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Abstract—Sparse representation has been demonstrated to be
a powerful tool in classification of hyperspectral images (HSIs).
The spatial context of an HSI can be exploited by first defining
a local region for each test pixel and then jointly representing
pixels within each region by a set of common training atoms
(samples). However, the selection of the optimal region scale (size)
for different HSIs with different types of structures is a nontrivial
task. In this paper, considering that regions of different scales
incorporate the complementary yet correlated information for
classification, a multiscale adaptive sparse representation (MASR)
model is proposed. The MASR effectively exploits spatial infor-
mation at multiple scales via an adaptive sparse strategy. The
adaptive sparse strategy not only restricts pixels from different
scales to be represented by training atoms from a particular class
but also allows the selected atoms for these pixels to be varied, thus
providing an improved representation. Experiments on several
real HSI data sets demonstrate the qualitative and quantitative
superiority of the proposed MASR algorithm when compared to
several well-known classifiers.

Index Terms—Classification, hyperspectral image (HSI), mul-
tiscale adaptive sparse representation (MASR), multiscale spatial
information, sparse representation.

I. INTRODUCTION

FOR many years, classification of remote sensing images
has played an essential role in several applications, includ-

ing assessment of environmental damage, growth regulation,
land-use monitoring, urban planning, and reconnaissance [1].
Compared with high spatial resolution images (e.g., single-band
panchromatic data), hyperspectral images (HSIs) have a much
higher spectral resolution and thus give the possibility to detect
and distinguish various objects with higher accuracy [2].

In HSIs, each pixel is a high-dimensional vector, whose
entries denote the spectral response from hundreds of spectral
bands, spanning from the visible to the infrared spectrum [3].
The objective of HSI classification is to categorize each spectral
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pixel belonging to one of the classes based on the spectral
information. To achieve this objective, many spectral pixelwise
classifiers have been developed, including the support vector
machine (SVM) [4]–[6], support vector conditional random
classifier [7], multinomial logistic regression [8], [9], neural
network [10], adaptive artificial immune network [11], and
artificial deoxyribonucleic acid computing [12]. In general,
although these classifiers can make a full use of the spectral
information of HSI, the spatial context is not considered by
them. Therefore, the obtained classification maps often appear
noisy. Recently, to enhance the classification performance,
many attempts have been made to incorporate the spatial in-
formation of HSI, based on the assumption that pixels within
a local region usually represent the same material and have
similar spectral characteristics [13]. In [14], the spatial coher-
ence of pixels within a local region is utilized by including a
postprocessing procedure for each individual label. In [15] and
[16], the spectral and spatial information of each HSI pixel
is combined via a composite kernel approach. In [17], the
statistical dependence among neighboring pixels is exploited
by a Bayesian-based approach. In addition, some other HSI
classification works have focused on effective feature extraction
or feature reduction approaches, including spectral-only based
(e.g., principal components analysis [18], linear discriminative
analysis [19], and clonal selection for feature selection [20])
and spectral–spatial based (e.g., local Fisher’s discriminant [21]
and extended morphological profiles (EMPs) [22]). Moreover,
multiple features extracted from different ways can be com-
bined to further increase the robustness of classification [23].

Motived by the sparse coding mechanism of human vision
systems [24], sparse representation [25] has been demonstrated
to be an extremely powerful tool in many signal processing
applications, such as denoising [26], [27], interpolation [28],
and fusion [29]. Recently, the sparse representation has also
been extended to HSI classification [30]–[33] based on the
observation that HSI pixels belonging to the same class often
lie in a low-dimensional subspace, which is spanned by the
dictionary atoms (training samples) of the same class. Thus, an
unknown test pixel to be classified can be sparsely represented
by a few atoms among the whole training dictionary. The class
label of the test pixel can be determined by the recovered sparse
coefficients, which contain the positions of the selected atoms
and their weight values. Moreover, to further exploit the spatial
context of HSI, a joint sparse representation model (JSRM) can
be employed [30], [34]. The JSRM first defines a local region of
fixed size for each test pixel and then simultaneously represents
pixels within each local region by a set of common atoms.
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Compared to the spectral-only pixelwise sparse representation
approach, the JSRM can achieve a better HSI classification per-
formance, in terms of accuracy. However, regions with different
spatial structures in HSI should benefit from varied region sizes.
For example, a small region size is appropriate for detailed
or near-edge regions, while smooth areas require large region
sizes. Therefore, the JSRM is sensitive to the size of regions,
and it is very difficult to determine the optimal region size for
the method.

