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Abstract—By coupling the nearest-subspace classiﬁcation with a
distance-weighted Tikhonov regularization, nearest regularized
subspace (NRS) was recently developed for hyperspectral image
classiﬁcation. However, the NRS was originally designed to be a
pixel-wise classiﬁer which considers the spectral signature only
while ignoring the spatial information at neighboring locations.
Gabor features have currently been successfully applied for hyperspectral image analysis due to the ability to represent useful spatial
information. In this paper, we mainly exploit the beneﬁts of using
spatial features extracted from a simple Gabor ﬁlter for the NRS
classiﬁer. The proposed Gabor-ﬁltering-based classiﬁer has been
validated on several real hyperspectral datasets. Experimental
results demonstrate that the proposed method signiﬁcantly increases
the classiﬁcation accuracy compared to conventional pixel-wise
classiﬁers as well as Gabor-ﬁltering-based support vector machine
and sparse-representation-based classiﬁcation.
Index Terms—Gabor ﬁlter, hyperspectral classiﬁcation, nearest
regularized subspace (NRS).

I. INTRODUCTION
CQUIRED by remote-sensing systems (e.g., spaceborne
or airborne sensors), hyperspectral imagery (HSI) typically is represented as a three-dimensional cube with hundreds of
spectral channels [1]. Each hyperspectral pixel records reﬂectance over these contiguous and narrow spectral bands. This
allows for distinguishing or classifying materials with subtle
changes in their reﬂectance signatures. Over the last two decades,
hyperspectral classiﬁcation has been an important application of
HSI, including urban growth monitoring, biological and chemical detection, environmental monitoring, mineral exploration,
etc., [2]–[4].
A Bayes classiﬁer, such as maximum-likelihood-estimation
(MLE) [5] or Gaussian mixture model (GMM) [6], is one of the
most commonly used classiﬁers in HSI. Due to the high dimensionality, linear discriminant analysis (LDA) [5] and its
variants, such as local Fisher’s discriminant analysis (LFDA)
[7], are usually applied to reduce the dimensionality for hyperspectral data and generally provide good classiﬁcation results.
However, under small-sample-size (SSS) condition [8], LDA
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and its variants potentially fail owing to ill-conditioned statistical
estimates particularly when the dimensionality of the input
feature space is very high, as is the case for HSI when the
number of available samples is even smaller than the dimensionality. A few solutions have been proposed for the SSS problem
associated with LDA. One solution is regularized LDA (RLDA)
[9], [10], for which a matrix with small energy on the diagonals is
added to the ill-conditioned scatter matrix to stabilize the estimation of the LDA projection. The other popular approach is to
use subspace-based dimensionality reduction as a preprocessing
to LDA [11], [12], where, typically, principal component analysis (PCA) [5] is ﬁrst employed to reduce the dimensionality of the
input data discarding the null space of rank-deﬁcient scatter
matrices so that the LDA formulations remain well-conditioned.
Nevertheless, these two solutions still have their own drawbacks.
On the one hand, Bayes classiﬁer, followed these dimensionality
reduction techniques, usually relies on a presupposed data
distribution which is often unknown in practice. On the other
hand, except the classiﬁer itself, both RLDA and subspace LDA
depend on the tuning parameter choice, such as the regularization
parameter for the former and the reduced number of principal
components (PCs) for the latter.
Different from Bayes classiﬁers, some classiﬁers can work
well in HSI even without a presupposed data distribution
and a preprocess of dimensionality reduction. For instance,
support vector machine (SVM) [13]–[15] is a state-of-the-art
classiﬁer which has shown superior performance for hyperspectral classiﬁcation tasks, especially under the SSS condition.
SVM classiﬁer seeks to separate classes by learning an optimal
decision hyperplane which best separates the labeled samples in
a kernel-induced high-dimensional feature space. Nonlinear
kernel mapping within the SVM framework can usually convert
linearly nonseparable problems in the original space to linearly
separable ones in the kernel-induced space. Some commonly
implemented kernel functions for SVM include the polynomial
kernel and the radial-basis-function (RBF) kernel [16], [17].
