following subsections.

12.2.1 Supervised classification

Several techniques have been used to perform supervised 
classification of hyperspectral data. For instance, in discrimi-
nant classifiers, several types of discriminant functions can 
be applied: nearest neighbor, decision trees, linear functions, 
or nonlinear functions (see Figure 12.3). In linear discrimi-
nant analysis (LDA) [26], a linear function is used in order to 
maximize the discriminatory power and separate the available 
classes effectively. However, such a linear function may not be 
the best choice, and nonlinear strategies such as quadratic dis-
criminant analysis (QDA) or logarithmic discriminant analy-
sis (LogDA) have also been used. The main problem of these 
classic supervised classifiers, however, is their sensitivity to the 
Hughes effect.

In this context, kernel methods such as the support vector 
machine (SVM) have been widely used in order to deal effec-
tively with the Hughes phenomenon [27,28]. The SVM was 
first investigated as a binary classifier [29]. Given a training 

set mapped into a Hilbert space by some mapping, the SVM 
separates the data by an optimal hyperplane that maximizes 
the margin (see Figure  12.4). However, the most widely used 
approach in hyperspectral classification is to combine soft mar-
gin classification with a kernel trick that allows separation of 
the classes in a higher-dimensional space by means of a nonlin-
ear transformation (see Figure 12.5). In other words, the SVM 
used with a kernel function is a nonlinear classifier, where the 
nonlinear ability is included in the kernel and different kernels 
lead to different types of SVMs. The extension of SVM to the 
multiclass cases is usually done by combining several binary 
classifie s.

Dimensionality reduction
(optional)

Supervised classifier
(may approaches)

Test classification accuracy

Randomly selected

Labeled
samples

Test
samples

FIg u r e 1 2.2 Standard approach for supervised hyperspectral image classification.
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FIg ur e 12.3 Typical discriminant functions used in supervised 
classifie s.
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12.2.2 Spectral–Spatial classification

Several efforts have been performed in the literature in order to 
integrate spatial–contextual information in spectral-based clas-
sifiers for hyperspectral data [3,9]. It is now commonly accepted 
that using the spatial and the spectral information simultane-
ously provides significant advantages in terms of improving the 
performance of classification techniques. An illustration of the 
importance of integrating spatial and spectral information is 
given in Figure 12.6. As shown in this figure, spectral–spatial 
classification (obtained using morphological transformations) 
provides a better interpretation of classes such as urban features, 
with a better delineation and characterization of complex urban 
structures.

Some of the approaches that integrate spatial and spec-
tral information include spatial information prior to the clas-
sification, during the feature extraction stage. Mathematical 
morphology [30] has been particularly successful for this pur-
pose. Morphology is a widely used approach for modeling the 

spatial characteristics of the objects in remotely sensed images. 
Advanced morphological techniques such as morphological 
profiles [31] have been successfully used for feature extrac-
tion prior to classification of hyperspectral data by extracting 
the first few principal components of the data using principal 
component analysis [13] and then building so-called extended 
morphological profiles (EMPs) on the first few components to 
extract relevant features for classification [32].

Another strategy in the literature has been to exploit simulta-
neously the spatial and the spectral information. For instance, 
in order to incorporate the spatial context into kernel-based 
classifiers, a pixel entity can be redefined, simultaneously both 
in the spectral domain (using its spectral content) and also in 
the spatial domain, by applying some feature extraction to its 
surrounding area, which yields spatial (contextual) features, 
for example, the mean or standard deviation per spectral band. 
These separated entities lead to two different kernel matrices, 
which can be easily computed. At this point, one can sum spec-
tral and textural dedicated kernel matrices and introduce the 

FIg u r e 1 2.5 The kernel trick allows separation of the classes in a higher-dimensional space by means of a linear or nonlinear transformation.