For one specific test pixel, when its neighboring region
scales (sizes) are selected differently, distinct structures and
characteristics will be exhibited. Considering that neighboring
regions of different scales correspond to the same test pixel,
they should offer complementary yet correlated information for
classification. Inspired by that, instead of selecting only a single
region scale, an effective multiscale scheme called the multi-
scale adaptive sparse representation (MASR) is proposed in this
paper to take advantage of correlations among multiple region
scales for HSI classification. Motivated by works in [35] and
[36], the MASR simultaneously represents the pixels of multi-
ple scales via an adaptive sparse strategy. More specifically, as
pixels of different scales should belong to the same class, the
adaptive sparse strategy first enforces pixels of multiple scales
to be represented by atoms from the same class. In addition,
since differences exist among varied scales, the adaptive sparse
strategy allows pixels of different scales to adaptively choose
their own appropriate atoms within each class. In this way, the
MASR not only combines the information of different scales
for discrimination but also achieves an effective representation
for each scale. We should note that the multiscale scheme has
been utilized in a sparse representation technique for restoration
problems and a more accurately reconstructed image has been
obtained [37], [38]. In addition, the multiscale information has
also been used for some recognition tasks [39], [40]. Different
from the proposed MASR algorithm, the multiscale information
was exploited by simply concatenating images of different
scales into a long vector in [39], or adaptively fusing the result
of each scale by a complex optimization method in [40].

The remainder of this paper is organized as follows: In
Section II, the pixelwise sparse representation and single-scale
JSRM techniques for HSI classification are briefly reviewed.
Section III introduces the proposed multiscale MASR model for
spectral–spatial HSI classification. In Section IV, experimental
results on three test images are presented. Concluding remarks
and future research directions are given in Section V.

II. SPARSE REPRESENTATION FOR HSI CLASSIFICATION

A. Pixelwise Sparse Representation

The sparse representation classification (SRC) framework
was first introduced for face recognition [41]. Chen et al.
extended the SRC to pixelwise HSI classification, which relied
on the observation that spectral pixels of a particular class
should lie in a low-dimensional subspace spanned by dictionary
atoms (training pixels) from the same class. An unknown test
pixel can be represented as a linear combination of training
pixels from all classes. Concretely, let y ∈ R

M×1 be a pixel

with M denoting the number of spectral bands and D =
[D1, . . . ,Dc, . . . ,DC ] ∈ R

M×N be a structural dictionary,
where Dc ∈ R

M×Nc , c = 1, . . . , C is the cth class subdic-
tionary whose columns (atoms) are extracted from the training
pixels; C is the number of classes; Nc is the number of atoms
in subdictionary Dc; and N =

∑C
c=1 Ncis the total number of

atoms in D. The test pixel y can be sparsely expressed as

y = Dα (1)

where α ∈ R
N×1 is a sparse coefficient vector. Given the struc-

tural dictionaryD, the sparse coefficient α can be recovered by
solving

α̂ = argmin
α

‖y −Dα‖2 subject to ‖α‖0 ≤ K (2)

where K is a predefined upper bound on the sparsity level,
representing the maximum number of selected atoms in the
dictionary (also corresponding to the nonzero coefficients in α̂).
In general, (2) is a nondeterministic polynomial-time hard (NP-
hard) [42] problem. However, it can be solved approximately by
the orthogonal matching pursuit (OMP) [43], [44]. To be more
specific, for a test pixel y, the OMP algorithm tends to find a
representative atom at each iteration based on the correlation
between the dictionary D and the residual vector R, where
R = y −Dα. Basically, the OMP algorithm incoporates the
following steps at each iteration:

1) Compute the following residue correlation vector E ∈
R

N×1:

E = DTR. (3)

2) Select a new representative atom (index i) based on the
current residual correlation vector

î = max ‖Ei‖, i = 1, . . . , N. (4)

3) Merge the newly selected atom’s index î with the previ-
ously selected atom’s index set I, i.e.,

I = I ∪ î. (5)

4) Estimate sparse coefficient α by projecting the test sub-
ject y on DI, i.e.,

α̂ =
(
DT

I DI

)−1
DT

I y (6)

where the subdictionary DI is constructed using the
selected atoms.