Recently, sparse-representation-based classiﬁcation (SRC)
[18] was developed for pattern classiﬁcation, originally for face
recognition. SRC classiﬁer is essentially based on the concept
that a pixel can be represented as a sparse linear combination of
labeled samples via the -norm minimization. In [19], the
authors introduced sparse-based representation for hyperspectral
image classiﬁcation; in [20], the authors further presented the
sparse-based -minimization for hyperspectral target detection
which requires a priori information, such as available labeled
samples. In [21], the sparse logistic regression was discussed in a
three-dimensional wavelet domain for hyperspectral classiﬁcation. Note that such representation-based classiﬁcation does not
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include the traditional training and testing procedures in supervised classiﬁers; instead, a pixel to be classiﬁed (or a testing
pixel) is represented by labeled samples (or training samples),
and the class label to be assigned will be the same one as that of
labeled samples providing the lowest representation residual.
In [22], we developed nearest regularized subspace (NRS)
classiﬁer, for which an approximation of each sample to
be classiﬁed is represented via a linear combination of all
available labeled samples of each class independently. The
-minimization is imposed due to the argument that it was the
collaborative representation rather than sparse representation
playing the essential role for classiﬁcation [23]. The essence of
NRS classiﬁer is an
penalty, however, in the style of a
distance-weighted Tikhonov regularization [24]. On the one
hand, rather than enforcing a strong assumption about the
nature of the dataset’s geometry (e.g., Bayes classiﬁer), the
regularization term serves to overcome the potential illconditioning and ill-posedness in the inverse problem, which
is robust to high-dimensional data. On the other hand, the
distance-weighted measurement enforces a structure meaning
to the regularization term as well as the calculation of weight
vector for the combination. Compared to sparse-representationbased approaches, the NRS classiﬁer has a closed-form solution, resulting in much lower computational cost.
However, one of the disadvantages of the NRS classiﬁer is that
it was originally designed to be a pixel-wise classiﬁer, which
indicates that only the spectral signature has been exploited while
ignoring the spatial information at neighboring locations. Yet,
for HSI, it is highly probable that two adjacent pixels belong to
the same class. Spatial information has been veriﬁed to be helpful
for hyperspectral image classiﬁcation [25], [26]. Recently, Gabor
features have been successfully used for hyperspectral image
classiﬁcation [27]–[30] due to the ability to represent useful
spatial information. In [27] and [28], three-dimensional Gabor
feature extraction methods were discussed; in [29] and [30], twodimensional Gabor features were extracted in a PCA-projected
subspace, and fed into some classiﬁers, such as SVM.
In this paper, we investigate the beneﬁts of using Gabor
features for our previously proposed NRS classiﬁer under the
SSS condition. Several real hyperspectral datasets will be employed to validate the proposed classiﬁcation method. We will
demonstrate that Gabor-ﬁltering-based NRS signiﬁcantly improves the classiﬁcation performance over the conventional
pixel-wise classiﬁers and the Gabor-ﬁltering-based SVM [29]
as well as the Gabor-ﬁltering-based SRC classiﬁer.
The techniques investigated here are spectral–spatial classiﬁers. There are two major categories utilizing spatial features: to
extract some type of spatial features (e.g., texture, morphological
proﬁles, and wavelet features), and to directly use pixels in a
small neighborhood for joint classiﬁcation by assuming that
these pixels usually belong to the same class (e.g., [19] for such
local continuity). The former increases feature dimensionality,
and the performance may be sensitive to the images used for
spatial feature extraction (for instance, the spatial features can be
extracted from PCs or selected bands). The latter usually does not
increase feature dimensionality, and may provide robust performance. The former may outperform the latter only if feature
extraction and feature selection are carefully designed. In this
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Fig. 1. Two-dimensional Gabor kenels with different orientations, from top to
.
bottom, left to right: 0,

