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Abstract— A multiple-feature-based adaptive sparse repre-
sentation (MFASR) method is proposed for the classification
of hyperspectral images (HSIs). The proposed method mainly
includes the following steps. First, four different features are
separately extracted from the original HSI and they reflect
different kinds of spectral and spatial information. Second, for
each pixel, a shape adaptive (SA) spatial region is extracted.
Third, an adaptive sparse representation algorithm is introduced
to obtain the sparse coefficients for the multiple-feature matrix
set of pixels in each SA region. Finally, these obtained coefficients
are jointly used to determine the class label of each test pixel.
Experimental results demonstrated that the proposed MFASR
method can outperform several well-known classifiers in terms
of both qualitative and quantitative results.

Index Terms— Adaptive sparse representation, feature extrac-
tion, hyperspectral image classification, sparse representation.

I. INTRODUCTION

HYPERSPECTRAL image (HSI) analysis (including the
classification[1]–[5] and unmixing [6]) is one of the

important topics in remote sensing instrument and measure-
ment [7], which has a wide range of application fields in
skin imaging [8], ground elements identifying [9] and mineral
exploration [10]. HSIs are collected by capturing and recording
the electromagnetic wave reflected from materials, which span
from the visible to the infrared spectrum [11]. In HSIs, the
spectrum information for a single pixel is represented by a
vector whose entries are corresponding to those values of
different spectral bands [12]. The linear differences of pixels’
spectral information in HSI can be used to determine the class
labels of pixels [13].

For hyperspectral classification, some previous works have
utilized the spectral information of the HSI only without
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considering the spatial contexts and thus often provided
classification maps with very noisy appearance [14], [15].
To enhance the classification performance, some
works [16], [17] have attempted to jointly exploit the
spatial–spectral information of the HSI. Chen et al. [17]
proposed a region-based sparse representation assuming that
pixels within a local region usually belong to the same material
or the same class. In the region-based sparse representation, a
fixed-size region for each test pixel is first defined, and then
the pixels within this region are jointly decomposed on the
same dictionary atoms. Since the size of the selected region
is fixed, the complex spatial information of the HSI cannot be
sufficiently exploited. In [18], different weights were assigned
for varied neighboring pixels around the central test pixel
and an improved classification performance was obtained.
In [19], the information of spatial coherence was exploited
via a batch-mode active learning approach.

In contrast to the above-discussed methods, some
approaches have focused on effective feature extraction.
Kalluri et al. [20] extracted spectral derivative informa-
tion from the HSI. Benediktsson et al. [21] computed
the extended morphological profiles as features that are
based on principal component analysis [22] of the HSI.
Jimenez-Rodriguez et al. [23] utilized several linear unsuper-
vised methods to extract features from the HSI. Recently, some
works have combined the extracted features with classifiers
for HSI classification. Li et al. [24] extracted both linear and
nonlinear features, and developed a multiple-feature learning
mechanism for HSI classification. Zhang et al. [25] proposed
a fast multiple-feature joint sparse representation (MF-JSRC)
by applying a �row,0-norm penalty across multiple features.
These multiple-feature-based classifiers achieved outstanding
classification performances, but still had some issues to be
addressed. As in [17], these multiple-feature-based classifiers
only applied the fixed-size spatial window on the features,
and the spatial correlations of the HSI features cannot be
sufficiently exploited. In addition, the correlations (similarity
and diversity of multiple features) among different features are
not well considered in the multiple-feature-based classifiers
(e.g., the �row,0-norm in [25] cannot explore the diversity of
multiple features because the optimal atom of different features
may lie in different rows).

To address the above two issues, a multiple-feature-based
adaptive sparse representation (MFASR) method is proposed
in this paper. Firstly, four features are extracted from the
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original HSI. Then, instead of adopting a fixed-size window,
a shape adaptive (SA) region [26] is selected for each pixel,
which can adaptively exploit the neighboring spatial infor-
mation. After that, an adaptive sparse representation method
is applied to adaptively decompose the pixels within the SA
regions of different features. The adaptive norm used in this
method can exploit the strong correlations among different
features, while still preserving their diversities in a more
flexible way. Finally, the obtained sparse coefficients from
different features are jointly used to determine the class label
and create the classification map.