Once the sparse coefficient vector α̂ is obtained, the class
label of the test pixel y can be determined by the minimal
representation error between y and its approximation from the
subdictionary of each class, i.e.,

ĉ = argmin
c

‖y −Dcα̂c‖2, c = 1, . . . , C (7)

where α̂c contains the coefficients in α̂ belonging to the cth
class.
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B. JSRM

In HSI, neighboring pixels that belong to the same material
usually are strongly correlated with each other. In [30], the
JSRM is introduced to capture such spatial correlations by
assuming that neighboring pixels within a region of fixed size
can be jointly represented by a few common atoms from a
structural dictionary. Specifically, the size of a region centered
at test pixel y1 is denoted by W ×W , and pixels within such
a region are denoted by {yi}i=1,...,W×W . These pixels can also
be stacked into a matrix Y = [y1,y2, . . . ,yW×W ], of the size
M × (W ×W ). The matrix can be compactly represented as

Y = [y1,y2, . . . ,yW×W ] = [Dα1,Dα2, . . . ,DαW×W ]

=D[α1,α2, . . . ,αW×W ] = DA (8)

where A = [α1,α2, . . . ,αW×W ] is the sparse coefficients
matrix corresponding to Y. Since the positions of nonzero
coefficients in [α1,α2, . . . ,αW×W ] determine the indexes
of the selected atoms in D, the JSRM enables neighboring
pixels[y1,y2, . . . ,yW×W ] to be represented by a small set of
common atoms, by enforcing a few nonzero rows on the sparse
coefficients matrix A. Then, matrix A can be obtained by
solving the following optimization problem:

Â = argmin
A

‖Y −DA‖F subject to ‖A‖row,0 ≤ K (9)

where ‖A‖row,0 denotes the joint sparse norm, which is used
to select a number of the most representative nonzero rows in
A, and ‖ · ‖F is the Frobenius norm. A variant of the OMP
algorithm called the simultaneous OMP (SOMP) [34] can be
used to efficiently obtain an approximate solution. Note that,
enforcing the structured constraints (e.g., mixed L1,2 [33] and
manifold [45]) on (9) may lead to a better sparse coefficients
matrix, but also create a higher computational cost. After Â
is recovered, the label of test pixel y1 can be decided by the
minimal total error, i.e.,

ĉ = argmin
c

‖Y −DcÂc‖F , c = 1, . . . , C (10)

where Âc denotes the rows in Â associated with the cth class.
By incorporating spatial information of local regions, the

JSRM can deliver much better classification results, in terms
of accuracy, compared to the pixelwise SRC model. However,
the region size (or, as we call it, the region scale) greatly affects
the classification performance. Fig. 1 shows the classification
results for the JSRM with varied region scales for three different
data sets. As can be observed in Fig. 1, different regions
favor different region scales. Specifically, detailed or near-edge
regions require a comparatively small region scale (e.g., ellipse
regions in Fig. 1) whereas large region scales are preferred for
smooth areas (e.g., rectangle regions in Fig. 1). Therefore, it is
not trivial to determine an optimal region scale for the JSRM.

III. PROPOSED MASR FOR HSI CLASSIFICATION

A. Multiscale Spatial Information in HSI

Given one test pixel y1 in HSI, its T neighboring regions
are selected of different scales (sizes). Pixels within the se-

Fig. 1. Influence of region scales on the JSRM algorithm (Overall Accuracy
values are given in percentage). (a) Classification results obtained by the JSRM
algorithm on the Indian Pine image with region scales varying from 3 × 3 to
15 × 15. (b) Classification results obtained by the JSRM algorithm on the Sali-
nas image with region scales varying from 3 × 3 to 15 × 15. (c) Classification
results obtained by the JSRM algorithm on the University of Pavia image with
region scales varying from 3 × 3 to 15 × 15.

lected regions can be arranged to construct the corresponding
multiscale matrix Ymultiscale = [Y1, . . . ,Yt, . . . ,YT ], where
Yt includes pixels from the tth scale region. In HSI, regions
of different scales usually exhibit distinct spatial structures
and characteristics. Nonetheless, since all the different scales
correspond to the same test pixel y1, they should provide com-
plementary yet correlated information, which can be utilized to
classify y1more accurately.

B. Multiscale Spatial Information in HSI

Suppose that we have one structural dictionary D and the
multiscale matrix [Y1, . . . ,Yt, . . . ,YT ] for the test pixel y1.
Then, all the sparse representation problems of T scales (9) can
be rewritten together as

