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Abstract Hyperspectral images currently have potential appli-
cations in many scientific areas due to their high spectral
resolution and consequently their good information contents.
Nevertheless, extracting suitable and adequate features from
this data is crucial for any analysis and especially for the
classification algorithms. To overcome this issue, dimension
reduction techniques are proposed and have showed a direct
effect on improving the classifier efficiency of hyperspectral
images. One common approach to decreasing the dimension-
ality is feature extraction by considering the intrinsic dimen-
sionality of the data. In this paper, using support vector ma-
chines (SVMs), we propose a procedure that improves feature
extraction methods through estimating the appropriate dimen-
sion of the transformation space. Due to the nature of the SVM
classifier that can efficiently handle the high-dimensional data,
our procedure tunes and optimizes the input space data to
achieve better output performance. This study presents an
efficient method for classifying hyperspectral images with
SVMs by considering a suitable dimension for extracted fea-
tures. The results reveal the superiority of the implemented
method to improve the overall accuracy of classified imagery
by a margin of nearly 10 %.

Keywords Dimension reduction . Intrinsic dimension
estimation . Feature extraction . Support vector machine
classifier

Introduction

The continuing developments in electro-optical technology
show that hyperspectral remote sensing imagery has rapidly
expanded and is becoming an effective tool for various envi-
ronmental applications (Divya et al. 2013; Ganesh et al. 2013;
Balasubramanian et al. 2012). In comparison to classic multi-
spectral sensors, hyperspectral sensors offer a finer and more
adjacent sampling of the electromagnetic spectrum from visi-
ble to near infrared and even up to the shortwave and thermal
regions. Consequently, these observations enable discrimina-
tion among (a) objects with very similar spectral signatures and
(b) Earth’s varied surface phenomena (Wang and Chang 2006).
Despite this potential, using such a large number of high-
dimensional bands presents several significant issues for the
classification procedure (Melgani and Bruzzone 2004). The
high dimensionality not only increases the computational com-
plexity of the processing algorithm but also may degrade the
classification accuracy (Hughes 1968). Nonetheless, the clas-
sical parametric statistical classifier cannot overcome these
limitations. Therefore, it is necessary to design and use new
algorithms that are able to (a) handle the data cube with
hundreds of bands and (b) at the same time decrease the effects
of what is known as the curse of dimensionality.

Dimension reduction (DR) is a process by which a given
hyperspectral image data is transformed into a meaningful
form with reduced dimensionality. Accordingly, DR has the
potential to overcome the problem of the curse of dimension-
ality (Li et al. 2012b). One critical step in DR is the estimation
of the dimensionality of reduced data that corresponds to the
intrinsic dimensionality (ID) of the data (Chang and Du 2004).
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In order to reduce the data volume, techniques for reducing the
image dimensionality are often applied. Normally, the dimen-
sionality of a hyperspectral image cube is reduced by applying
a linear transformation, such as a principal component trans-
formation (PCT), and retaining only the significant compo-
nents for further processing. The DR procedure produces a
new set of uncorrelated images that are ordered in terms of
decreasing information or, equivalently, decreasing variance.
Although each hyperspectral pixel is a high-dimensional vec-
tor, most information can be described by a few dimensions.
The primary aim of this paper is to establish a framework for
producing an optimum land cover map form hyperspectral
images. The general solutions for the generation of land cover
maps from hyperspectral images are contained in the follow-
ing steps (Landgrebe 2002):

1. Estimating the dimensionality of a high-dimensional data
cube (e.g., the ID number). This dimensionality is neces-
sary for the next step and has a big effect on the reaming
procedure.

2. Reducing the dimensionality of hyperspectral data and
selecting the optimum feature set (e.g., the DR). The main
goal of this step is optimizing the extracted features so that
they become inputs for classifying and labelling the data.

3. Choosing both a classifier (i.e., a classification algorithm)
and the tuning parameters.

Recently, many researchers have been interested in support
vector machines (SVMs) to classify hyperspectral images (Guo
et al. 2008; Bovolo et al. 2010; Kaya et al. 2011; Li et al. 2012a).
The SVM approach has proved particularly promising due to
the machine’s low sensitivity to the curse of dimensionality
compared with other classifiers. An attractive property of
SVMs is the principle of margin maximization, which makes
it unnecessary to explicitly estimate the statistical distributions
of categories in the high-dimensional feature sets in order to
perform the classification procedure (Bazi and Melgani 2006).
On the other hand, an adequate number of samples should be
studied to ensure that a sufficient number of training samples are
included during the training procedure (Waske et al. 2010). Pal
and Foody (2010) have recently revealed that the accuracy and
performance of an SVM-based classification vary as a function
of the number of used features. The variable input dimension
shows that a SVM classifier has a different behavior when
classifying hyperspectral images. In this regard, it is important
to investigate the dimensionality of the input/feature space in
order to have reasonable output results in hyperspectral SVM
classification.