paper, we focus on the technique in the ﬁrst category. Speciﬁcally, we extract Gabor features, which can be implemented very
easily. Note that some recent investigation of techniques in the
second category can be found in [31]; for SRC, the condition of
local continuity intends to choose the same labeled sample for the
representation of neighboring pixels; however, due to the collaborative (not competitive) nature among the labeled samples in
NRS, the direct extension of such concept may not necessarily
improve the classiﬁcation performance.
The remainder of this paper is organized as follows. Section II
introduces the Gabor ﬁlter, the NRS classiﬁer, as well as our
proposed method. Section III presents the hyperspectral data and
experimental setup as well as comparison of the classiﬁcation
performance between the proposed method and some traditional
techniques. Finally, Section IV makes several concluding
remarks.
II. GABOR-FILTERING-BASED NRS
A. Gabor Filter
A Gabor ﬁlter,1 which is a sinusoidal function modulated by a
Gaussian envelope, has been popularly used in applications of
computer vision and image processing [32], [33]. In a twodimensional ( , ) coordinate system, the Gabor ﬁlter, including
a real component and imaginary one, can be represented as

where

where represents the wavelength of the sinusoidal factor,
represents the orientation separation angle of Gabor kernels as
been shown in Fig. 1, is the phase offset, is the standard
derivation of the Gaussian envelope, and is the spatial aspects
ratio (the default value is 0.5 in [32] and [33]) specifying the
ellipticity of the support of the Gabor function.
and
1

http://en.wikipedia.org/wiki/Gabor_ﬁlter.
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return the real part and imaginary part of Gabor ﬁlter, respectively. Parameter is determined by and spatial frequency
bandwidth
as

B. NRS Algorithm
in R
Consider a dataset with labeled samples
( is the dimensionality) and class labels
,
where is the number of classes, and is the total number of
labeled samples. Let
be the number of available labeled
samples for the th class,
. An approximation of
sample to be classiﬁed is calculated via a linear combination of
available labeled samples per class. That is, for each class, only
from the labeled samples particular to class ,
, the classspeciﬁc approximation, , is calculated as

is of size
and is a
vector of weighting
where
coefﬁcients. Once obtaining for each class via (5), the class
label of
is then determined according to the class which
minimizes the residual. That is,

where
is the residual between the approximation
and corresponding sample to be classiﬁed.
In NRS, the weight vector
is calculated according to
Γ
where Γ is a biasing Tikhonov matrix [24] speciﬁc to each class
and sample to be classiﬁed , and is a global regularization
parameter which balances the minimization between the residual
and regularization terms. Note that is just a various representation of . Speciﬁcally, a diagonal Γ is used in the form of
Γ

where
are the columns of matrix
for the th
class. And then, the weight vector can be calculated in a closed
form
Γ Γ
The NRS classiﬁcation can be mathematically formulated as
an -minimization problem, where the cost function consists of
two terms—one measures the error between the sample to be
classiﬁed and linearly reconstructed representation, and the other
one measures the similarity between the sample to be classiﬁed
and labeled samples. The overall description of the NRS classiﬁcation algorithm is given as Algorithm 1.