True color image Spectral classi�cation Spectral–spatial classi�cation

FIg u r e 1 2.6 The importance of using spatial and spectral information in classification.
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cross information between textural and spectral features in the 
formulation. This simple methodology yields a full family of new 
kernel methods for hyperspectral data classification, defined in 
[33] and implemented using the SVM classifier, thus providing a 
composite kernel-based SVM.

Another approach to jointly exploit spatial and spectral infor-
mation is to use Markov random fields (MRFs) for the charac-
terization of spatial information. MRFs exploit the continuity, 
in probability sense, of neighboring labels [19,34]. In this regard, 
several techniques have exploited an MRF-based regulariza-
tion procedure, which encourages neighboring pixels to have 
the same label when performing probabilistic classification of 
hyperspectral data sets. An example of this type of processing is 
given in Figure 12.7, in which a pixel-wise probabilistic classifi-
cation is followed by an MRF-based spatial postprocessing that 
refines the initial probabilistic classification output.

Several other approaches include spatial information as a 
postprocessing, that is, after a spectral-based classification has 
been conducted. One of the first classifiers with spatial postpro-
cessing developed in the hyperspectral imaging literature was 
the well-known extraction and classification of homogeneous 
objects [10]. Another one is the strategy adopted in [35], which 
combines the output of a pixel-wise SVM classifier with the mor-
phological watershed transformation [30] in order to provide a 
more spatially homogeneous classification. A similar strategy 
is adopted in Ref. [36], in which the output of the SVM classi-
fier is combined with the segmentation result provided by the 
unsupervised recursive hierarchical segmentation (RHSEG)* 
algorithm.

12.2.3 Subspace-Based Approaches

Subspace projection methods [23] have been shown to be a pow-
erful class of statistical pattern classification algorithms. These 
methods can handle the high dimensionality of hyperspectral 
data by bringing it to the right subspace without losing the origi-
nal information that allows for the separation of classes. In this 
context, subspace projection methods can provide competitive 
advantages by separating classes that are very similar in spec-
tral sense, thus addressing the limitations in the classification 
process due to the presence of highly mixed pixels. The idea of 
applying subspace projection methods to improve classification 
relies on the basic assumption that the samples within each class 
can approximately lie in a lower-dimensional subspace. Thus, 
each class may be represented by a subspace spanned by a set of 

* http://opensource.gsfc.nasa.gov/projects/HSEG/.

basis vectors, while the classification criterion for a new input 
sample would be the distance from the class subspace [24].

Recently, several subspace projection methods have been 
specifically designed for improving hyperspectral data charac-
terization, with successful results. For instance, the subspace-
based multinomial logistic regression followed by Markov 
random fields (MLRsubMRF) method in Ref. [23] first performs 
a learning step in which the posterior probability distributions 
are modeled by a multinomial logistic regression (MLR) [37] 
combined with a subspace projection method. Then, the method 
infers an image of class labels from a posterior distribution built 
on the learned subspace classifier and on a multilevel logistic 
spatial prior on the image of labels. This prior is an MRF that 
exploits the continuity, in probability sense, of neighboring 
labels. The basic assumption is that, in a hyperspectral image, 
it is very likely that two neighboring pixels will have the class 
same label. The main contribution of the MLRsubMRF method 
is therefore the integration of a subspace projection method with 
the MLR, which is further combined with spatial–contextual 
information in order to provide a good characterization of the 
content of hyperspectral imagery in both spectral and the spatial 
domains. As will be shown by our experiments, the accuracies 
achieved by this approach are competitive with those provided 
by many other state-of-the-art supervised classifiers for hyper-
spectral analysis (Figure 12.8).