Our main goal in this paper is to propose an SVM classi-
fying technique for hyperspectral image analysis that success-
fully takes into account both the dimensionality problem and
the optimum feature input. In this regard, two scenarios have
been implemented: the first, utilizing our proposed methods
(using the ID estimation (IDE) and DR methods) and the

second, incorporating full data cube without any reduction
and ID estimation. The results of this study can be used to
increase the output performance of the classification of
hyperspectral imagery using the SVM classifier by adopting
the DR method and ID number with (a) an optimal input/
feature space and (b) customized SVM parameters.

Estimating, reducing, and extracting hyperspectral
features and dimensions

ID in hyperspectral image

There are several techniques in the literature for estimating the
ID of hyperspectral images (Chang andDu 2004; Bioucas-Dias
and Nascimento 2008; Bajorski 2011; Hasanlou and
Samadzadegan 2012). Due to highly correlated spectral bands
in hyperspectral imagery, classifiers cannot make a distinction
between some unknown signal sources. Thus, it is a very
critical and difficult task to estimate how many spectral signal
sources are present in a high-dimensional image. On the other
hand, in order to have a precisely classified map, the dimension
of extracted features must be studied. This task can be done by
accurately estimating the ID in the hyperspectral image. A
comprehensive study of ID estimation was done by Hasanlou
and Samadzadegan (2012). In this study, three best ID methods
were recommended. These are as follows: (1) the hyperspectral
signal subspace identification by minimum error (HySime)
(Bioucas-Dias and Nascimento 2008), (2) the second moment
linear (SML) (Bajorski 2011), and (3) the noise-whitened
Harsanyi–Farrand–Chang (NWHFC) (Chang and Du 2004).

IDE using HySime

The first step of the HySime method is estimating the signal and
noise correlation matrices (Bioucas-Dias and Nascimento 2008).
In the next step, the HySime selects the subset of eigenvectors
that best represent the signal subspace in the minimum mean
square error sense. The advantage of this method is that it
minimizes two objective function terms. The first term pertains
to the power of the signal projection error and is a decreasing
function of the subspace dimension; the second term concerns
the power of the noise projection and is an increasing function of
the subspace dimension. The outputs of this method are the
estimation of the noise correlation, the estimation of the signal
correlation matrix, and the signal subspace dimension.

IDE using SML

The SML dimensionality (Bajorski 2011) is based on the
successive eigenvalues of the image covariance matrix
f j=λ j /λ j+1−1 in hyperspectral images. On the other hand,
these proportions have positive values that are close to zero for
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large j , and they also get much larger for some of the smaller
values of j . Moreover, the values f j for large j follow the
gamma distribution. The SML dimensionality is the value of k
such that f k is large relative to j =(k +1),…, p in the sense of
being a significant outlier.

IDE using NWHFC

The NWHFC algorithm is basically the HFC one (Chang and
Du 2004) preceded by a noise-whitening step, which is based
on the estimated noise correlation matrix. The residual-based
estimation method is used to estimate the noise correlation
matrix in NWHFC method. Another initial parameter in the
NWHFC algorithms is the false-alarm probability Pf. This
probability is used in a series of Neyman–Pearson tests, each

one designed to detect a different orthogonal signal subspace
direction. There is the need, therefore, to specify the false-
alarm probability Pf of the tests. Based on the suggestions
provided by the publication by Chang and Du (2004), we
choose Pf=10

−5.