The rest of this paper is organized as follows. Section II
briefly reviews the traditional sparse representation-based HSI
classification method. Section III introduces the proposed
MFASR method for the HSI classification. Experimental
results and analysis are given in Section IV. Section V
concludes this paper.

II. SPARSE REPRESENTATION FOR HSI CLASSIFICATION

Sparse representation has been proved to be an effective
tool in many fields including the denoising [27], reconstruc-
tion [28]–[30], target detection [31], [32], recognition [33],
and tracking [34]. A hyperspectral pixel can be denoted as
x = [x1, . . . , xN ] ∈ RN×1, where N is the number of
spectral bands. Sparse representation classification (SRC) [35]
framework assumes that the pixel x of a particular class can
be represented by a linear combination of atoms selected
from a dictionary D = [D1, . . . , Dc, . . . , DC ] ∈ RN×M . C
is the number of classes and M = ∑C

c=1 Mc is the total
number of training samples. The subdictionary Dc ∈ RN×Mc

is constructed by directly extracting pixels of the cth class
in original HSI. Then, after conducting the same operation,
we can obtain one subdictionary for each class, and all
these subdictionaries are constituted as the final dictionary
D = [D1, . . . , Dc, . . . , DC ]. Then x can be sparsely repre-
sented as follows:

x = Dα + ε (1)

where α ∈ RM×1 is the sparse coefficients for the x and ε is
an error residual item. The α can be obtained by solving the
following optimization problem:

α̂ = arg min
α

‖x − Dα‖2 s.t. ‖α‖0 ≤ K0 (2)

where K0 is the sparsity level, which is equal to the upper
bound number of nonzero rows in α̂. Equation (2) is a non-
deterministic polynomial-time hard (NP-hard) [36] problem,
and it can only be approximately solved by the orthogonal
matching pursuit (OMP) [37]. Once α̂ is obtained, the class
label of the test pixel can be determined by comparing the
reconstruction error of each class

class(x) = arg min
c=1,...,C

rc(x) = arg min
c=1,...,C

‖x − Dcα̂c‖2 (3)

where α̂c is the sparse coefficient subset of α̂ belonging to
c-th class.

To utilize the spatial information of HSI, the joint sparse
representation classification (JSRC) [17] method first defines
a fixed-size region for each pixel. All the pixels within the

region can constitute a matrix X = [x1, x2, . . . , x�], where
� is the number of neighboring pixels. Then, the X can be
simultaneously decomposed on the dictionary and the obtained
coefficients can be jointly used to determine the class label of
the test pixel [17], [38].

III. MULTIPLE-FEATURE-BASED ADAPTIVE

SPARSE REPRESENTATION

In this section, we will first describe the four extracted
features from the HSI and then introduce the adaptive sparse
representation framework that effectively integrates the four
features.

A. Multiple Features Extraction

The main information of the 3-D cube HSI lies on the
spectral dimension and spatial dimension. Therefore, in this
paper, four different kinds of spectral-spatial features are
extracted from the HSI, including the spectral value, extended
morphological profiles (EMP), Gabor texture, and differential
morphological profiles (DMP). The spectral value represents
the spectral information of the HSI, while the EMP, Gabor
texture, and DMP can sufficiently capture different kinds of
spatial contexts of the HSI. The descriptions of how to con-
struct these four features and their characteristics are detailed
as follows.

1) Spectral-Value Feature: This feature is the original HSI
data, which also provides the basis for the extraction of
the spectral information.

2) EMP: A morphological profile (MP) [39] can be built
by performing a series of morphological openings and
closings with structuring elements (SEs) in different
sizes on the principal components (PC). When those
MPs on several PCs are integrated together, it yields the
EMP feature [40]. EMP feature can enhance the spectral-
spatial information of neighborhood pixels in HSI [21].

3) Gabor Texture: The Gabor filter [41], which is defined
as a Gaussian function multiplied by a sine wave, can be
used for extracting the texture information in different
scales and directions. In this paper, the Gabor texture
feature is extracted by filtering the first principal com-
ponent image of HSI with a series of Gabor functions.
The Gabor feature can be used to strengthen the texture
details or margins of the HSI [42], [43].