12.2.4 Semisupervised classification

A relevant challenge for supervised classification techniques is 
the limited availability of labeled training samples, since their 
collection generally involves expensive ground campaigns [38]. 
While the collection of labeled samples is generally difficult, 
expensive, and time-consuming, unlabeled samples can be gen-
erated in a much easier way. This observation has fostered the 
idea of adopting semisupervised learning techniques in hyper-
spectral image classification. The main assumption of such tech-
niques is that new (unlabeled) training samples can be obtained 
from a (limited) set of available labeled samples without signifi-
cant effort/cost. This can be simply done by selecting new sam-
ples from the spatial neighborhood of available labeled samples, 
under the principle that it is likely that the new unlabeled sam-
ples will have similar class labels as the already available ones.

In contrast to supervised classification, semisupervised algo-
rithms generally assume that a limited number of labeled sam-
ples are available a priori and then enlarge the training set using 
unlabeled samples, thus allowing these approaches to address 
ill-posed problems. However, in order for this strategy to work, 

Classification
map

MRF-based
regularization

Pixelwise classification

Class probabilities

Probabilistic pixelwise
classification

Hyperspectral image

FIg u r e 1 2.7 Standard processing framework using pixel-wise probabilistic classification followed by MRF-based spatial postprocessing.
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several requirements need to be met. First and foremost, the 
new (unlabeled) samples should be obtained without significant 
cost/effort. Second, the number of unlabeled samples required 
in order for the semisupervised classifier to perform properly 
should not be too high in order to avoid increasing computa-
tional complexity in the classification stage. In other words, as 
the number of unlabeled samples increases, it may be unbear-
able for the classifier to properly exploit all the available training 
samples due to computational issues. Further, if the unlabeled 
samples are not properly selected, these may confuse the clas-
sifier, thus introducing significant divergence or even reducing 
the classification accuracy obtained with the initial set of labeled 
samples. In order to address these issues, it is very important that 
the most highly informative unlabeled samples are identified in 
computationally efficient fashion, so that significant improve-
ments in classification performance can be observed without the 
need to use a very high number of unlabeled samples.

The area of semisupervised learning for remote-sensing data 
analysis has experienced a significant evolution in recent years. 
For instance, looking at machine learning–based approaches, 
in Ref. [39] transductive support vector machines (TSVMs) are 
used to gradually search a reliable separating hyperplane (in the 
kernel space) with a transductive process that incorporates both 
labeled and unlabeled samples in the training phase. In [40], a 
semisupervised method is presented that exploits the wealth 
of unlabeled samples in the image and naturally gives relative 
importance to the labeled ones through a graph-based method-
ology. In [41], kernels combining spectral–spatial information 
are constructed by applying spatial smoothing over the original 
hyperspectral data and then using composite kernels in graph-
based classifiers. In [18], a semisupervised SVM is presented 
that exploits the wealth of unlabeled samples for regularizing 
the training kernel representation locally by means of cluster 
kernels. In [42], a new semisupervised approach is presented 
that exploits unlabeled training samples (selected by means of 
an active selection strategy based on the entropy of the sam-
ples). Here, unlabeled samples are used to improve the estima-
tion of the class distributions, and the obtained classification is 
refined by using a spatial multilevel logistic prior. In [16], a novel 
context-sensitive semisupervised SVM is presented that exploits 

the contextual information of the pixels belonging to the neigh-
borhood system of each training sample in the learning phase to 
improve the robustness to possible mislabeled training patterns.

In [43], two semisupervised one-class (SVM-based) approaches 
are presented in which the information provided by unlabeled 
samples present in the scene is used to improve classification 
accuracy and alleviate the problem of free-parameter selection. 
The first approach models data marginal distribution with the 
graph Laplacian built with both labeled and unlabeled samples. 
The second approach is a modification of the SVM cost function 
that penalizes more the errors made when classifying samples of 
the target class. In [44], a new method to combine labeled and 
unlabeled pixels to increase classification reliability and accuracy, 
thus addressing the sample selection bias problem, is presented 
and discussed. In [45], an SVM is trained with the linear com-
bination of two kernels: a base kernel working only with labeled 
examples is deformed by a likelihood kernel encoding similari-
ties between labeled and unlabeled examples and then applied in 
the context of urban hyperspectral image classification. In [46], 
similar concepts to those addressed before are adopted using a 
neural network as the baseline classifier. In [17], a semiautomatic 
procedure to generate land cover maps from remote-sensing 
images using active queries is presented and discussed.

