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Abstract—This paper presents a novel spatial–spectral classi-
fication method for remotely sensed hyperspectral images. First
of all, a multiscale representation technique based on random
projection, referred as randommultiscale representation (RMSR),
is proposed to extract the spatial features from the given scene. The
idea behind RMSR is to properly model the spatial characteristics
comprised by each pixel vector and its neighbors by some
criteria computed at all reasonable scales, and then compress the
implicit high-dimensional spatial features by using a very sparse
measurement matrix that approximately preserves the salient
spatial information. The entire process is explicitly performed by
computing simple criteria (i.e., the first two moments) at rectan-
gular scales of random bands, according to the nonzero entries of
the sparse measurement matrix. Subsequently, a composite kernel
framework is utilized to balance the extracted spatial features and
the original spectral features in the classifier. Our proposedmethod
is shown to be effective for hyperspectral image classification
purposes. Specifically, our experimental results with hyperspec-
tral images collected by the airborne visible/infrared imaging
spectrometer and the reflective optics spectrographic imaging
system demonstrate the effectiveness of the proposed method as
compared to other state-of-the-art spatial–spectral classifiers.
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I. INTRODUCTION

SUPERVISED classification is an important task in hyper-
spectral image analysis [1], where pixels are assigned to

one of the available classes according to a set of given train-
ing pixels. During the last decade, several classifiers have been
extended for supervised classification of hyperspectral images,
such as support vector machines (SVMs) [2], [3], multinomial
logistic regression (MLR) [4], [5], and sparse representation
classification [6], [7].
In order to improve the classification performance of these

pixelwise classifiers, several approaches have included spatial-
contextual information during the classification process. Gen-
erally, those spatial–spectral techniques can be roughly divided
into two categories:
1) On one hand, some techniques extract the spatial features

first, and then incorporate both the spatial and spectral
features into the classification process. In this context,
several techniques have been exploited, such as mean and
median filters [8], [9], Gabor wavelets [10], morpholog-
ical profiles [11], [12], and mean shift (MS) techniques
[13]. After extracting the spatial features, composite ker-
nels (CKs) [8], generalized CKs [14], andmultiple kernels
[15]–[17] have been used to perform the final classifica-
tion by considering the spatial features in addition to the
spectral features.

2) On the other hand, several other techniques integrate the
spatial and spectral information separately. For instance,
in [18] the probabilistic SVM is first used to estimate
class conditional probability density functions, and then
context-based class priors are estimated by using Markov
random fields (MRF). In [19], a similar approach is pro-
posed that can be solved in a Bayesian framework, which
uses the MLR to learn the posterior probability distri-
butions from the spectral information contained in the
data, and then uses the MRF to include spatial-contextual
information in the classifier. In [20]–[22], the original
hyperspectral image is first classified by a pixelwise clas-
sifier and simultaneously segmented into some adaptive
neighborhoods by using some segmentation techniques,
such as partitional clustering [20], morphological water-
sheds [21], and minimum spanning forests [22], and then
majority voting is adopted to integrate the pixelwise clas-
sification results and the obtained segmentation map.
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This paper considers designing the spatial–spectral classi-
fication method by the first strategy, and mainly concentrates
on the exploitation of spatial features that play a fundamental
role in this classification process. Generally, the spatial char-
acteristics of a pixel are related to its surrounding pixels. As a
result, the spatial feature extraction techniques usually define a
fixed spatial neighborhood by a sliding window [8] or create an
adaptive spatial neighborhood relating to the parameter value
of the filter considered [9], and then compute spatial criteria
within the obtained neighborhoods/regions. In order to provide
additional discriminant information related to the structures of
different objects in a scene, multiscale representation techniques
repeating the aforementioned process with different scales (i.e.,
neighborhoods) to perform a multiscale (or a multilevel) anal-
ysis, have been proposed in the literature. For instance, in [11]
the derivative of the morphological profile is used to isolate
different structures in the image, where the multiscale morpho-
logical profile is based on the repeated use of openings and
closings with a structuring element of increasing size. In [23],
a multilevel context-based system is used for the classification
of very high spatial resolution images. In [24], a so-called ex-
tended multiattribute profile (EMAP), which is based on the
sequential application of different types of attribute filters to
a hyperspectral image, is proposed, and the multilevel spatial
features are obtained by stacking all filtered images together
in the same data structure. In [25], a multiscale MS analysis
approach is adopted to compute the multiscale representation
of hyperspectral images by using different spatial bandwidths.
Several other strategies have been proposed in the literature for
multiscale classification [26] andmodeling of spatial-contextual
information [27] that are not further described here for space
considerations.
In the aforementioned multiscale representation techniques,