4) Differential Morphological Profiles (DMP): DMP can
be defined as the slopes of MPs. The key parameters
of DMP are the basic images (e.g., principal compo-
nent [22] images) and the radius λ of the structuring
elements. DMP feature can well represent the shape
information of the HSI [44].

Note that, EMP and DMP process the PCs in a sequen-
tial way, instead of operating them as a whole 3-D cube.
In specific, EMP [21], [40] and DMP [44] first perform a
series of morphological openings and closings on the first
principal component (PC) image. Then, same operations are
sequentially conducted for the other principal component
images. Since the above four features are extracted from the
same HSI, strong correlations should exist among them. In the
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Fig. 1. (a) Pixel-wise multiple-feature-based joint sparse model. (b) Pixel-wise multiple-feature-based adaptive sparse model. Different shapes denote different
features. The shapes with colors stand for the nonzero values, while the others represent the zero values. The coefficients in the adaptive set and joint set
belong to the same class.

following section, a MFASR method is proposed to adaptively
exploit the correlations among the four features for the HSI
classification.

B. Multiple-Feature-Based Adaptive Sparse
Representation Framework

In the multiple-feature case, a pixel x can be represented by
four features xMF = {xk}k=1,2,3,4, where xk is the kth feature
vector. Similarly, the corresponding four feature dictionaries
set DMF = {Dk}k=1,2,3,4 can be constructed by extracting
pixels from these features. For the pixel xk of each feature,
as in (2), the OMP algorithm can be used to obtain the
corresponding sparse coefficient αk . Then, we can determine
the class label of the test pixel by jointly computing the
minimal residual

class(x) = arg min
c=1,...,C

4∑

k=1

∥
∥xk − Dk

c α̂
k
c

∥
∥

2 (4)

where α̂
k
c is the sparse coefficient of kth feature belong-

ing to cth class. However, the separate sparse coding algo-
rithm (OMP) cannot exploit the strong correlations among
different features.

Inspired by the work in [45], we propose an MFASR method
to utilize the similarities and diversities of multiple features
(see Fig. 1). Fig. 1 shows the differences between pixel-wise
multiple-feature-based joint sparse model and the pixel-wise
multiple-feature-based adaptive model. As can be observed,
the joint sparse model enforces the coefficients values to be
in the same row (see the joint set in Fig. 1), whereas the
adaptive model allows the coefficients values to be distributed
in different rows (see the adaptive set in Fig. 1). Since
the test pixels {xk}k=1,2,3,4 from different features belong to
the same class, the multiple-feature sparse coefficients are
constrained to have a same class-level sparsity pattern, but
still have the freedom to select their different (optimal) atoms
within one class. Therefore, the desired sparse coefficients
{αk}k=1,2,3,4 for test pixels of multiple features would have

a same class-level pattern and a distinct feature-level pat-
tern. The multiple-feature-based adaptive sparse coefficients
Â = [α̂1, α̂2, α̂3, α̂4] can be obtained by solving the following
optimization problem:

Â = arg min
A

4∑

k=1

‖xk − DkAk‖F s.t. ‖A‖adaptive,0 ≤ K0 (5)

where ‖A‖adaptive,0 is the adaptive norm, which can select
a number of the most representative adaptive sets from the
multiple-feature sparse matrix A [45]. Each adaptive set is
denoted as the indexes of nonzero scalar coefficients, which
belong to the same class in A. The optimization problem in (5)
can be efficiently solved by an adaptive sparse algorithm that
was introduced in [45]. After obtaining A, the joint residual
errors can be calculated to determine which class the pixel
belongs to:

class(x) = arg min
c=1,...,C

4∑

k=1

∥
∥xk − Dk

cÂ
k
c

∥
∥

F (6)

where Â
k
c is the c-th class subset of the k-th feature’s sparse

vector.
To further enhance the classification performance, as

described in Section II, the spatial information of the HSI
features can be exploited by defining a spatial window for
each pixel. Instead of utilizing a fixed-size window, as in [26],
a shape adaptive (SA) window is selected for the pixel of
each feature. The pixels within the SA window for each
feature can constitute a set matrix {Xk