Last but not least, we emphasize that the techniques summa-
rized in this section only represent a small sample (and some-
how subjective selection) of the vast collection of approaches 
presented in recent years for hyperspectral image classification. 
For a more exhaustive summary of available techniques and 
future challenges in this area, we point interested readers to [47].

12.3 experimental comparison

In this section, we illustrate the performance of the techniques 
described in the previous section by processing a widely used 
hyperspectral data set collected by ROSIS optical sensor over the 
urban area of the University of Pavia, Italy. The flight was oper-
ated by the Deutschen Zentrum for Luftund Raumfahrt (DLR, 
the German Aerospace Agency) in the framework of the HySens 
project, managed and sponsored by the European Union. 
The image size in pixels is 610 × 340, with very-high-spatial 

Modelling of spatial information

Modelling of spectral information

Multinominal logistic
regression subspace classifier

(MLRsubMRF)

(use a multi-level logistic spatial prior to
enforce smoothness in the classification)m(3)

m(1)

m(2)

Class 1
Class 2

(use a subspace probabilistic MLR
classifier tuned to deal with mixed pixels)

FIg u r e 1 2.8 Multinomial logistic regression subspace classifier.
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resolution of 1.3 m per pixel. The number of data channels in the 
acquired image is 103 (with spectral range from 0.43 to 0.86 µm). 
Figure 12.9a shows a false color composite of the image, while 
Figure 12.9b shows nine reference classes of interest, which 
comprise urban features, as well as soil and vegetation features. 
Finally, Figure 12.9c shows a fixed training set available for the 
scene, which comprises 3,921 training samples (42,776 samples 
are available for testing). This scene has been widely used in 
the hyperspectral imaging community to evaluate the perfor-
mance of processing algorithms [6]. It represents a case study 
that integrates a challenging urban classification problem, with 
a data set comprising high spatial and spectral resolution, and a 
highly reliable ground truth, with a well-established training set. 

All these factors have made the scene a standard and an excel-
lent test bed for evaluation of hyperspectral image classification 
algorithms, particularly those integrating the spatial and the 
spectral information.

Table 12.1 illustrates the classification results obtained by 
different supervised classifiers for the ROSIS University of 
Pavia scene in Figure 12.9a, using the same training data in 
Figure 12.9c to train the classifiers and a mutually exclusive 
set of labeled samples in Figure 12.9b to test the classifiers. As 
shown by Table 12.1, the SVM classifier obtained comparatively 
superior performance in terms of the overall classification accu-
racy when compared with discriminant classifiers such as LDA, 
QDA or LogDA.

(a) (b) (c)

Asphalt
Meadows
Gravel
Trees
Metal sheets
Bare soil
Bitumen
Self-blocking brick
Shadow

FIg u r e 12.9 The ROSIS Pavia University scene used in our experiments. The scene was collected by the ROSIS instrument in the framework 
of the HySens campaign. It comprises 103 spectral bands between 0.4 and 0.9 µm and was collected over an urban area at the University of Pavia, 
Italy. (a) ROSIS Pavia hyperspectral image. (b) Ground-truth classes. (c) Fixed training set.

TABLe 1 2.1 Classification Results Obtained for the ROSIS Pavia University Scene by the SVM Classifier as 
Compared with Several Discriminant Classifiers
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LDA stands for linear discriminant analysis. QDA stands for quadratic discriminant analysis. LogDA stands for logarith-
mic discriminant analysis. SVM stands for support vector machine. The numbers in the parentheses are the total number of 
available samples.
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In a second experiment, we compared the standard SVM clas-
sifier with the composite kernel strategy as defi ed in Ref. [33], 
which combines spatial and spectral information at the kernel 
level. After carefully evaluating all possible types of composite 
kernels, the summation kernel provided the best performance 
in our experiments as reported in Table 12.2. Th s table suggests 
the importance of using spatial and spectral information in the 
analysis of hyperspectral data.