{Ât}
T

t=1 = arg min
{At}

T∑

t=1

‖Yt −DAt‖F

subject to ‖At‖row,0 ≤ K ∀ 1 ≤ t ≤ T (11)

where [A1, . . . ,At, . . . ,AT ] are the sparse coefficients for
[Y1, . . . ,Yt, . . . ,YT ], which can constitute a multiscale
sparse coefficients matrix Amultiscale. Such a problem can be
solved by separately applying the SOMP algorithm [34] on
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Fig. 2. Illustration of different sparse models for multiscale (three scales)
coefficients matrix Amultiscale. Each column represents a sparse coefficient
vector associated with one pixel, and each square block in the column is
a coefficient value. White blocks denote zero values, whereas color blocks
stand for nonzero values. Note that, sparse coefficients within each scale share
the same sparsity pattern. (a) Separate sparse model: sparse coefficients of
each scale are processed separately [see (11)]. (b) Joint sparse model: sparse
coefficients of different scales share the same sparsity pattern [see (12)].
(c) Adaptive sparse model: sparse coefficients of different scales share the
same sparsity pattern at the class level, while allowing the coefficients to be
adaptively chosen for each scale within each class [see (13)].

each scale [see Fig. 2(a)]. However, this separate strategy does
not consider the strong correlations among different scales. To
combine the information from different scales for classification,
the joint sparse constraint (norm) �row,0 can also be applied to
the multiscale sparse representation matrix Amultiscale, which
restricts that the sparse coefficients from different scales share
the same sparsity pattern, i.e., the same set of atoms are selected
to represent the pixels from different scales [see Fig. 2(b)].
Under this assumption, the Amultiscale can be jointly recovered
by solving the following problem:

Âmultiscale=arg min
Amultiscale

‖Ymultiscale−DAmultiscale‖F

subject to ‖Amultiscale‖row,0 ≤ K. (12)

The aforementioned joint approach can fuse information
from different scales for classification. Nonetheless, the as-
sumption that pixels from all scales share the same sparsity pat-
tern is too restrictive, since structural features among different
scales in HSI are varied. In other words, to achieve a better
representation, pixels from each scale must have “freedom”
to select different atoms that are appropriate for them. Fur-
thermore, as all the multiscale information corresponds to the
same test pixel y1, the “freedom” in selecting the atoms should
be restricted within one class. Therefore, the desired sparse
coefficients for pixels of multiple scales should favor the same
class-level sparsity pattern but, at the same time, allow a distinct
scale-level sparsity pattern within each class [see Fig. 2(c)].

According to the aforementioned idea, the MASR, which is
a flexible model, is proposed here. Inspired by [35] and [36],
the MASR achieves a flexible selection process for atoms by
introducing an adaptive sparse strategy. An important part of
this strategy is the adoption of a collection of adaptive sets.
Each adaptive set, Lh, h = 1, 2, . . ., is denoted as the indexes of
a set of nonzero scalar coefficients, which belong to the same
class in the multiscale sparse matrix Amultiscale. For columns

Fig. 3. MASR algorithm.

within each scale (in Amultiscale), the indexes of the adaptive
set Lh lie in the same row [see Fig. 2(c)]. This is achieved by
applying the joint sparse regularization on pixels within each
scale. In addition, indexes from different scales are allowed to
be in different rows of Amultiscale [see Fig. 2(c)]. This means
that pixels from different scales have freedom to select different
atoms within each class. In this way, the sparse coefficients
from different scales can be varied, but still belong to the same
class, as shown in Fig. 2(c).

By combining the adaptive set with the �row,0 norm, a
new adaptive norm �adaptive,0 is created on Amultiscale, which
can be used to select a small number of adaptive sets from
Amultiscale. Then, the Amultiscale matrix can be recovered by
applying the adaptive norm in (12), i.e.,

Âmultiscale = arg min
Amultiscale

‖Ymultiscale −DAmultiscale‖F

subject to ‖Amultiscale‖adaptive,0 ≤ K. (13)

To solve the problem in (13), the MASR algorithm is pro-
posed, as detailed in Fig. 3. Similar to the algorithm structure
of the OMP [43] and SOMP [34], at each iteration, the pro-
posed MASR algorithm includes the following general steps:
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Fig. 4. Outline of the proposed MASR framework.

1) compute the current residual correlation matrix; 2) select
a new adaptive set based on the current residual correlation
matrix; 3) merge the newly selected adaptive set with the previ-
ously selected adaptive sets; 4) estimate the sparse coefficients
matrix based on the merged adaptive sets; and 5) update the
residue. The procedure is iterated until the termination criterion
is satisfied.

One of the key ingredients in the proposed MASR algorithm
is the selection of the new adaptive set, which is based on the
following steps: 1) find the best representation atom for each
scale and each class; 2) combine the best atoms across the scales
for each class into a cluster; and 3) choose the best cluster and
record the indexes for the atoms in that cluster as one adap-
tive set.