a sequence of scales are usually necessary in order to properly
model the spatial information of different objects. Neverthe-
less, considering a large number of scales can result in high-
dimensional feature vectors that will bring a heavy burden on
computation and storage. In order to address the problems of
high-dimensional features, most methods based on multiscale
representation consider to select a limited number of optimal
scales empirically [11], [24], [25]. It is obvious that these meth-
ods are both unsuitable for an automatic analysis of data and
suboptimal since they might not provide a complete character-
ization of the spatial information [28]. Indeed, if there are two
pixels that respectively belong to two similar objects that are not
separated by the limited scales, it is difficult for these methods
to distinguish the two pixels. In addition, there are other meth-
ods that consider feature extraction [29] and feature selection
[28] to solve the problem of high-dimensional features. How-
ever, these methods cannot decrease the memory demands and
computational complexity significantly, as the feature reduction
process is generally data dependent and time consuming, and
one needs to store the spatial features in memory throughout the
entire multiscale representation process.
In view of the aforementioned issues, this paper first proposes

a new multiscale representation technique based on random
projection for extracting the spatial features of hyperspectral

images, and then designs a spatial–spectral classificationmethod
by utilizing a CK framework [8] to balance the extracted spa-
tial features and the original spectral features in the classifi-
cation process. The main idea behind the proposed multiscale
representation technique, referred as random multiscale repre-
sentation (RMSR), is to implicitly1 construct a dense multiscale
representation (DMSR) by the first two moments computed at
all reasonable rectangular scales in order to provide a com-
plete characterization of the spatial information of the given
image, and then compress the implicit high-dimensional spatial
features by using a very sparse measurement matrix [30] that
approximately preserves the salient spatial information. The en-
tire process of RMSR is explicitly performed by computing the
investigated criteria (i.e., the first two moments) at rectangular
scales of random bands, according to the nonzero entries of
the sparse measurement matrix, thus avoiding the selection of
optimal scales and decreasing the memory demands and com-
putational complexity significantly. Moreover, the computation
of the first two moments can be made independent of the scale
size by taking advantage of the integral image method in [31].
The novelty of the proposed method relies on the exploitation of
the sparse measurement matrix to propose a newmultiscale rep-
resentation technique RMSR for extracting the spatial features
of hyperspectral images, which presents several innovative con-
tributions with regards to the existing multiscale representation
methods.
1) First and foremost, RMSR neither relies on the empirical

selection of optimal scales nor on the feature reduction of
spatial features, thus providing an alternative solution for
the multiscale representation of hyperspectral images.

2) Second, RMSR can efficiently handle a large number of
scales (even dense scales) and, therefore, it can benefit
from the complementary information obtained in dense
scales, so that the spatial characteristics of a pixel can be
properly captured and the simple criteria can be utilized
to describe the spatial information within a given scale.

3) Finally, RMSR is general since the criteria available for it
are not limited only to the investigated first two moments,
and one can easily extend the criteria used in the existing
multiscale representation methods to it.

The remainder of this paper is organized as follows. Section II
first briefly introduces the very sparse random measurement
matrix that will be used in the proposed method, and then pro-
poses RMSR for extracting the spatial features as well as the
final spatial–spectral classification method based on the CK
technique. The effectiveness of the proposed method is demon-
strated in Section III by a series of experiments with two real
hyperspectral images, collected by the airborne visible/infrared
imaging spectrometer (AVIRIS) and the reflective optics spec-
trographic imaging system (ROSIS). These experiments demon-
strate the effectiveness of the proposed method as compared to
other state-of-the-art spatial-spectral classifiers. Finally, Section
IV concludes the paper with some remarks and hints at plausible
future research lines.

1The modifier “implicitly” means the following process that just stands in
theory does not exist in practice.



LIU et al.: SPATIAL–SPECTRAL HYPERSPECTRAL IMAGE CLASSIFICATION USING RANDOMMULTISCALE REPRESENTATION 4131

Fig. 1. Flowchart of the proposed spatial–spectral classification method.

II. PROPOSED SPATIAL–SPECTRAL CLASSIFICATION METHOD

Fig. 1 shows a flowchart of the proposed spatial–spectral clas-
sification method, which consists of two main steps: 1) extrac-
tion of the spatial random multiscale features by using RMSR;
and 2) integration of spatial and spectral information in a CK
framework using the SVM as the baseline classifier. In the re-
mainder of this section, we describe inmore details the strategies
adopted for RMSR and final spatial–spectral classification.