Algorithm 1 NRS Algorithm
, class labels , sample to be
Input: Labeled data
classiﬁed
R , and the regularization parameter
for all
do
Calculate the weight vector via the -regularized minimization with a close form of (9);
Calculate the approximation of each sample to be classiﬁed
using (5);
end for
Decide
according to (6);
Output:
C. Proposed Gabor-NRS
A Gabor ﬁlter can capture some physical structures of an
object in an image, such as speciﬁc orientation information,
using a spatial convolution kernel. Previous work [27]–[30]
have applied the extracted spatial-spectral features of Gabor
ﬁlter to represent an image region for the classiﬁcation. Following the recent research in [29] and [30], a simple twodimensional Gabor ﬁlter is ﬁrst considered to exploit useful
spatial information in a PCA-projected subspace. Moreover, we
also discuss the implementation of Gabor ﬁlter in a subset of
original bands with band selection [34]. In [34], linear prediction error has been proposed for unsupervised band selection
based on band similarity measurement. In this work, Gabor
features are employed as the preprocessing of NRS classiﬁer,
which is denoted as Gabor-ﬁltering-based NRS (Gabor-NRS).
And we mainly study the beneﬁts of using Gabor features for
NRS classiﬁer under the SSS condition in HSI—Gabor ﬁlter
implemented in PCA-projected subspace as PC-Gabor-NRS
and Gabor ﬁlter implemented in feature subspace with band
selection as BS-Gabor-NRS. The overall description of the
Gabor-NRS is given as Algorithm 2.
Algorithm 2 Proposed Gabor-NRS Algorithm
Input: Three-dimensional hyperspectral data, class labels ,
and the regularization parameter
A Gabor ﬁlter is applied in the feature subspace;
corresponding to and sample to be
Labeled data
classiﬁed are obtained in Gabor-ﬁltering feature space;
NRS algorithm is implemented;
Output:
Fig. 2 illustrates one advantage of proposed PC-Gabor-NRS/
BS-Gabor-NRS by comparing with original NRS. According to
Algorithm 1, for each sample to be classiﬁed, the class label is
determined by the class with the minimum residual. Fig. 2 shows
one example of the normalized residuals between the sample to be
classiﬁed (chosen from class 1) and its approximations using classspeciﬁc labeled samples (eight total classes). From the comparative
results, it is evident that the determination of PC-Gabor-NRS/BSGabor-NRS to the right class (class 1) is much safer than that of
original NRS. For original NRS, the residuals of class 2, class 5,
class 6, and class 7 are all very close to the residual of class 1, which
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III. EXPERIMENTS
In this section, we compare the classiﬁcation performance of the
proposed PC-Gabor-NRS/BS-Gabor-NRS with traditional RLDA
followed by MLE classiﬁer (brieﬂy denoted as RLDA), SVM,
SRC, NRS, Gabor-ﬁltering-based RLDA (PC-Gabor-RLDA/BSGabor-RLDA), Gabor-ﬁltering-based SVM (PC-Gabor-SVM/
BS-Gabor-SVM), and Gabor-ﬁltering-based SRC (PC-GaborSRC/BS-Gabor-SRC). SVM with RBF kernel is implemented
using the libsvm package2; SRC with the -minimization is
implemented using the l1 ls package.3
A. Experimental Data

Fig. 2. Example of residuals for each class using NRS, PC-Gabor-NRS, and BSGabor-NRS. Note that the dashed blue line reveals the difference between the
residual of each class and the minimum one for NRS.

indicates that it is high probability to make the wrong decision. This
instance potentially veriﬁes that the Gabor features are more
discriminative than the original spectral features.
In fact, the discriminant ability of PC-Gabor-NRS/BS-GaborNRS can be further visualized by the producing process of
weight vector as depicted in Fig. 3. As we stated previously,
one beneﬁt of the quadratic regularization term is to overcome
the potential ill-conditioning and ill-posedness in the inverse
problem under the SSS condition; the other beneﬁt is to
adaptively inﬂuence the calculation of weight vector since the
regularization term is designedly biased toward the distance
measurement between the sample to be classiﬁed and the
labeled sample set of speciﬁc classes. Fig. 3 shows one example
of how biasing Tikhonov matrix Γ affects the weight vector
using 50 labeled samples for both PC-Gabor-NRS and
original NRS. For proposed PC-Gabor-NRS, it is obvious
to observe that the 14th element in Γ is closed to the maximum
value (marked by the blue square), and the corresponding
weight in
is near 0, which indicates the 14th element in
labeled set is dissimilar to the sample to be classiﬁed; the 41th
element in Γ is closed to the minimum value (marked by the red
circle), and the corresponding weight in is the largest, which
provides the most weighting power. It is interesting to notice the
difference of the 14th element between PC-Gabor-NRS/BSGabor-NRS and original NRS. For original NRS, the calculated
distance of the element has a small value while PC-Gabor-NRS
has opposite result, which indicates that the 14th element is
recognized to assign small weight to approximate the sample to
be classiﬁed in Gabor-ﬁltering feature space but not in the
original space. PC-Gabor-NRS owns and enhances the property
of original NRS—the distance-weighting measurement enforces a structure meaning to the regularization term as well
as the calculated weights. In other words, the labeled samples
(training samples in Gabor-ﬁltering feature space) that are
most dissimilar to the sample to be classiﬁed will provide much
less contribution to its linear representation than to those of
similar ones.