After recovering the multiscale sparse representation matrix
Âmultiscale, a single decision can be made on the test pixel y1

based on the lowest total representation error

ĉ = argmin
c

∥∥∥Ymultiscale −DcÂ
multiscale
c

∥∥∥
F

c = 1, . . . , C (14)

where Âmultiscale
c represents rows in Âmultiscale corresponding

to the cth class. The outline of the whole MASR model is
illustrated in Fig. 4.

IV. EXPERIMENTAL RESULTS

A. Data Sets

To verify the effectiveness of the proposed MASR method,
experiments are conducted on three hyperspectral data sets,1

i.e., the Airborne Visible/Infrared Imaging Spectrometer
(AVIRIS) Indian Pines data, the AVIRIS Salinas data, and the
Reflective Optics System Imaging Spectrometer (ROSIS-03)
University of Pavia data. The AVIRIS Indian Pines image
was captured over the agricultural Indian Pine test site in
northwestern Indiana. The image has 220 data channels across
the spectral range from 0.2 to 2.4 μm, and each band is of
size 145 × 145, with a spatial resolution of 20 m per pixel.
In the experiments, 20 water absorption bands (no. 104–108,
150–163, and 220) were discarded [46]. The reference map for
Indian Pines contains 16 classes, most of which are different
types of crops (e.g., corns, soybeans, and wheat). Fig. 5(a) and
(b) shows the color composite of the Indian Pines image and
the corresponding reference data.

1Data sets were downloaded at: http://www.ehu.es/ccwintco/index.php/
Hyperspectral_Remote_Sensing_Scenes.

The Salinas image was also acquired by the AVIRIS sensor
over Salinas Valley, California. The image is of size 512×
217× 224 with a spatial resolution of 3.7 m per pixel. Similar
to the Indian Pines image, 20 water absorption spectral bands
(no. 108–112, 154–167, and 224) were removed and the ref-
erence image has 16 different classes. Fig. 7(a) and (b) show
the color composite of the Salinas image and the corresponding
reference data.

The University of Pavia image, which captures an urban area
surrounding the University of Pavia, Italy, was recorded by the
ROSIS-03 sensor. The image is of size 610× 340× 115 with a
spatial resolution of 1.3 m per pixel and a spectral coverage
ranging from 0.43 to 0.86 μm. The 12 very noisy channels
were discarded before the experiments, and nine information
classes are considered for this image. Fig. 8(a) and (b) shows
the color composite of the University of Pavia image and the
corresponding reference data.

B. Quantitative Metrics

Three objective metrics (i.e., overall accuracy (OA), average
accuracy (AA), and the Kappa coefficient) are adopted in these
experiments to evaluate the quality of classification results. The
OA measures the percentage of pixels that are correctly classi-
fied. The AA represents the mean of the percentage of correctly
classified pixels for each class. The Kappa coefficient estimates
the percentage of classified pixels corrected by the number of
agreements that would be expected purely by chance.

C. Comparison of Different Classifiers

Here, the proposed multi-scale MASR classifier is compared
with the SRC-Pixel-wise [30], the JSRM [30], the single-
scale adaptive sparse representation (SASR) as well as several
widely used classification methods, including the pixelwise
SVM [4], the EMP with SVM [47], the Logistic regression via
variable splitting and augmented Lagrangian-multilevel logis-
tic (LORSAL-MLL) [17], and the nonlocal weighting sparse
representation (NLW-SR) [48]. The SRC-Pixel-wise and the
JSRM are two original sparse representation-based classifiers.
The SRC-Pixel-wise only uses the spectral information for
classification, whereas the JSRM utilizes the spatial context
within one fixed single scale. The NLW-SR and SASR are
also two single-scale sparse representation classifiers based
on modifications of the JSRM algorithm. The NLW-SR is
a nonlocal weighting approach, which assigns one dynamic
weight to each pixel within a region. The weights consider not
only the spectral similarity at the single pixel level but also the
geometrical configuration of the whole neighborhood region.
The SASR applies the adaptive atom selection strategy on the
JSRM instead of using joint sparse regularization. The SVM
classifier was implemented using the library for support vector
machines library [49] with Gaussian kernels. For the EMP and
the LORSAL-MLL approaches, the spatial information of HSI
was exploited by the adoption of the EMP and the multilevel
logistic prior-based segmentation technique, respectively. In
addition, two multiscale sparse representation-based classifiers
were also considered for comparison: the multiscale sepa-
rate sparse representation (MSSR) and multiscale joint sparse

http://www.ehu.es/ccwintco/index.php/Hyperspectral_Remote_Sensing_Scenes
http://www.ehu.es/ccwintco/index.php/Hyperspectral_Remote_Sensing_Scenes
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Fig. 5. Indian Pines image: (a) three-band color composite image; (b) reference image; and the classification results (OA in %) obtained by the (c) SVM [4],
(d) EMP [47], (e) LORSAL-MLL [17], (f) SRC-Pixel-wise [30], (g) JSRM [30], (h) NLW-SR [48], (i) SASR, (j) MSSR, (k) MJSR, and (l) MASR.