A. Very Sparse Random Measurement Matrix

This section briefly introduces the very sparse random mea-
surement matrix that will be used in RMSR. In random projec-
tion, a high-dimensional feature vector a ∈ Rm is projected to
a lower dimensional feature vector v ∈ Rn by using a random
matrix R ∈ Rn×m as follows:

v = Ra (1)

where the columns of R have unit length, and n � m. The
Johnson–Lindenstrauss (JL) lemma [32] indicates that if the
dimensionality n is suitably high, there exists such a random
matrix R that can provide a stable embedding. Specifically,
given an integer d and let n ≥ n0 = O(ε−2 ln(d)) with ε > 0,
then for any two vectors ai , aj in a finite collection X of d
vectors in Rm , we have

(1 − ε)||ai − aj ||22 ≤ ||Rai − Raj ||22 ≤ (1 + ε)||ai − aj ||22 .
(2)

The random Gaussian matrix R ∈ Rn×m is a typical matrix
satisfying the JL lemma, where the entry Rij follows a zero-
mean and unit-variance Gaussian distribution. Since the random
Gaussian matrixR is dense, it involves significant memory and
computation requirements when m is large. To overcome this
problem, in [33] a sparse random matrix R is introduced with
its entries defined as follows:

Rij =
√

ρ ×

⎧
⎪⎨

⎪⎩

1 with probability 1
2ρ

0 with probability 1 − 1
ρ

−1 with probability 1
2ρ

(3)

where ρ = 3,2 and it is proved that if n ≥ (4 + 2β)(ε2/2 −
ε3/3)−1 ln(d) with β > 0, the statement (2) holds true with
probability at least 1 − d−β .3 This matrix R is easy to com-
pute by using a uniform random generator. In [34], it is proved
that, for ρ = O(m) (a ∈ Rm ) even ρ = m/ ln(m), the sparse
random matrixR is almost as effective as the conventional ran-
dom Gaussian matrix. Moreover, in [30] good results have been
shown for visual tracking by setting ρ = m/c with a small c,
i.e., there are only about c nonzero entries in each row ofR. Al-
though a large c is beneficial to improve the accuracy as shown
in [34], we set c = 4 in our experiments as a tradeoff between
accuracy and computational cost (see Section III-B). Therefore,
the adopted random matrix R with ρ = m/4 is very sparse,
and the computational cost is very low (only O(4n)). In addi-
tion, the memory requirements are also very light, as we only
need to store the nonzero entries of R.

B. Random Multiscale Representation

Recent works on multiscale representations for hyperspectral
imagery have shown that it is necessary to include a large num-
ber of scales during the representation process [11]–[13], [24],
[25]. Inspired by this observation, we intend to use dense rectan-
gular scales to provide a complete characterization of the spatial
information, i.e., for each pixel vector, all possible rectangular
neighborhoods centered at the pixel should be ideally included.
Intuitively, increasing the number of scales is beneficial for the
classification performance, since the more scales are used, the
more spatial characteristics are provided.
Let us denote a hyperspectral image byX ∈ RL×W ×H , with

L being the number of bands and W × H being the spatial di-
mensions. For each pixel vector x ∈ RL ofX, its DMSR is con-
structed in this paper by computing some criteria of its rectan-
gular neighborhoods at dense scales {F1,1 ,F1,2 , ...,Fw,h}, i.e.,

Fw,h(x) = f(Ωw,h
x ) ∈ RL (4)

where f(·) denotes the criterion function per spectral chan-
nel, Ωw,h

x is the rectangular neighborhood centered at x,

2ρ = 1 also holds true, but the random matrix R is not sparse.
3The columns of the sparse random matrix R are unnormalized, thus the

statement (2) should be rewritten as (1 − ε)||ai − aj ||22 ≤ (1/n)||Rai −
Raj ||22 ≤ (1 + ε)||ai − aj ||22 .
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Fig. 2. Graphical illustration of the procedure adopted for dense multiscale
hyperspectral image representation.