DR and feature extraction in hyperspectral imagery

Nowadays, many researchers are seeking to find lower-
dimensional structures in high-dimensional data sets in a wide
range of fields, such as satellite imagery, bioinformatics, and
web data analysis. In all these fields, the dimensionality of the
sample space may easily go beyond a few hundred data. It is,
therefore, crucial to incorporate the DR methods to reduce the
dimensionality of high-dimensional data. DR is a transforma-
tion of data into a low-dimensional space such that irrelevant
variance in the data is detected and eliminated. For designing
effective DR approaches, three criteria must be considered: (1)
computational performance, (2) accuracy of the classifier
used, and (3) robustness in noisy data sets. For computational
performance, the lower dimension may lead to higher effi-
ciency. Pertaining to accuracy, the DR method should pre-
serve critical information without losing relevant information
about objects for the purpose of classification. With respect to

Data set #1 Data set #2 Data set #3

Fig. 1 Hyperspectral images and related ground truth data

Table 1 Number of
training pixels in each
data set

Class
name

Data
set #1

Data
set #2

Data
set #3

1 19 1,106 2,021

2 241 590 5,582

3 295 415 645

4 925 803 954

5 937 1,190 411

6 22 1,049 1,531

7 102 3,366 393

8 157 1,907 1,089

9 10 993 279

10 384 303 –

11 91 611 –

12 572 280 –

13 401 350 –

14 25 2,193 –

15 243 557 –

16 58 400 –

Table 2 Details of IDE for each data set

IDE estimator
bd (data set #1) bd (data set #2) bd (data set #3)

HySime 15 23 50

SML (α=25×10−3

to 53×10−3)
30 14 40

NWHFC (Pf=10
−5) 10 14 8

Fig. 2 Flowchart of SVM-based hyperspectral feature classification
(scenario 1)
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robustness, the algorithm should present little or no perfor-
mance degradation even for noise-corrupted data. There are
two main categories of feature reduction techniques that are
commonly used for hyperspectral images: feature extraction
(FE) and feature selection (Liu and Motoda 1998). In FE, the
original nature of the hyperspectral image is transformed such
that the definition of a small number of data sets of new
features, each of which includes the majority of the original
image’s information, is permitted. In this study, we use the
term feature in reference to transformed data , after using FE
or DR techniques on original data. In hyperspectral studies,
the favored and optimal low-dimensional features depend on
the hyperspectral application. By using an ID estimation
method, the dimensionality of the feature space can be deter-
mined and FE methods can reduce the dimensionality of data
to an ID number. In this study, three of the best and most
common DR and FE techniques for hyperspectral images
were used. They are as follows: (1) the principal component
analysis (PCA) (Farrell and Mersereau 2005), (2) the vertex
component analysis (VCA) (Nascimento and Bioucas Dias

2005), and (3) the independent components analysis (ICA)
(Wang and Chang 2006). For more details about these tech-
niques, please see the references. These techniques are select-
ed based on comparative studies done by Hasanlou and
Samadzadegan (2012).

SVM hyperspectral image classification

The SVM classifier is based on a statistical learning theory
(Vapnik 2000). The goal of a binary SVM is to find the
optimum linear hyperplane that separates the two categories
while maximizing the distance between the boundary training
samples and the separating hyperplane (Pradhan 2013). It has
been stated that (a) the complexity of the SVM method only
depends on support vectors and (b) the dimensionality of the
input space has no importance (Cortes and Vapnik 1995);
however, in a recent study, it became clear that the efficiency
of the SVM classifier is influenced by the number of features
(i.e., IDs) used and, therefore, is affected by the Hughes
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Fig. 3 Selecting the best RBF kernel parameters with different IDE methods and DR techniques for data set #1
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phenomenon (Pal and Foody 2010). Consequently, finding the
optimum feature space dimension for an SVM classifier is the
key component to having a reliable output. The optimum
feature number can be estimated by the ID number of the image
bands and can also be used to transform the nature of the data
(i.e., the FE) with the majority of the original image’s informa-
tion in reduced form. This task can be done with the well-
known DR and FE techniques (“Estimating, reducing, and
extracting hyperspectral features and dimensions” section).

As previously stated, both the category separation approach
and the use of kernel space transform this classifier into a
powerful tool for classifying a wide range of high-dimensional
data, especially hyperspectral images (Melgani and Bruzzone
2004). In this study, a Gaussian radial basis function (RBF)
kernel is used; this function is widely used as a remote sensing
application. Prior to the classification stage, simple scaling/
normalizing must be performed on the original data. The main
advantage of normalization is to avoid attributes in greater
numeric ranges dominating those in smaller numeric ranges.
Another advantage is to reduce numerical complexity during the

calculation. The next step is the training procedure, during
which some critical parameters (C , γ) in the RBF kernel must
be specified. A simple tool to check a grid of parameters is
provided by cross-validation (CV) accuracy. For a multiclass
SVM, under a given (C , γ), the one against one (OAO)method,
which is efficient for classifying hyperspectral images, was used
to obtain the CV accuracy (Foody and Mathur 2004; Melgani
and Bruzzone 2004). The parameter selection tool then suggests
the same (C , γ) for all decision functions. Afterward, the best
parameters (C , γ) are used to train all the training data sets.