representation (MJSR). The MSSR solves the problem (11) and
utilizes (10) to obtain the classification result for each scale.
Then, the majority voting is applied to results of all scales for
the final decision-making. The MJSR addresses the problem in
(12) and uses (14) to get the final classification result.

In these experiments, we empirically selected the parameters
for the MSSR, MJSR, and the proposed MASR method, and
kept them unchanged for the three test data sets. For the
MSSR, MJSR, and MASR methods, seven different scales were
simultaneously adopted, and the selected region scales were
as follows: 3 × 3, 5 × 5, 7 × 7, 9 × 9, 11 × 11, 13 ×
13, and 15 × 15. Therefore, the number of scales T was set
to seven. Since there is highly redundant information in the
regions of large scales, we further subsampled the regions of
large scales. Specifically, the subsampling factor was chosen to
2 for the region of size 13 × 13, while the subsampling factor
was selected as 3, for region sizes that are larger than 13 × 13.
The sparsity level K for the MSSR, MJSR, and MASR methods
was chosen as 3. For the single-scale JSRM method, the region
scales were selected differently for different test images (i.e.,
7 × 7 for Indian Pines, 15 × 15 for Salinas, and 11 × 11
for University of Pavia), to reach the best classification results,
in terms of accuracy. The parameters for the SASR were set
to be the same as those of the JSRM, while the parameters
for the NLW-SR were set differently for the three test images
to achieve the best classification results. The parameters for
the SRC-spectral method were set to be the same as in [30].
The parameters for the SVM were obtained by fivefold cross-
validation. The parameters for the EMP and LORSAL-MLL
were set to the default values reported in [17] and [47].

The first experiment was performed on the Indian Pines data
set. For each of the 16 classes, 10% of the labeled pixels
were randomly sampled for training, while the rest 90% were
used to test the classifiers (see Table I). Fig. 5 illustrates
the classification maps obtained by different classifiers on the

TABLE I
SIXTEEN REFERENCE CLASSES IN INDIAN PINES IMAGE

Indian Pines image. As can be observed, the classification map
of the SRC-Pixel-wise method has a very noisy appearance. By
considering the single-scale spatial context, the JSRM classifier
can deliver a comparatively smooth result, but still fail to detect
some meaningful regions (e.g., the detailed or near-edge areas).
Although the NLW-SR, SASR, MSSR, and MJSR algorithms
show improvements on the detection of the details, some noisy
behavior still exist on the obtained classification maps for these
approaches. By contrast, the proposed MASR algorithm not
only further reduces the noise but also preserves well useful
information of HSI. In addition, compared to the SVM, EMP,
and LORSAL-MLL methods, the proposed MASR algorithm
can also provide a better classification map. The quantitative re-
sults averaged over ten runs for various methods are tabulated in
Table II. It is clearly shown in Table II that the proposed MASR
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TABLE II
CLASSIFICATION ACCURACY (AVERAGED ON TEN RUNS WITH RANDOMLY SAMPLED TRAINING SAMPLES) OF THE INDIAN PINES IMAGE OBTAINED

BY SVM [4], EMP [47], LORSAL-MLL [17], SRC-PIXEL-WISE [30], JSRM [30], NLW-SR [48], SASR, MSSR, MJSR, AND MASR

Fig. 6. Estimated sparse coefficients for one pixel [located at (39, 44) in the Indian Pines image] at seven different scales by the MASR algorithm. (a) Sparse
coefficient at scale 1 (3 × 3). (b) Sparse coefficient at scale 2 (5 × 5). (c) Sparse coefficient at scale 3 (7 × 7). (d) Sparse coefficient at scale 4 (9 × 9). (e) Sparse
coefficient at scale 5 (11 × 11). (f) Sparse coefficient at scale 6 (13 × 13). (g) Sparse coefficient at scale 7 (15 × 15).

method outperforms other compared approaches, in terms of
OA, AA, and Kappa coefficients. Note that, the gains (in OA,
AA, and Kappa coefficients) of the MASR are more than 2%, as
compared to the MSSR and MJSR, which demonstrates the ef-
fectiveness of the proposed multiscale adaptive sparse strategy.