Fig. 3. Graphical illustration of the procedure used to obtain an integral image.
Symbol “O” denotes the origin; the blue blocks denote region “A”, and the blocks
“/”, “\”, and “+” represent regions “B”, “C”, and “D”, respectively. It takes
only three additions and four memory accesses to calculate the summation of
intensities inside a region “E” of any size.

and 2w + 1 and 2h + 1 are the width and height of Ωw,h
x ,

respectively. Here, we pad X with minor reflections of itself
to deal with the outliers. Then, we concatenate these vectors
Fw,h(x) to form a high-dimensional multiscale feature vector
a = [F1,1(x);F1,2(x); ...;Fw,h (x)] ∈ Rm where m = whL.
Fig. 2 shows a graphical illustration of the aforementioned
procedure to construct the DMSR of the hyperspectral image.
Once the neighborhoods of each pixel vector have been de-

fined, the DMSR features are extracted by computing some
criteria associated to the considered neighborhoods. As dis-
cussed in [8], the simplest (but still powerful) spatial features
are based on the application of moment criteria. For simplicity,
the criteria investigated in the proposed method are the first two
moments, i.e., mean and standard deviation. Note that, the inte-
gral image method can be used to accelerate the computation of
the mean [31]. Specifically, for the given hyperspectral image
X ∈ RL×W ×H , the entry of its integral image I ∈ RL×W ×H at
a spatial location (x, y) represents the summation of all pixels
inX per spectral channel within a rectangular region formed by
the origin and (x, y)

I(l, x, y) =
x∑

i=1

y∑

j=1

X(l, i, j), l = 1, 2, ..., L. (5)

After computing the integral image, we just need three additions
to calculate the summation of intensities over any rectangular
region, as illustrated graphically in Fig. 3. Then, for a given
neighborhoodΩw,h

x centered at x = X(:, x, y) ∈ RL , the mean

function fμ(·) can be calculated by the following expression:

fμ(Ωw,h
x ) = [I(:, x + w, y + h) − I(:, x + w, y − h − 1)

− I(:, x − w − 1, y + h) + I(:, x − w − 1, y − h − 1)]/N

(6)

where N = (2w + 1)(2h + 1). As for the standard deviation
function fσ (·), it can be written as follows:

fσ (Ωw,h
x ) =

√
√
√
√ 1

N − 1

N∑

i=1

(
x(i) − m̄

)2

=

√
√
√
√ 1

N − 1

N∑

i=1

x2
(i) −

N

N − 1
m̄2 (7)

where x(i) is the ith pixel vector in Ωw,h
x , m̄ = fμ(Ωw,h

x )
and (·)2 denotes the component-wise application of the square
function. It is easy to see that the integral image method can
also be used to solve (7) if we precompute the integral im-
ages of X and X2 . Hence, the computational complexity of
the first two moments is independent of the size of the given
rectangular scale. This is important for the proposed method,
as we intend to use dense scales in order to properly model the
spatial-contextual information.
After obtaining the DMSR features for all pixel vectors, we

can use them as spatial features for classification purposes.
However, as recommended in the existing multiscale represen-
tation methods [11], [24], [25], [28], [29], it is impractical to
directly use the obtained DMSR features since they lie in a
high-dimensional space Rm . As discussed in the Section I, the
methods based on themanual setting of optimal scales might not
provide a complete characterization of the spatial information,
and the methods based on feature reduction cannot decrease the
memory demands and computational complexity significantly.
Thus, it is necessary to design an effectivemechanism to address
the problems of the DMSR features. Moreover, the dimension-
alitym of the DMSR features is typically in the order of 106 (if a
given image contains 100 spectral bands with size of 200 × 200
pixels, then m = whL ≈ 100 × 100 × 100 = 106) and, there-
fore, the feature reduction techniques adopted in the existing
multiscale representation methods are impractical for the pro-
posed DMSR due to the limited memory load and compute
capacity.
In order to circumvent the aforementioned limitations, we

construct a very sparse randommeasurementmatrixR ∈ Rn×m

introduced in Section II-A to project every DMSR feature vec-
tor a ∈ Rm onto a low-dimensional vector v ∈ Rn . The entire
process composed by the DMSR and the random matrix R is
referred as RMSR. Since the random matrixR is data indepen-
dent and very sparse, RMSR can be organically performed by
computing the investigated criteria (i.e., the first two moments)
at random rectangular scales of random bands according to the
nonzero entries ofR as shown in Fig. 4. Thus, we do not need to
store the DMSR features, and the computational cost of RMSR
is very light.
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Fig. 4. Illustration of the procedure used for projecting a high-dimensional
vector a onto a low-dimensional vector v. In the matrix R, white, gray, and
black blocks denote zero, positive, and negative entries, respectively. The arrows
show that for each pixel vector of an input hyperspectral image, one of the
nonzero entries in each row of R (multiplied by an element in a) is equivalent
to computing a criterion at a particular band and scale.