Experiments and results

In order to investigate the efficiency of our algorithm, the SVM
classifier was used with two approaches. One was based on our
algorithm and procedure (i.e., using the IDE and DRmethods);
the other was based on the use of a full data cube without any
reduction or any ID estimation. These two scenarios commonly
use the SVM parameter optimization section for output results.
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Fig. 4 Selecting the best RBF kernel parameters with different IDE methods and DR techniques for data set #2
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Data sets

The three most widely used hyperspectral images in the liter-
ature (GIC 2013) with different sensors and pixel sizes were
used in this study (Fig. 1). Data set #1 was gathered by the
Airborne Visible/Infrared Imaging Spectrometer (AVIRIS)
sensor over the Indian Pines test site in North-western
Indiana and consists of 145×145 pixels and 224 spectral
reflectance bands in the wavelength range of 0.4–2.5 μm.
This scene is a subset of a larger one. The ground truth for
data set #1 is composed of 16 classes. We have also decreased
the bands to 200 by eliminating the bands covering the region
of water absorption: {104–108}, {150–163}, and 220 [11].
Data set #2 was collected by the 224-band AVIRIS sensor
over Salinas Valley, CA and is characterized by a high spatial
resolution (3.7-m pixels). This image has 512×217 pixels.

As with data set #1, we removed the 20 water absorp-
tion bands, which, in this case, are the following bands:
{108–112}, {154–167}, and 224. The ground truth for
data set #2 contains 16 classes. Data set #3 was acquired by
the Reflective Optics System Imaging Spectrometer (ROSIS)

sensor during a flight campaign over Pavia, Northern Italy.
The number of spectral bands is 103 for the Pavia University
data set. Data set #3 is 256×256 pixels. The geometric
resolution of data set #3 is 1.3 m, and the ground truth
includes nine classes. This scene is a subset of a larger one.
Thirty percent of the ground truth pixels are used for training
the SVM classifier in each data set. These data sets are
selected by evaluating different types of pattern classes.
Data set #1 has an agricultural pattern with complex classes,
and data set #2 has widespread classes with different textures.
Data set #3 has more complicated classes compared to other
data sets with urban facilities. The actual pixels used to train
the classifiers of these three data sets are represented in
Table 1.

Scenario 1

In this scenario, we used and implemented our proposed
method by using an SVM-based feature classification in the
three hyperspectral data sets. In each section of this scenario,
some results are produced and discussed.
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Fig. 5 Selecting the best RBF kernel parameters with different IDE methods and DR techniques for data set #3
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Algorithm and parameter setting

The proposed method commences with estimating the ID of
each hyperspectral data set. Before using the IDE techniques,

some initial parameters for HySime, SML, and NWHFCmust
be set. As mentioned before, the Poisson noise type is selected
for noise estimation for every pixel and the noise correlation
matrix estimates the HySime method (Bioucas-Dias and
Nascimento 2008). In the NWHFC method, the false-alarm
probability is set to Pf=10

−5 (Chang and Du 2004). In the
SML algorithm, the significance level must be considered and
a dimensionality is selected for α between 25×10−3 and 53×
10−3 (Bajorski 2011). Table 2 presents the value of different
ID estimations (bd ) for the three hyperspectral image data sets.

As has already been discussed in the previous section, the
feature extraction procedure must be done in the next step
(Fig. 2). In this step, after estimating the dimensionality of
data using IDE techniques, ID numbers are used for reducing
the dimensionality of features by employing the DR methods.
For example, if the HySime estimator from Table 2 is 23, this
means that (a) 23 features remain after the DR step and (b) the
FE method reduced the feature space to 23 features. Before
reducing the extracted features, a minimum noise fraction
(MNF) was used to remove and decrease noise in the
hyperspectral image caused by the sensor (Dadon et al.