SA}k=1,2,3,4, where
Xk

SA = [xk
1, xk

2, . . . , xk
�]. Then, the SA sparse matrix Ŝ for

the {Xk
SA}k=1,2,3,4 can be obtained by

Ŝ = arg min
S

4∑

k=1

∥
∥Xk

SA − DkSk
∥
∥

F s.t. ‖S‖adaptive,0 ≤ K0

(7)

where S = [S1, S2, S3, S4], the Sk is the coefficients matrix
associated with feature k and Sk = [αk

1
,αk

2
, . . . ,αk

�
]. Also, the
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Fig. 2. Outline of the proposed MFASR method.

adaptive sparse algorithm in [45] can be used to solve the (7).
Once Ŝ is obtained, a single class label can be determined for
the x by computing the following minimal error:

class(x) = arg min
c=1,...,C

4∑

k=1

∥
∥Xk

SA − Dk
c Ŝk

c

∥
∥

F . (8)

The outline of the whole proposed MFASR method is
illustrated in Fig. 2.

Note that our previous work [45] utilizes the adaptive sparse
norm to pursuit the sparse coefficients of multiple scales’
regions in the original HSI. In contrast, the current work
uses multiple feature images and employs the adaptive sparse
norm to obtain the sparse coefficients of different features.
In addition, since different features have different spatial
contexts, a shape adaptive spatial region has been adopted
and the adaptive sparse norm is further used to simultaneously
utilize the correlations of shape adaptive regions in different
hyperspectral feature images.

IV. EXPERIMENTAL RESULTS AND ANALYSIS

In this section, four experiments were separately conducted
on three real HSIs to validate the superiority of the proposed
MFASR algorithm.

A. Hyperspectral Data Sets

The first test data set is the Indian Pines, which was
acquired by the airborne/visible infrared imaging spectrome-
ter (AVIRIS) sensor over the Indian Pines test site in Northwest
Indiana. The data set consists of 220 spectral bands across
the spectral range of 0.4–2.5 μm and each band contains
145 × 145 pixels with a spatial resolution of 20 m per pixel.
In our experiments, 20 water absorption bands (no. 104–108,
150–163, 220) [46] of these data have been removed. The false
color composition and reference map of Indian Pines are given
in Fig. 3(a) and (b). The reference map contains 16 classes.

The second data set is the University of Pavia, which was
collected by the ROSIS optical sensor over an urban area
surrounding the University of Pavia, Italy. The data set is of
size 610×340×115 with a spatial resolution of 1.3 m per pixel
and a wavelength range of 0.43–0.86 μm. In our experiments,

12 noisy bands were discarded. Fig. 4(a) and (b) show the
color composite and the reference data of the University of
Pavia. The reference map contains 9 classes.

The third data set is the Washington DC, which was
collected by the Hyperspectral Digital Image Collection Exper-
iment (HYDICE) sensor over the Washington DC Mall. The
sensor system measured 210 bands (in our experiments,
19 bands in the spectral range 0.9–1.4×10 μm were omitted)
of the visible and infrared spectrum in the 0.4 to 2.4 μm. The
data set contains 280 scan lines and 307 pixels in each scan
line. The false color composite and reference map (6 ground
reference classes contained) of the Washington DC are shown
in Fig. 5(a) and (b).

B. Comparisons of Different Classifiers

The proposed MFASR method was compared
with the SVM [14], collaborative representa-
tion classification (CRC) [47], joint collaborative
representation classification (JCRC) [47], pixel-wise
sparse representation classification (SRC) [17], joint sparse
representation classification (JSRC) [17], shape adaptive joint
sparse representation classification (SAJSRC) [26], multiple-
feature sparse representation classification (MF-SRC, which is
the pixel-wise version of the MF-JSRC without combining the
neighboring information) [25], multiple-feature shape-adaptive
joint sparse representation classification (MF-SAJSRC, which
replaces the fixed spatial window with the shape-adaptive
spatial window), multiscale adaptive sparse representation
classification (MASR) [45], and MFASR-Pixel-wise (which is
the pixel-wise version of the MFASR). Note that, to achieve
a fair comparison, the SAJSRC is directly applied on the
original HSI image and does not include any post-processing
operations. SVM, CRC, and SRC are pixel-wise classifiers,
and JCRC, JSRC, SAJSRC, and MASR are spectral–spatial
methods. The above methods only utilize the spectral feature.
MF-SRC, MF-SAJSRC, MFASR-Pixel-wise, and MFASR
combine four different features.