We validate the effectiveness of proposed methods, i.e., PCGabor-NRS and BS-Gabor-NRS, using two hyperspectral datasets. The ﬁrst experimental data employed was acquired using
National Aeronautics and Space Administration’s (NASA) Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) sensor
and was collected over northwest Indiana’s Indian Pine test site
in June 1992. The image represents a vegetation-classiﬁcation
scenario with
pixels and 220 bands in the 0.4- to
region of the visible and infrared spectrum with a
spatial resolution of 20 m. There are 16 different land-cover
classes in the original ground truth map; in one of our experiments, we conduct only eight classes, with 8624 total labeled
pixels—the samples for each class are 1460, 834, 497, 489, 968,
2468, 614, and 1294, respectively. The SSS condition will be
discussed in the following work, and if we select 20 labeled
samples per class (160 total), all the left will be ones to be
classiﬁed.
The second hyperspectral dataset was collected by the Reﬂective Optics System Imaging Spectrometer (ROSIS) sensor. The
image scene, with a spatial coverage of
pixels covering the city of Pavia, Italy, was collected under the HySens
project managed by DLR (the German Aerospace Agency) [35].
The dataset has 103 spectral bands prior to water-band removal,
with a spectral coverage from 0.43 to
and a spatial
resolution of 1.3 m. Approximately, 42 776 labeled pixels with
nine classes are from the ground truth map. We randomly select a
number of labeled samples (such as 20, 30,
, or 70 per class)
and 6660 total samples to be classiﬁed (740 per class) to evaluate
the proposed method.
B. Parameter Tuning
First of all, we study the parameters of Gabor ﬁlter for
hyperspectral images. In our work, eight orientations are initially
considered, and according to (4), the parameters of Gabor ﬁlter
with different and
are investigated as shown in Fig. 4(a) and
(b) for the Indian Pines data, (c) and (d) for the University of
Pavia data, respectively. Fig. 4 illustrates classiﬁcation accuracy
of the proposed PC-Gabor-NRS and BS-Gabor-NRS versus
varying as well as
. Note that for PC-Gabor-NRS in this
experiment, some parameters are empirically chosen, such as the
2

http://www.csie.ntu.edu.tw/~cjlinn/libsvm.

3

http://www.stanford.edu/~boyd/software.html.
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Fig. 3. Example of how biasing Tikhonov matrix Γ affects the weight vector
using 50 labeled samples for original NRS, PC-Gabor-NRS, and BS-Gabor-NRS:
(a diagonal elements of Γ for NRS, (b) corresponding weight vector for NRS, (c) diagonal elements of Γ for PC-Gabor-NRS, (d) corresponding weight vector
for PC-Gabor-NRS, (e) diagonal elements of Γ for BS-Gabor-NRS, and (f) corresponding weight vector
for BS-Gabor-NRS.
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Fig. 4. Classiﬁcation accuracy (%) versus varying and
for proposed methods using 70 labeled samples per class: (a) PC-Gabor-NRS, (b) BS-Gabor-NRS for the
Indian Pines dataset, (c) PC-Gabor-NRS, and (d) BS-Gabor-NRS for the University of Pavia dataset.

TABLE I
FOR
CLASSIFICATION ACCURACY (%) VERSUS DIFFERENT ORIENTATIONS AND
PROPOSED PC-GABOR-NRS USING 70 LABELED SAMPLES PER CLASS OF THE INDIAN
PINES DATA

reduced dimensionality of PCs is 10, and other parameters are
estimated according to the following experiments, such as
regularization parameter
. From the results, the optimal
for both experimental data is 16, optimal
for the Indian
Pines data is 1, and the one for the University of Pavia data is 5.
We further discuss different choices of orientations as well as
spatial frequency bandwidth
. Eight orientations are those
shown in Fig. 1, four orientations include,
, two
orientations include
, and one orientation is . Tables I

TABLE II
CLASSIFICATION ACCURACY (%) VERSUS DIFFERENT ORIENTATIONS AND
PROPOSED PC-GABOR-NRS USING 70 LABELED SAMPLES PER CLASS OF
UNIVERSITY OF PAVIA DATA

FOR
THE

and II list the classiﬁcation performance of PC-Gabor-NRS with
different orientations and
for the experimental datasets when
there are 70 labeled samples per class. In Tables I and II, it turns
out that the accuracy does not change dramatically for each case.
Nevertheless, it is clear to observe that optimal
is 1 and 5 for
the Indian Pines data and the University of Pavia data, respectively, which is consistent with Fig. 4. As for the orientation, the
performance of eight orientations is slightly better than others. As
a consequence, we consider eight orientations and
as the
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Fig. 5. Classiﬁcation accuracy versus varying using the Indian Pines dataset:
(a) NRS, (b) PC-Gabor-NRS, and (c) BS-Gabor-NRS.