ICA VCA PCA

H
yS

im
e

SM
L

N
W

H
FC

Fig. 6 The best SVM classified
map with different IDE and DR
methods for data set #1

Table 3 Performance of SVM classifier with different methods in data
set #1

IDE method
bd

DR method Overall accuracy (%) SVM parameter

C γ

HySime 15 ICA 87.30 4.00 2.00

VCA 88.07 8.00 2.00

PCA 89.54 4.00 4.00

SML 30 ICA 83.99 4.00 0.50

VCA 80.52 4.00 0.50

PCA 84.90 4.00 0.50

NWHFC 10 ICA 86.41 4.00 8.00

VCA 84.89 4.00 4.00

PCA 85.99 2.00 8.00

The best overall accuracy for DR methods is presented in italic format
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2010). The next major step in the procedure is the feature
optimization (Fig. 2). The pseudo code for the implemented
algorithm is shown below:

1. Input hyperspectral image
2. Elimination of noisy and water absorption bands
3. Intrinsic dimension estimation for a given image
4. MNF transformation for noise reduction
5. Dimension reduction or feature extraction
6. Feature subset with dimensionality of bd
7. Feature optimization

7.1. Training data and testing data
7.2. Training SVMs
7.3. Fitness evaluation

8. Optimum feature subset and parameters
9. Classified map

Results

The SVM classifier behaves differently depending on the na-
ture of the input features’ space. As a result, both the model
selection and SVM parameter tuning will be an integral part of
the feature optimization step. In using the CV approach, the
best critical parameters for the RBF kernel are estimated (C , γ).
The scatterplots of CVaccuracy for data sets #1, #2, and #3 are
illustrated in Figs. 3, 4, and 5, respectively. In Figs. 3, 4, and 5,
different IDEmethods using separate FE techniques are shown.
Based on the results of a grid search on C and γ by using a CV,
several pairs of (C , γ) values are tested; the one with the best
CVaccuracy is selected.

After estimating the best pairs of (C , γ ) values, the training

of all the feature sets with dimensionality bd begins. The
performance of SVM classification when using features
extracted from hyperspectral images (i.e., data set #1) with a
variety of the IDE and DR methods is presented in Table 3.
The best classification performance is achieved by the PCA

method for data set #1. Figure 6 illustrates the best extracted
classified map for each IDE and DRmethod by evaluating the
tuning parameter of the SVM classifier. In data set #1, the
HySime method is the most efficient in extracting the ID
number for reducing the dimensionality of feature space for
the SVM classifier.

The same calculation is done for data set #2. Table 4
presents the performance of the SVM classification for this
data set. Based on Table 4, it is clear that the best feature
classification performance is obtained by the PCA method for
data set #2. Figure 7 illustrates the best extracted classified
feature map for each of the IDE and DR methods by consid-
ering the estimated SVM parameters. As was mentioned
before, for data set #2, the HySime method impressively
estimates the correct ID number.
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Fig. 7 The best SVM classified map with different IDE and DRmethods
for data set #2

Table 4 Performance of SVM classifier with different methods in data
set #2

IDE method
bd

DR method Overall accuracy (%) SVM parameter

C γ

HySime 23 ICA 91.88 16.00 2.00

VCA 94.27 16.00 4.00

PCA 94.89 16.00 4.00

SML 14 ICA 93.71 16.00 8.00

VCA 93.98 16.00 16.00

PCA 94.85 8.00 16.00

NWHFC 14 ICA 93.78 16.00 4.00

VCA 94.41 16.00 16.00

PCA 92.37 16.00 16.00
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We will now (a) discuss the results of the study from data
set #3 and (b) compare these results with those of the IDE and
DR techniques accurately in classifying hyperspectral images
using SVMs. A comparison of the overall accuracy for data
set #3 by using the extracted features is presented in Table 5.
Based on this table, the best classification outcome is obtained

by using the PCA technique for data set #3. Similar to previ-
ous data sets, the HySime estimator is better in classifying this
data set using tuned parameters for the RBF kernel. In Fig. 8,
the best extracted classified feature map for each of the IDE
and DR methods is presented.

Scenario 2

Unlike the previous scenario, in this scenario, the original
nature of hyperspectral data sets is used with neither a feature
reduction nor an estimation intrinsic dimension. In each sec-
tion of this scenario, some results are produced and discussed.