The overall accuracy (OA), average accuracy (AA), and
Kappa coefficient are adopted in these experiments to evaluate
the quality of the classification result. The detailed feature
extraction procedure can be found in [40], [43], and [44].
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Fig. 3. Classification maps for the Indian Pines image. (a) False color composition image. (b) Reference map. (c) Result from SVM. (d) Result from
CRC. (e) Result from SRC. (f) Result from JCRC. (g) Result from JSRC. (h) Result from SAJSRC. (i) Result from MF-SRC. (j) Result from MF-SAJSRC.
(k) Result from MASR. (l) Result from MFASR-Pixel-wise. (m) Result from MFASR.

TABLE I

PARAMETERS FOR EXTRACTED FOUR FEATURES

The parameter values used in this paper for different kinds of
features are listed in Table I. As suggested in [17], the sparsity
level for all sparse representation-based classifiers (e.g., SRC,
JSRC, SAJSRC, MF-SRC, MF-SAJSRC, MASR, MFASR-
Pixel-wise, and MFASR) is set to 3. Further increasing the
sparsity level will not only create higher computational cost,
but also mislead dictionary atoms from the wrong classes to
be selected, thus deteriorating the classification performance.
The optimal region size for JSRC was selected differently for
varied HSIs (7 × 7 for Indian Pines, 15 × 15 for University of
Pavia, 5 × 5 for Washington DC) to reach their best results.

In the first experiment, the SRC is applied on the four
extracted features of the Indian Pines and their results are
compared with the proposed MFASR-Pixel-wise and MFASR
methods. In the Indian Pines image, 10% of the samples for
each of the 16 classes were randomly chosen for training

and the rest (90%) was used for testing. The quantitative
results are tabulated in Table II with the best results for each
quantitative metric labeled in bold and the optimal results
for single-feature-based SRC underlined. As can be observed
in Table II, the proposed MFASR-Pixel-wise and MFASR
methods outperform the SRC that were separately conducted
only on single features, which demonstrates the effectiveness
of the proposed multiple-feature-based adaptive sparse strategy
on combining multiple features. In those features, the EMP
and DMP feature have strong classification information, and
the DMP feature reaches to the highest accuracy of OA.

In the second experiment, the proposed MFASR-Pixel-wise
and MFASR methods were compared with the SVM, CRC,
SRC, JCRC, JSRC, SAJSRC, MF-SRC, MF-SAJSRC, and
MASR on Indian Pines image with the same training and
testing samples set (see Table III). Fig. 3(c)–(m) illustrated the
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Fig. 4. Classification maps for the Pavia University image. (a) False color composition image. (b) Reference map. (c) Result from SVM. (d) Result from
CRC. (e) Result from SRC. (f) Result from JCRC. (g) Result from JSRC. (h) Result from SAJSRC. (i) Result from MF_SRC. (j) Result from MF_SAJSRC.
(k) Result from MASR. (l) Result from MFASR-Pixel-wise. (m) Result from MFASR.

classification maps obtained by various classifiers. In general,
the proposed MFASR approach generally performs better than
the compared classification methods in terms of visual quality
on classification maps and the quantitative metrics OA, AA,
and Kappa, and is very competitive with the MASR on the
OA. Specifically, as can be seen from the zoomed-in rectangle
regions in the classification maps of Fig. 3, some details
are misclassified by the compared classifiers, whereas these
meaningful detailed structures are accurately classified by the
proposed MFASR.

The third experiment was performed on the University of
Pavia data set. In this experiment, only 1% of the labeled
data were selected as training samples and the remaining 99%
of data were used as test samples (see the second column
of Table IV). The classification maps of various classifiers
are shown in Fig. 4(c)–(k). As can be seen, with only 1%
training samples, the proposed MFASR method still achieves

an excellent classification accuracy (an OA of 98.39%), which
is superior to the other classifiers. Specifically, from this table,
it can be seen that the performance of methods based on
multiple features are better than those based on spectral feature
(e.g., the OA of MFASR and MF-SAJSRC are higher than
JCRC and JSRC). In addition, the OA of MFASR is higher
than MF-SASRC (it is also the same case as in MFASR-Pixel-
wise and MF-SRC), which demonstrates that the adaptive
norm has a better ability of combining four features than
�row,0-norm. In Fig. 4, the zoomed-in circle and rectangle
regions of proposed MFASR show better appearance than that
of other classification methods, especially in those strip shape
areas.