Although the integration of spatial and spectral informa-
tion carried out by the composite kernel in Table 12.2 is per-
formed at the classification stage, the spatial information can 
also be included prior to classification. For illustrative pur-
poses, Table 12.3 compares the classification results obtained by 
the SVM applied on the original hyperspectral image to those 
obtained using a combination of the morphological EMP for fea-
ture extraction followed by SVM for classification (EMP/SVM).

As shown in Table 12.3, the EMP/SVM provides good clas-
sification results for the ROSIS University of Pavia scene, which 
represent a good improvement over the results obtained using 

the original hyperspectral image as input to the classifier. These 
results confirm the importance of using spatial and spectral 
information for classification purposes, as it was already found 
in the experimental results reported in Table 12.2.

In order to illustrate other approaches that use spatial infor-
mation as postprocessing, Tables 12.4 and 12.5, respectively, 
compare the classification results obtained by the traditional 
SVM with those found using the strategy adopted in Ref. [35], 
which combines the output of a pixel-wise SVM classifier with 
the morphological watershed, and in Ref. [36], in which the out-
put of the SVM classifier is combined with the segmentation 
result provided by the RHSEG algorithm. As shown in Tables 
12.4 and 12.5, these strategies lead to improved classification 
with regard to the traditional SVM. In fact, Tables 12.2 through 
12.5 illustrate different aspects concerning the integration of 
spatial and spectral information. The results reported in Table 
12.2 are obtained by integrating spatial and spectral informa-
tion at the classification stage. On the other hand, the results 
reported in Table 12.3 are obtained by using spatial information 

TABLe 1 2.2 Classification Results Obtained for the ROSIS Pavia University Scene by the SVM Classifier as 
Compared with a Composite SVM Obtained Using the Summation Kernel
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Source: Camps-Valls, L. et al., IEEE Geosci. Remote Sens. Lett., 3, 93, 2006.
The numbers in the parentheses are the total number of available samples.

TABLE 12.3 Classification Results Obtained for the ROSIS Pavia University Scene by the SVM Classifier as 
Compared with Those Obtained Using a Combination of the Morphological EMP for Feature Extraction 
Followed by SVM for Classification (EMP/SVM)
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The numbers in the parentheses are the total number of available samples.
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at a preprocessing step prior to classification. Finally, the results 
reported in Tables 12.4 and 12.5 correspond to cases in which 
spatial information is included at a postprocessing step after 
conducting spectral-based classification. As a result, the com-
parison reported in this section illustrates different scenarios 
in which spatial and spectral information are used in comple-
mentary fashion but following different strategies, that is, spatial 
information is included at different stages of the classification 
process (preprocessing, postprocessing, or kernel level).

After evaluating the importance of including spatial and 
spectral information, we now discuss the possibility to perform 
a better modeling of the hyperspectral data by working on a sub-
space. This is due to the fact that the dimensionality of the hyper-
spectral data is very high, and often, the data live in a subspace. 
Hence, if the proper subspace is identified prior to classifica-
tion, adequate results can be obtained. In order to illustrate this 
concept, Table 12.6 shows the results obtained after comparing 

the SVM classifier with a subspace-based classifier such as the 
MLRsub [23], followed by an MRF-based spatial regularizer.

The idea of applying subspace projection methods relies on the 
basic assumption that the samples within each class can approx-
imately lie in a lower-dimensional subspace. In the experiments 
reported in Table 12.6, it can also be seen that spatial informa-
tion (included as an MRF-based postprocessing) can be greatly 
beneficial in order to improve classification performance.