It is worth noting that, although the very sparse measurement
matrix R can provide a stable embedding that approximately
preserves the salient spatial information, the dimensionality n
of it should be suitably high as stated in the JL lemma [32]. In
[33], a JL-bound (introduced in Section II-A) has been given for
the sparse measurement matrix. For hyperspectral images with
about d ≈ 105 pixels, ε = 0.2, and β = 1, the lower bound for n
is approximately 4000. However, this JL-bound is conservative
in many applications [34]. In [35], the results show that the JL-
bound is much higher than that, which is sufficient to give good
results on image and text data. As for hyperspectral images, this
also holds true as shown in Section III-B.
To interpret the aforementioned issue, one can resort to the

perspective of compressive sensing. In compressive sensing
[36]–[38], it is shown that, for random projection (1), if R
satisfies the restricted isometry property (RIP) [36], [39] and a
is sparse, then the compressive measurement v approximately
preserves the salient information in a, i.e.,

(1 − ε)||a||22 ≤ ||Ra||22 ≤ (1 + ε)||a||22 . (8)

In [40], it is proved that any random matrix R satisfying the
JL lemma can also satisfy the RIP in compressive sensing.
The randommatrixR adopted in RMSR asymptotically satisfies
the JL lemma, thus holding true for the statement (8). Moreover,
the statement (2) is equal to (8) by setting a = ai − aj . In other
words, if ai − aj is sparse, the bound n ≥ κβ log(m/β) [30]
(with constants κ and β) derived from the RIP is available. It
is apparent that the pairwise differences of the DMSR features
are very sparse and highly compressible, since dense scales are
used and related features are very similar to each other. In this
paper, as recommend in [30], it is expected that n ≥ 50 when
m = 106 , κ = 1 and β = 10, which is much tighter than the
JL-bound.
Furthermore, we should highlight that the proposed RMSR

is general, since the criteria available for it are not limited only
to the investigated first two moments, and other criteria that
can be used to filter an image within a sliding window, such
as median and singular value, are all available.4 In order to
illustrate the generalization of RMSR, the median criterion is

4The integral image method cannot be used to accelerate the computation of
the mentioned criteria except the first two moments.

Fig. 5. Feature vectors obtained by PCA. (a) Spectral feature vectors.
(b) RMSR feature vectors.

also used for evaluation purposes in our experiments. Moreover,
one can easily extend the adaptive filters used in the existing
multiscale representation methods to RMSR by replacing the
rectangle neighborhoods with the adaptive neighborhoods, but
this is beyond the scope of this paper.
Next, we graphically illustrate how the proposed RMSR fea-

tures separate the classes. Specifically, the AVIRIS Indian Pines
dataset is tested, and three classes C2, C3, and C4 (see Section
III-A) are considered. Both the spectral features and the RMSR
features of the three classes are reduced by principal compo-
nent analysis (PCA), and the first three principal components
(PCs) are retained. The scatterplots depicting the reduced vec-
tors of the spectral features and the RMSR features are shown in
Fig. 5(a) and (b), respectively. It is clear that the RMSR features
can increase the margin between the classes and improve the
smoothness within class.
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C. Spatial–Spectral Classification With CK

After performing the spatial feature extraction process of
RMSR, each pixel has three kinds of features: spectral fea-
tures x, which are the original values of each pixel vector’s
elements; and spatial features μx and σx , which are the projec-
tive mean and standard deviation values computed within each
pixel’s neighborhoods, respectively. In this paper, we adopt the
CK framework [8] to combine the spatial and spectral features
for the final classification, where the used kernel is the Gaussian
radial basis function (RBF)

K(xi ,xj ) = exp
(
−γ||xi − xj ||22

)
, γ ∈ R+ . (9)

In our context, the spatial–spectral CK K is defined as

K(i, j) = νK(xi ,xj ) + (1 − ν)K
(
[μx i

;σx i
], [μxj

;σxj
]
)