The fourth experiment was carried on the Washington DC
data set. Here, 5% of the labeled data were chosen as the
training samples, and the remaining 95% of data were used
for testing (see the second column of Table V). Since many
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Fig. 5. Classification maps for the Washington DC image. (a) False color composition image. (b) Reference map. (c) Result from SVM. (d) Result from
CRC. (e) Result from SRC. (f) Result from JCRC. (g) Result from JSRC. (h) Result from SAJSRC. (i) Result from MF_SRC. (j) Result from MF_SAJSRC.
(k) Result from MASR. (l) Result from MFASR-Pixel-wise. (m) Result from MFASR.

TABLE II

CLASSIFICATION ACCURACIES (AVERAGED ON TEN RUNS WITH RANDOMLY TRAINING SAMPLES) OF INDIAN PINES IMAGE OBTAINED BY THE SRC
WITH SINGLE FEATURES AND MFASR-PIXEL-WISE, MFASR, AND CLASS-SPECIFIC ACCURACIES ARE IN PERCENTAGE

detailed regions are appeared in this data set, we only utilized
three small scales (3×3, 5×5, 7×7) for the MASR. Note that
adding larger scale regions will deteriorate the classification
performance of the MASR. Fig. 5(c)–(k) shows the classifica-
tion maps for various classifiers. As can be observed, although
the training set is very small, the proposed MFASR method

still has the ability to outperform other compared methods
(see the zoomed-in rectangle regions in the classification maps
of Fig. 5).

Also, we examined the effect of the number of training
samples on the overall accuracy for the Indian Pines, Pavia
University, and Washington DC data sets, as shown in Fig. 6.
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TABLE III

CLASSIFICATION ACCURACIES (AVERAGED ON TEN RUNS WITH RANDOMLY TRAINING SAMPLES) OF INDIAN PINES IMAGE OBTAINED
BY THE SVM, CRC, SRC, JCRC, JSRC, SAJSRC, MF-SRC, MF-SAJSRC, MASR, MFASR-PIXEL-WISE, AND MFASR.

CLASS-SPECIFIC ACCURACIES ARE IN PERCENTAGE

TABLE IV

CLASSIFICATION ACCURACIES (AVERAGED ON FIVE RUNS WITH RANDOMLY TRAINING SAMPLES) OF UNIVERSITY OF PAVIA

IMAGE OBTAINED BY THE SVM, CRC, SRC, JCRC, JSRC, SAJSRC, MF-SRC, MF-SAJSRC, MASR,
MFASR-PIXEL-WISE, AND MFASR. CLASS-SPECIFIC ACCURACIES ARE IN PERCENTAGE

For the Indian Pines image, 1%–30% of the labeled samples
were randomly selected for training and the remaining labeled
samples were used for test. For the University of Pavia Data,
the selected training samples ranged from 0.1% to 3%. For
the Washington DC, the selected training samples ranged
from 0.5% to 30%. In Fig. 6, the reported accuracies are

the averaged results over ten runs. In all the ten random
runs, the positions of those training and testing samples set
are the same for all the test methods to achieve a fair com-
parison. As can be observed, the proposed MFASR method
can generally outperform or is very comparable to other
test methods on all the different training samples. To show
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TABLE V

CLASSIFICATION ACCURACIES (AVERAGED ON FIVE RUNS WITH RANDOMLY TRAINING SAMPLES) OF WASHINGTON DC
IMAGE OBTAINED BY THE SVM, CRC, SRC, JCRC, JSRC, SAJSRC, MF-SRC, MF-SAJSRC, MASR,

MFASR-PIXEL-WISE, AND MFASR. CLASS-SPECIFIC ACCURACIES ARE IN PERCENTAGE

Fig. 6. Effect of the number of training samples on the MFASR, MFASR-
Pixel-wise, MF-SAJSRC, MF-SRC, MASR, SAJSRC, and JSRC methods
on the (a) Indian Pines, (b) University of Pavia, and (c) Washington DC
images, respectively.