Algorithm and parameter setting

In scenario 2, all image data sets with full bands are incorpo-
rated into the classification process using the SVM classifier.
The first step (Fig. 9) is removing and eliminating noisy and
water absorption bands. Then, these data sets were divided into
training and testing data same as scenario 1 (Table 1). Thirty
percent of the ground truth pixels are used for training the
SVM classifier in each image data set. The next step is more
crucial for the SVM classifier. In this step, by using a grid
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Fig. 8 The best SVM classified
map with different IDE and DR
methods for data set #3

Table 5 Performance of SVM classifier with different methods in data
set #3

IDE method
bd

DR method Overall accuracy (%) SVM parameter

C γ

HySime 50 ICA 83.34 2.00 1.00

VCA 84.77 16.00 0.50

PCA 85.84 4.00 1.00

SML 40 ICA 80.42 4.00 0.50

VCA 84.68 8.00 1.00

PCA 83.15 8.00 0.50

NWHFC 8 ICA 82.69 4.00 16.00

VCA 84.10 16.00 8.00

PCA 84.01 4.00 16.00
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search and CV method, the best pairs of parameters for the
RBF kernel are estimated (Table 6). These parameters are used
to train all the training data sets (this is the last step in Fig. 9).

Results

To show and compare the superiority of our procedure for
classifying hyperspectral imagery, another test is done by
using the original data sets without either a reduction of
dimensionality or the estimation of IDs in band space
(Fig. 10). As can be seen, repeating the process without the
use of either a feature reduction or an ID estimation yields
inferior results in all cases.

Discussion

This section summarizes the main processing achievements of
the proposed method in this paper. For that purpose, Tables 3,
4, and 5 summarize the main characteristics of each data set
result, including relevant aspects such as (a) DR or FE tech-
niques, (b) the ID number in each data set with different
estimators, and (c) optimizing parameters of the RBF kernel.
These tables also address the same trends of computing in
estimating the ID dimension, reducing the dimensionality and
selecting the SVM parameters from hyperspectral image data

sets. Also, these methods appear to exhibit a good degree of
consistency and behave in a predictable manner for the range
of data on which they were tested. It should be noted that
ground truth information for the hyperspectral scenes studied
in this paper is available in different types and pattern classes.
We carefully selected the hyperspectral data set which, in our
opinion, better illustrated the performance of the proposed
technique.

As demonstrated by the results of our experiment, we
propose using an ID in the classification of hyperspectral
images using the SVM classifier. This is because the SVM
technique seems to be potentially better at coping with (a) the
extremely high-dimensional data and (b) the limited training
samples in classifying remotely sensed images. A comparison
between two scenario results reveal that (a) incorporating the
concept of the ID number as a dimensionality of the input/
feature space and (b) using FE methods that change the nature
of the data are an essential component of solving the classifi-
cation procedure using the SVM classifier. The results clearly
show the superiority of the proposed method, for it improved
the overall accuracy of the classified image (scenario 1) com-
pared to the output result from scenario 2 by a margin of
nearly 10 %.

Conclusion

Investigating high-dimensional space characteristics and their
concept for hyperspectral image analysis presented a number
of unusual characteristics of high-dimensional data. However,
the special characteristics of hyperspectral images pose new
processing issues, not to be found in other types of remotely
sensed images. For example, there are limitations in super-
vised classifiers, such as the limited availability of training
samples and the complex structure of the image. Accordingly,
we have taken necessary steps towards understanding these
aspects in the design of innovative hyperspectral image clas-
sification techniques. In particular, a newly designed algo-
rithm (such as the ID number and the reducing feature for
the SVM classifier) has been specifically proposed. This paper
has also proposed a procedure for improving the classification
of hyperspectral images by using the ID number and

Data set #1 Data set #2 Data set #3

Fig. 10 The SVM classified map without feature reduction and ID
estimation in all data sets

Table 6 Performance of SVM classifier without any reduction in all data
sets

Data sets Overall accuracy (%) SVM parameter

C γ

#1 79.00 1.00 0.50

#2 87.75 0.50 0.50

#3 80.68 1.00 0.50

Fig. 9 Flowchart of SVM-based hyperspectral classification with full
bands (scenario 2)
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incorporating feature reduction techniques. The IDE methods
used were HySime, NWHFC, and SML. Results in this study
clearly show that by utilizing feature reduction methods and
taking the ID number for the data into account, the perfor-
mance of the SVM classifier improved by nearly 10 %. Also,
as revealed by this study, the HySime estimator performs
better than other IDE techniques. Moreover, as has also been
shown in this paper, PCA techniques for feature extraction/
reduction have a better efficiency with respect to SVM clas-
sification in the three data sets. However, in spite of these
promising results, further study of methods for simultaneously
estimating the ID number and optimizing the appropriate
extracted features for cube bands of hyperspectral images as
an input for the SVM classifier would be immensely helpful.
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