(10)
where 0 ≤ ν ≤ 1 controls the relative weight of the spatial and
spectral information.
Once the spatial–spectral kernel K has been constructed, the

next step is to perform the final classification procedure. Here,
we adopt the SVM (embedded in the aforementioned CK frame-
work) to conduct the final classification. We have selected the
SVM because it is one the most successful kernel classifiers and
is intrinsically less sensitive to the high dimensionality of the
feature space.
It is worth noting that in this paper, the integration of RMSR

into a RBF-based CK has been taken with overall consideration
of the following three issues:
1) Recent works [41] have highlighted the importance of

kernel-based methods in the classification of hyperspectral im-
ages, thus we only consider investigating the proposed RMSR
features by using kernel-based classifiers.
2) The incorporation of spectral features is beneficial to the

classification accuracy of spatial features, and thus the CK,
which is widely used to combine the spectral and spatial features
[1], is adopted.
3) Only the pairwise l2-norm distance of the DMSR features

is maintained by RMSR as shown in (2) and the RBF kernel is
just the suitable one that is based on l2-norm.

III. EXPERIMENTAL RESULTS AND ANALYSIS

In this section, we first introduce the two hyperspectral
datasets used in experiments, and then present a series of
experimental results to validate the proposed method. As men-
tioned before, an SVM classifier (embedded in a CK frame-
work for spatial–spectral classification) is used, where the
LIBSVM software package [42] has been used for the spe-
cific implementation.5 The free parameters of the SVM have
been carefully optimized via a cross-validation procedure. More
specifically, the RBF-kernel parameter is varied in the range
γ ∈ {2−4 , ..., 24}, and the regularization parameter is varied in
the range C ∈ {100 , ..., 105}. As for the free parameter ν of the
CK framework, it is varied in the range [0, 1]. A detailed expla-
nation of the procedure followed to optimize parameter settings

5In LIBSVM, a “one-against-one” strategy is implemented for multiclass
classification.

TABLE I
SIXTEEN GROUND REFERENCE CLASSES IN AVIRIS INDIAN PINES AND THE

TRAINING AND TEST SETS

Class Samples

NO Name Train Test

C1 Alfalfa 3 51
C2 Corn-no till 72 1362
C3 Corn-min till 42 792
C4 Corn 12 222
C5 Grass/pasture 25 472
C6 Grass/trees 38 709
C7 Grass/pasture-mowed 2 24
C8 Hay-windrowed 25 464
C9 Oats 2 18
C10 Soybeans-no till 49 919
C11 Soybeans-min till 124 2344
C12 Soybean-clean till 31 583
C13 Wheat 11 201
C14 Woods 65 1229
C15 Bldg-grass-tree drives 19 361
C16 Stone-steel towers 5 90
Total 525 9841

is given in [2] and [8], and is not repeated here for space con-
siderations. To evaluate the performance of the classification
methods, three widely used quality metrics are adopted, i.e.,
the overall accuracy (OA), the average accuracy (AA), and the
Kappa coefficient (κ). In addition, the original data have been
scaled in the range [0, 1] before the experiments and, unless
otherwise specified, the quantitative measures are obtained by
averaging ten Monte Carlo runs. Besides the first two moments,
another criterion (i.e., the median) is also used to implement
the proposed method. In the following, the proposed method
implemented with moment criteria is abbreviated by MOM and
the one implemented using the median criterion is abbreviated
by MED.

A. Hyperspectral Imagery Datasets

The first hyperspectral image dataset used in our experiments
is an image collected by the AVIRIS over NW Indiana’s Indian
Pines region in 1992. The AVIRIS sensor collects 220 bands,
covering the wavelength range of 0.4–2.5 μm, and the number
of retained bands is 200 (after removing 20 water absorption
bands). This image consists of 145×145 pixels, with a nominal
spectral resolution of 10 nm and moderate spatial resolution of
20 m by pixel. It contains 16 ground reference classes ranging
from 20 to 2468 pixels in size and, for each class, we randomly
choose around 5% of the labeled samples for training and use
the remaining 95% for testing. The details of training and test
sets are shown in Table I. For illustrative purposes, Fig. 6 shows
a false color composite of the scene and the associated ground
reference map.
The second hyperspectral image dataset used in our exper-

iments was collected over the University of Pavia, Italy, by
the reflective optics system imaging spectrometer (ROSIS). The
ROSIS sensor collects 115 bands, covering thewavelength range
of 0.43–0.86 μm. After removing the noisy bands, we retained
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Fig. 6. AVIRIS Indian Pines dataset. (a) RGB composite image of three bands.
(b) Ground reference map.