stability of the proposed method, Fig. 7 uses the error bars to
show the standard deviations of four test multifeature-based
methods. It can be seen that in small number of training

Fig. 7. Performance on standard deviation of the MFASR, MFASR-
Pixel-wise, MF-SAJSRC, and MF-SRC methods on the (a) Indian Pines,
(b) University of Pavia, and (c) Washington DC images, respectively.

samples, all the test methods show comparatively large vari-
ations. However, the proposed method MFASR generally
delivers more robust results. As the training samples increase,
the variations of all the test methods will become small.
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TABLE VI

RUN TIME (SECONDS) AVERAGED OVER TEN REALIZATIONS FOR THE CLASSIFICATION OF THE INDIAN PINES,
UNIVERSITY OF PAVIA, AND WASHINGTON DC IMAGES BY THE SVM, CRC, SRC, JCRC, JSRC,

SAJSRC, MF-SRC, MF-SAJSRC, MASR, MFASR-PIXEL-WISE, AND MFASR

Fig. 8. Effect of the sparsity level on the MFASR and MFASR-Pixel-wise
methods on the (a) Indian Pines, (b) University of Pavia, and (c) Washington
DC images, respectively.

Since our dictionaries are constructed by directly extracting
sampled pixels from the feature images, the sizes of the
dictionaries are the same as the number of training samples.
Therefore, Figs. 6 and 7 analyzing the effects of different
training samples also illustrate the influences of different size
of the dictionaries. It can be observed in Fig. 7, as the
dictionary size increases, the performances of the proposed
method will improve. However, even with very small dic-
tionary sizes (e.g., only 1% training pixels for Indian Pines,

0.1% for University of Pavia, and 0.5% for Washington DC),
the proposed method can generally deliver good classification
results (overall accuracies are higher than 85%).

In addition, the proposed MFASR-Pixel-wise and MFASR
approaches are performed on three HSI data sets under dif-
ferent sparsity levels to test the OA. For Indian Pines, Pavia
University and Washington DC images, their percentages
of training samples are 5%, 0.5%, and 2%, respectively.
Fig. 8 shows the averaged OA with standard deviations over
ten random runs. It can be observed in Fig. 7, as the sparsity
level increases from 1 to 5, our performance will generally
improve. However, very large sparsity level will deteriorate
our performance. This is because when the sparsity level is
very large, some dictionary atoms from other class might be
selected, misleading the final classification.

Finally, in Table VI, the run time of the proposed MFASR
method and the other compared methods is given. All the
programs were executed in the environment of an Intel Corei5-
4200M CPU 2.5 GHz and 8 GB of RAM. Here, the number
of training and test samples for the Indian Pines, Pavia
University, and Washington DC data sets is the same as that
illustrated in Tables III–V, respectively. As can be observed,
the MFASR method required more computational time than
other methods. The main computational cost is caused by the
inner product between the feature dictionaries {Dk}k=1,2,3,4
and the corresponding SA feature matrix {Xk

SA}k=1,2,3,4. Some
matrix acceleration techniques (e.g., progressive Cholesky
factorization [48]) can be employed to greatly alleviate the
computational burden involved in using the inner product.
In addition, it should be noted that the proposed method
was coded in MATLAB and was not optimized for speed.
The running speed can be significantly further accelerated by
coding the MFASR method with C++ and adopting a graphics
processing unit (GPU).

V. CONCLUSION

In this paper, an MFASR method for the classification of
HSIs was presented. The MFASR utilizes an adaptive sparse
representation to effectively exploit the correlations among
four extracted features. In addition, for the pixel in each
feature, a shape-adaptive region is adopted to fully utilize
the spectral–spatial information of the HSI features. The
experimental results on three real hyperspectral images demon-
strated the superiority of the proposed MFASR method over
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several well-known classifiers in terms of both quantitative and
qualitative measures.

In this paper, four features from the HSI were empirically
selected. In our future work, an automatic feature selection
strategy will be studied for the HSI, in order to further enhance
the HSI classification performance of MFASR. In addition, our
paper directly extracts pixels from the features to construct
feature dictionaries and, therefore, the dictionary size is very
large, leading to high computational cost. Our future work will
examine effective dictionary learning algorithms to construct
more representative feature dictionaries.
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