Fig. 6. Classiﬁcation accuracy versus varying using the University of Pavia
dataset: (a) NRS, (b) PC-Gabor-NRS, and (c) BS-Gabor-NRS.
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selected bands for BS-Gabor-NRS as well as BS-Gabor-SVM,
with 50 labeled samples per class. From the results, on the one
hand, BS-Gabor-SVM slightly outperforms PC-Gabor-SVM,
and BS-Gabor-NRS has almost the same performance as PCGabor-NRS; on the other hand, we observe that the accuracies for
all the methods tend to be relatively stable when the dimensionality of feature subspace larger than some value (e.g., 8 and 12 for
the Indian Pines dataset and the University of Pavia dataset,
respectively).
C. Classiﬁcation Results

Fig. 7. Classiﬁcation accuracy (%) versus reduced dimensionality of feature
subspace for PC-Gabor-SVM, BS-Gabor-SVM, PC-Gabor-NRS, and BS-GaborNRS: (a) the Indian Pines dataset and (b) the University of Pavia dataset.

parameters of Gabor ﬁlter for experimental data in the following
experiments; moreover,
for the Indian Pines data, and
for the University of Pavia data. We have similar
conclusion for BS-Gabor-NRS.
Then, we report experiments demonstrating the sensitivity of
the proposed methods over a wide range of the parameter space.
System parameters, such as regularization parameter
and
dimensionality of the projected subspace, are investigated. In
general, leave-one-out cross validation (LOOCV) strategy based
on available labeled samples is considered for parameter tuning.
Figs. 5 and 6 show the classiﬁcation accuracy versus varying
for NRS, PC-Gabor-NRS, and BS-Gabor-NRS using the experimental datasets. We observe that the optimal parameter is not
actually sensitive to the different numbers of labeled samples;
take the Indian Pines data for example, optimal can be 0.6 for
NRS, 0.1 for PC-Gabor-NRS, and 0.5 for BS-Gabor-NRS. For
other classiﬁers, cross validation is also used to determine the
related parameters. Fig. 7 shows the classiﬁcation accuracy
versus reduced dimensionality—the number of PCs for PCGabor-NRS as well as PC-Gabor-SVM, and the number of

Next, the performance of proposed classiﬁcation methods is
shown in Tables III and V for the two experimental data. In
practice, the number of available labeled samples is often
insufﬁcient for hyperspectral images. Thus, we investigate the
classiﬁcation accuracy of aforementioned classiﬁers as a function of different labeled samples size, varying from 20 to 70 per
class. To avoid any bias, all the experiments are repeated 10
times, and we report the averaged classiﬁcation accuracy as well
as the corresponding standard deviation which have been listed
in the tables.
From the results of each individual classiﬁer, with Gabor
features, the performance is much better than that with the
original spectral signatures only; for example, in Table III,
BS-Gabor-RLDA has 12% higher accuracy than RLDA, BSGabor-SVM has 15% higher accuracy than SVM, PC-GaborSRC has 19% higher accuracy than SRC, and PC-Gabor-NRS
has 16% higher accuracy than NRS when there are 70 labeled
samples per class. Moreover, for the Indian Pines dataset,
proposed PC-Gabor-NRS/BS-Gabor-NRS ( -minimization) is
competitive with the PC-Gabor-SRC/BS-Gabor-NRS, and the
proposed one has much less computational cost. It is interesting
to notice that the performance of BS-Gabor-SVM is close to
proposed methods, even in Table IV where we show the accuracy
for each class using the whole scene of the Indian Pines data.
Moreover, in Table IV, classiﬁers (SVM, SRC, and NRS) using
the Gabor features extracted from the subset of original bands can
perform well on the small-size class Oats (e.g, class 9). For the
University of Pavia dataset as shown in Table V, it can be seen
that the accuracy of proposed PC-Gabor-NRS/BS-Gabor-NRS is
always around 4% higher than that of PC-Gabor-SVM/BSGabor-SVM, much higher than others. These results verify the
several beneﬁts we have elaborated in Section II-C. Hence, we
conclude that proposed PC-Gabor-NRS and BS-Gabor-NRS are
very effective classiﬁcation strategies for hyperspectral data
analysis tasks under the SSS condition.
After that, Figs. 8 and 9 further illustrate the thematic maps
resulting from the classiﬁcation of these hyperspectral images in
areas for which we have ground truth (note that these areas are
viewed as the data to be classiﬁed). In Fig. 8, we employ the same
labeled samples as listed in Table IV. “Unavailable area” in Fig. 9
indicates the regions where we cannot obtain the class label from
the ground truth map. These maps are consistent with the results
shown in Tables IV and V. Clearly, Gabor-ﬁltering-based classiﬁers results in maps that are less noisy and more accurate.
Finally, we report the computational complexity of the aforementioned classiﬁcation methods using 70 labeled samples per
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OVERALL ACCURACY (%)—MEAN