TABLE II
NINE GROUND REFERENCE CLASSES IN ROSIS UNIVERSITY OF PAVIA AND THE

TRAINING AND TEST SETS

Class Samples

NO Name Train Test

C1 Asphalt 40 6812
C2 Meadow 40 18 646
C3 Gravel 40 2167
C4 Trees 40 3396
C5 Metal sheets 40 1338
C6 Bare soil 40 5064
C7 Bitumen 40 1316
C8 Bricks 40 3838
C9 Shadows 40 986
Total 360 43563

103 bands in the acquired image. The scene contains 610× 340
pixels, with very high spatial resolution of 1.3m per pixel. There
are nine ground reference classes of interest, and we randomly
choose 40 samples per class for training and use the rest for test-
ing. The details of training and test sets are shown in Table II.
In addition, a false color composite image and the associated
ground reference map are shown in Fig. 7.

B. Different Sparse Random Measurement Matrices

There are two tuning parameters in the construction of the
very sparse randommeasurement matrixR ∈ Rn×m : c controls
the number of the nonzero entries in each row of R, and n is
the dimensionality of the projection vectors (i.e., the number
of spatial features). The first set of experiments is designed to
analyze the impact of these two parameters, and the criterion is
the distortion error measured by comparing the l2-norm distance
between two projection data vectors to their l2-norm distance in

Fig. 7. ROSIS University of Pavia dataset. (a) RGB composite image of three
bands. (b) Ground reference map.

the original high-dimensional space, which is defined as

ε(ai ,aj ) =
∣
∣
∣
∣1 − 1√

n
· ‖Rai − Raj‖2

‖ai − aj‖2

∣
∣
∣
∣ . (11)

Here, we randomly choose 1000 pairs of data vectors per dataset
for testing, and compute the error between members of a pair of
data vectors, averaged over these pairs, for eachR. c is varied to
be 2, 4, 10, 50, and 100, andn is varied in steps of 20 in the range
[20, 1000]. At each pair c and n,R is generated anew 100 times
to obtain the average error. Fig. 8 shows the results for the two
given datasets. As for the free parametersw andh in themultiple
scales {Fi,j}w,h

i=1,j=1 , they were set equal to each other. More
specifically, for Indian Pines dataset we used, w = h = 50, and
for University of Pavia dataset we used, w = h = 100.
As shown by Fig. 8, it is clearly seen that random projec-

tion can yield very accurate results. When n is analyzed, the
performance obtained by using more features is better than that
obtained using less features, but the differences observed be-
tween both cases are quite slight when n > 100. When c is
analysed, the results obtained by using more nonzero entries
are better than that obtained using less nonzero entries in most
cases, but the gaps among the results of different c are not sig-
nificant. As a result, we can conclude that the construction ofR
is robust to parameter settings, and almost all the information
provided by the DMSR features is preserved by RMSR. In the
following, we assume that c is fixed to 4 and n is fixed to 200
as a tradeoff between accuracy and computational cost.
In the next set of experiments, we investigate the sparse ran-

dom projection by statistically analyzing the errors of using
different R. Different from the first set of experiments, the
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Fig. 8. Influence of the parameters of R. (a) AVIRIS Indian Pines scene. (b)
ROSIS University of Pavia scene.

Fig. 9. Cumulative distribution probability of error.

suggested parameters c and n are used andR is generated anew
104 times to avoid any bias induced by random generator. Fig. 9
shows the cumulative distribution probability of error for the two
given datasets. It is apparent that the sparse random projection
can achieve a low error with a high probability. Thus, we can
conclude that the sparse random projection process is robust.

C. Different Numbers of Scales

In this set of experiments, we investigate the impact of
the input parameters on RMSR. There are only two param-
eters: w and h intended for the definition of the multiple
scales {Fi,j}w,h

i=1,j=1 , which control the scale size of the largest
rectangle neighborhood. The product of w and h gives the
number of scales used by RMSR, and their values should
not be more than half of the width and height of the given
dataset, respectively. Several values for w and h have been
tested in our experiments with the two considered hyperspectral
datasets, and the obtained classification accuracies are reported
in Fig. 10(a) and (b), respectively. In these experiments and

Fig. 10. Classification accuracies using different numbers of scales.
(a) AVIRIS Indian Pines scene. (b) ROSIS University of Pavia scene.