In addition, we randomly selected one pixel from the Indian
Pines image and illustrated the estimated sparse coefficients for
this pixel at seven different scales ranging from 3 × 3 to 15 × 15
in Fig. 6. This pixel is located at (39, 44) in the Indian Pines im-
age and belongs to the “Corn-no till” area (Class 2). As can be
observed for the different scales in Fig. 6, although the selected
atoms are generally different, they are still restricted to belong

to the same class. In particular, the main atoms for each scale
are selected from the positions 110, 34, 98, 7, 7, 121, 32, re-
spectively. In the dictionary, atoms from Class 2 are distributed
in positions 6–148. Therefore, the selected atoms all be-
long to Class 2, which fits the assumption of the MASR model.

The second and third experiments are conducted on the
Salinas and the University of Pavia images, respectively. To
make the classification for the Salina image more challenging,
only 1% of the labeled data were randomly selected as training
samples and the remaining 99% of data as test samples (see
Table III). In the University of Pavia image, 300 pixels for
each class were chosen for training, and the rest were used as
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TABLE III
SIXTEEN REFERENCE CLASSES IN SALINAS IMAGE

TABLE IV
NINE REFERENCE CLASSES IN UNIVERSITY OF PAVIA IMAGE

a test set (see Table IV). The classifications maps for various
classifiers are shown in Figs. 7 and 8, and the quantitative
results averaged over ten runs are tabulated in Tables V and VI.
As can be observed, the joint multiscale MJSR approach does
not show any improvements over the separate multiscale MSSR
and the single-scale JSRM methods in these two images. This is
due to the fact that the joint sparsity pattern utilized in the MJSR
cannot cover well the differences among different region scales.
By contrast, the proposed MASR, which utilizes the adaptive
sparse pattern, consistently performs better than the single-scale
JSRM and MJSR, as well as the NLW-SR, SASR, SVM, EMP,
and LORSAL-MLL classifiers, in terms of visual quality of
classification maps and quantitative metrics (e.g., OA, AA, and
Kappa coefficients). This further demonstrates the advantage of
the proposed method.

The run times of the proposed MASR method and other
compared methods are tabulated in Table VII. All the programs
were executed in the environment of an Intel Corei7-3720
CPU 2.60 GHz and 16 GB of RAM. As can be observed,
the multiscale MSSR, MJSR, and MASR methods required
less computational time than the NLW-SR method, but more
execution time than the other methods. In addition, the com-
putation time of the MASR is close to that of MJSR, which
shows that the dynamic atom selection process does not create
much computational cost. The main computational cost of the
MASR algorithm is caused by the inner product between the
dictionary D and the multiscale matrix Ymultiscale. As in [50]

Fig. 7. Salinas image: (a) three-band color composite image; (b) reference
image, and the classification results (OA in %) obtained by the (c) SVM [4],
(d) EMP [47], (e) LORSAL-MLL [17], (f) SRC-Pixel-wise [30], (g) JSRM
[30], (h) NLW-SR [48], (i) SASR, (j) MSSR, (k) MJSR, and (l) MASR.

and [51], progressive Cholesky factorization can be used to
greatly reduce the computational cost involved in applying the
inner product. In addition, it should be noted that our MASR
algorithm was coded in MATLAB and was not optimized for
speed. The running time is expected to be significantly further
reduced by coding the MASR algorithm with C++ and adopting
a general-purpose graphics processing unit (GPU).

D. Effects of Region Scales

Here, we will analyze the effect of the region scales on
the performance of the single-scale JSRM and the multiscale
MSSR, MJSR, and MASR algorithms. For the analysis, the
number of training and test samples for the Indian Pines,
Salinas, and University of Pavia images are chosen to the same
as in the previous experiments. The experiment for each region
scale and each of the test methods is repeated five times with
different randomly selected samples to reduce the bias induced
by random sampling.

Fig. 9 shows the OA and AA of the single-scale JSRM on
region scales ranging from 3 × 3 to 27 × 27 and the multiscale
MSSR, MJSR, and MASR algorithms on combining different
scales (from 3 × 3 to 27 × 27). For the multiscale algorithms
(e.g., MSSR, MJSR, and MASR), each scale represents the
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Fig. 8. University of Pavia image: (a) three-band color composite image; (b) reference image; and the classification results (OA in %) obtained by the (c) SVM
[4], (d) EMP [47], (e) LORSAL-MLL [17], (f) SRC-Pixel-wise [30], (g) JSRM [30], (h) NLW-SR [48], (i) SASR, (j) MSSR, (k) MJSR, and (l) MASR.