TABLE III
STANDARD DEVIATION USING VARYING NUMBERS OF LABELED SAMPLES (RATIO REPRESENTS THE PROPORTION OF LABELED SAMPLES AND
SAMPLES TO BE CLASSIFIED) FOR THE INDIAN PINES DATASET

TABLE IV
CLASSIFICATION ACCURACY (%) IN 16 GROUND TRUTH CLASSES INCLUDING LABELED SAMPLES

OVERALL ACCURACY (%)—MEAN

AND

SAMPLES

TO BE

CLASSIFIED

FOR THE INDIAN

PINES DATASET

TABLE V
STANDARD DEVIATION USING VARYING NUMBERS OF LABELED SAMPLES (RATIO REPRESENTS THE PROPORTION OF LABELED SAMPLES AND
SAMPLES TO BE CLASSIFIED) FOR THE UNIVERSITY OF PAVIA DATASET

class. All experiments were carried out using MATLAB on an
Intel(R) Core(TM) 2 Duo CPU machine with 4 GB of RAM. The
execution time for the two experimental data is shown in
Table VI. SVM as well as PC-Gabor-SVM are not considered
here because the related toolbox uses the MEX function which
calls C program in MATLAB. In Table VI, it is interesting to

notice that methods using the -minimization have much less
computational cost than these using the -minimization. It is
worthy to mention that for the computational cost of proposed
Gabor-based methods are a little higher than these without Gabor
due to the fact that it carries the additional burden of Gabor
feature extraction.
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Fig. 8. Thematic maps resulting from classiﬁcation for the Indian Pines dataset
with 16 classes: (a) false-color image, (b) ground truth, (c) SVM, (d) BS-GaborSVM, (e) NRS, and (f) BS-Gabor-NRS.

TABLE VI
EXECUTION TIME (IN SECONDS) FOR TWO EXPERIMENTAL DATASETS

IV. CONCLUSION
In this work, we improved the performance of the previously
developed NRS classiﬁer by using Gabor features. Speciﬁcally, a
simple two-dimensional Gabor ﬁlter was implemented to extract
spatial features in the PCA-projected domain or a subset of
original bands with band selection, which actually include both
spatial and spectral information. The proposed classiﬁcation
techniques, i.e., PC-Gabor-NRS and BS-Gabor-NRS, have been
compared with traditional classiﬁers, such as RLDA and SVM,

Fig. 9. Thematic maps resulting from the classiﬁcation for the University of
Pavia dataset using 50 labeled samples per class: (a) false-color image, (b) ground
truth, (c) SVM: 85.02%, (d) PC-Gabor-SVM: 91.79%, (e) NRS: 85.37%, and
(f) PC-Gabor-NRS: 93.14%.

and the state-of-the-art representation-based classiﬁers, such as
SRC, under the SSS condition for hyperspectral data. Experimental results have demonstrated that the proposed methods can
outperform other classiﬁcation techniques with very few labeled
samples.
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