Finally, it is worth noting that the results discussed in the pre-
vious text are all based on supervised classifiers that assume the 
sufficient availability of labeled training samples. In case that no 
sufficient labeled samples are available, semisupervised learning 
techniques can be used to generate additional unlabeled samples 
(from the initial set of labeled samples) that can complement 
the available labeled samples. The unlabeled samples can also 
be used to enhance subspace-based classifiers in case dimen-
sionality issues are found to be relevant in the considered case 

TABLe 1 2.4 Classification Results Obtained for the ROSIS Pavia University Scene by the SVM Classifier as 
Compared with Those Obtained Using the Strategy Adopted in [35], Which Combines the Output of a Pixel-
Wise SVM Classifier with the Morphological Watershed
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2,833
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TestingTraining

96.62
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81.58
92.25
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97.81
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70.25

83.71
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97.57
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97.14
97.51
99.78
98.30
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76.41
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Bitumen (1,330)
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Trees (3,064)
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Meadows (18,649)
Asphalt (6,631)

Class

The numbers in the parentheses are the total number of available samples.

TABLe 1 2.5 Classification Results Obtained for the ROSIS Pavia University Scene by the SVM Classifier as 
Compared with Those Obtained Using the Strategy Adopted in [36], in Which the Output of the SVM Classifier 
Is Combined with the Segmentation Result Provided by the Recursive Hierarchical Segmentation (RHSEG) 
Algorithm Developed by James C. Tilton at NASA’s Goddard Space Flight Center
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The numbers in the parentheses are the total number of available samples.
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study. If sufficient labeled samples are available, then the use of 
a spectral–spatial classifier is generally recommended as spatial 
information can provide a very important complement to the 
spectral information. Finally, in case that labeled samples are 
not available at all, unsupervised techniques need to be used 
for classification purposes. For instance, a relevant unsuper-
vised method successfully applied to hyperspectral image data 
is Tilton’s RHSEG algorithm.* The different analysis scenarios 
for classification discussed in this chapter are summarized in 
Figure 12.10.

12.4 conclusions and Future Directions

In this chapter, we have provided an overview of recent advances 
in techniques and methods for hyperspectral image classifica-
tion. The array of techniques particularly illustrated in this 
chapter comprises supervised and semisupervised approaches, 

* http://opensource.gsfc.nasa.gov/projects/HSEG/.

techniques able to exploit both spatial and spectral information, 
and techniques able to take advantage of a proper subspace rep-
resentation of the hyperspectral data before conducting the clas-
sification in spatial–spectral terms. These approaches represent 
a subjective selection of the wide range of techniques currently 
adopted for hyperspectral image classification [3], which include 
other techniques and strategies that have not been covered in 
detail in this chapter for space considerations. Of particular 
importance is the recent role of sparse classification methods 
[2,20], which are gaining significant popularity and will likely 
play an important role in this research area in upcoming years.

Despite the wide arrange of techniques and strategies for 
hyperspectral data interpretation currently available, some 
unresolved issues still remain. For instance, the geometry of 
hyperspectral data is quite complex and dominated by nonlin-
ear structures. This issue has undoubtedly an impact in the out-
come of the classification techniques discussed in this section. In 
order to mitigate this, manifold learning has been proposed [48]. 
An important property of manifold learning is that it can model 

TABLE 12.6 Classification Results Obtained for the ROSIS Pavia University Scene by the SVM Classifier as 
Compared with a Subspace-Based Classifier Followed by Spatial Postprocessing (MLRsubMRF)
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The numbers in the parentheses are the total number of available samples.
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FIg u r e 1 2.10 Summary of contributions in hyperspectral image classification discussed in this chapter.
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and characterize the complex nonlinear structure of the data 
prior to classification [49]. Another remaining issue is the very 
high computational complexity of some of the techniques avail-
able for classification of hyperspectral data [50]. In other words, 
there is a clear need to develop efficient classification techniques 
that can deal with the very large dimensionality and complexity 
of hyperspectral data.
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