TABLE V
CLASSIFICATION ACCURACY (AVERAGED ON TEN RUNS WITH RANDOMLY SAMPLED TRAINING SAMPLES) OF THE SALINAS IMAGE OBTAINED BY

SVM [4], EMP [47], LORSAL-MLL [17], SRC-PIXEL-WISE [30], JSRM [30], NLW-SR [48], SASR, MSSR, MJSR, AND MASR

combination of the current scale and its smaller scales. For
example, region scale 9 × 9 for MSSR, MJSR, and MASR is
actually a combination of 3 × 3, 5 × 5, 7 × 7, and 9 × 9. As can
be observed in Fig. 9, the single-scale JSRM algorithm reaches
the best OA values when the region scale is set to 7 × 7, 15 ×
15, and 11 × 11 for the Indian Pines, Salinas, and University
of Pavia images, respectively. When the region scale further
increases, the OA and AA of the single-scale JSRM algorithm
will dramatically decrease. By contrast, the OA and AA of
the multiscale MJSR and MASR algorithms generally increase
or become comparatively stable, when more region scales are

used. In addition, the proposed MASR algorithm generally out-
performs the JSRM, MSSR, and MJSR on all the region scales.

E. Effects of Different Number of Training Samples

Here, the effects of different training samples to the SVM,
EMP, SRC-Pixel-wise, single-scale JSRM and the proposed
MASR classifiers are examined on the Indian Pines, Salinas,
and University of Pavia images. For the Indian Pines and
Salinas images, different percentages (from 2.5% to 40% for
Indian Pines and from 0.25% to 4% for Salinas) of samples
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TABLE VI
CLASSIFICATION ACCURACY (AVERAGED ON TEN RUNS WITH RANDOMLY SAMPLED TRAINING SAMPLES) OF THE UNIVERSITY OF PAVIA IMAGE

OBTAINED BY SVM [4], EMP [47], LORSAL-MLL [17], SRC-PIXEL-WISE [30], JSRM [30], NLW-SR [48], SASR, MSSR, MJSR, AND MASR

TABLE VII
RUN TIME (SECONDS) AVERAGED OVER TEN REALIZATIONS FOR THE CLASSIFICATION OF THE INDIAN PINES, SALINAS, AND UNIVERSITY OF PAVIA

IMAGES BY THE SVM [4], EMP [47], LORSAL-MLL [17], SRC-PIXEL-WISE [30], JSRM [30], NLW-SR [48], SASR, MSSR, MJSR, AND MASR

Fig. 9. Effect of the region scales on the single-scale JSRM algorithm and
the multiscale MSSR, MJSR, and MASR algorithms for the (a) Indian Pines,
(b) Salinas, and (c) University of Pavia images.

were randomly selected as training samples, and the remaining
samples were used as test samples. For the University of Pavia
image, 100–500 pixels for each class were randomly chosen
to construct a balanced training set. Fig. 10 illustrates the
classification accuracy (OA) for different classification ap-
proaches with different number of training samples. The re-
ported accuracy values are averaged over five runs. As can be
observed in the figure, the performances of the SVM, EMP,
SRC-Pixel-wise, single-scale JSRM, and the proposed MASR
classifiers generally improve as the training samples increase.
In addition, the proposed MASR method can consistently out-
perform other approaches on all the training samples.

Fig. 10. Effect of the number of training samples on the SVM, EMP,
SRC-Pixel-wise, single-scale JSRM, and proposed multiscale MASR for the
(a) Indian Pines, (b) Salinas, and (c) University of Pavia images.

V. CONCLUSION

In this paper, a novel MASR model, the MASR, was
proposed for spectral–spatial HSI classification. Unlike the
single-scale JSRM method, the proposed MASR model simul-
taneously represents pixels of multiple scales via an adaptive
sparse strategy. This adaptive sparse strategy not only exploits
correlations among multiple scales but also allows pixels of
each scale to be represented by an appropriate representation.
Experiments on three real HSI data sets demonstrate that the
proposed MASR method outperformed the single-scale JSRM
approach and several other well-known classifiers, in terms
of accuracy (based on three quantitative metrics) and visual
comparison of classification maps.

The structural dictionary utilized in this paper is constructed
by pixels directly extracted from HSI. Another method that will
be explored by the authors in future work is to employ discrim-
inative learning algorithms to train the structural dictionary, in
order to make the dictionary more representative. In addition,
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one of our future research directions will combine advanced
feature extraction techniques with the proposed MASR model
to further enhance its performance.
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