the following, the parameters w and h are set equal to each
other, and the error bars indicate the standard deviation for
ten random samplings.
From Fig. 10, it can be seen that for both the two given

datasets, when the number of scales is small, MED performs
better than MOM in most cases; whereas when the number of
scales is large, MOM outperforms MED consistently. As the
number of scales increases, the classification accuracies of both
MED and MOM increase almost monotonically. This indicates
that a large number of scales have advantages in improving
classification performance. However, the accuracies reach sat-
uration asymptotically when the number of scales is relatively
large. This is because the rectangle neighborhoods with large
widths or heights might cover many objects that the computed
criteria of different classes are almost the same. In view of
the above issues, a moderate number of scales are used in the
experiments, since a larger number of scales will increase the
computational complexity of MED significantly and will not
bring significant performance improvements. More specifically,
we hereinafter set parameters w and h to a fixed value of 50
for the AVIRIS Indian Pines scene and to a fixed value of 100
for the University of Pavia scene. These empirical parameter
settings were found appropriate after simple experimentation,
which indicate that these parameters are not difficult to set in
practice.

D. Influence of Kernel Weight

The kernel weight ν in (10) balances the spectral and spatial
information in the construction of the proposed method. In this
set of experiments, we examine the influence of it to the perfor-
mance of the investigated MED and MOM by varying ν from
0 to 1. The classification results for the two given datasets are
shown in Fig. 11. It can be seen that when ν is set to 0 or 1, i.e.,
only spatial information or spectral information is used, the in-
vestigated twomethods do not perform very good results on both
datasets. The optimal values of ν are different for the two given
datasets, but they are all in the range [0.1, 0.5]. When ν goes
from 0.6 to 1, almost all cases degrade performance apparently.
All these indicate that the spatial features play an important role
in the spatial–spectral classification, and the integration of the
spectral features into the spatial features can improve the classi-
fication performance when compared with the cases only using
the spatial features.
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Fig. 11. OA as a function of the kernel weight ν .

Fig. 12. Influence of base images. (a) AVIRIS Indian Pines scene. (b) ROSIS
University of Pavia scene.

E. Influence of Base Images

In traditional multiscale methods, it is suggested to use di-
mensionality reduction methods to generate the characteristic
images, and then use the obtained characteristic images as base
images to construct the multiscale representations [11]–[13],
[24], [25]. In this set of experiments, we analyze the impact
of using and not using base images on RMSR. As with most
multiscale methods, PCA is adopted as the dimensionality re-
duction method, and the q most significant PCs are used to
produce the base images. In our experiments, several values for
q were tested, and the corresponding methods for MED and
MOM are denoted by MEDp and MOMp, respectively. As for
RMSR without using base images, the original spectral features
were used, and the corresponding methods are MED and MOM
themselves.
A comparison of the results obtained using and not using

bases images for the classification of the two considered datasets
is given in Fig. 12(a) and (b), respectively. From the results
reported in Fig. 12, it is clear that using base images could be
beneficial to RMSR. However, this is not the main goal of our
approach as we intend to conduct the classification with all the
information available at hand, without any prior dimensionality
reduction. Thus, in this paper we do not consider using bases
images for the construction of the proposed method.

F. Comparison of Different Classification Methods

In this set of experiments, we compare the proposed MED,
MOM, and DMSR (i.e., MOMwithout random projection) with
three widely used spatial–spectral classification methods based
on both the SVM classifier and the CK framework. The first
one is the SVMCK, where the spatial features are extracted by

TABLE III
CLASSIFICATION ACCURACIES FOR AVIRIS INDIAN PINES USING DIFFERENT

CLASSIFICATION METHODS

Class SVM SVMCK MSCK EMAPCK DMSR MED MOM

C1 63.92 77.25 89.02 84.31 90.59 88.04 91.57
C2 77.25 85.10 88.91 89.60 95.60 94.38 96.26
C3 73.52 90.76 91.49 93.40 97.58 96.88 97.98
C4 53.02 73.20 83.24 72.34 87.79 86.35 89.10
C5 89.79 91.76 90.51 91.84 93.96 93.69 94.47
C6 93.98 96.12 95.95 97.01 98.39 97.64 98.67
C7 85.83 90.83 62.08 92.08 94.58 93.75 95.00
C8 95.97 97.37 99.38 99.20 99.48 99.38 99.55
C9 55.56 81.67 73.33 61.11 82.22 88.33 82.78
C10 71.75 82.66 86.75 87.33 92.84 92.62 93.36
C11 81.01 90.74 91.55 94.67 96.86 96.13 97.69
C12 80.19 84.27 86.96 88.59 96.30 95.27 95.83
C13 98.41 99.40 99.35 98.86 99.10 97.56 99.45
C14 93.86 95.97 98.67 98.00 99.29 99.06 99.43
C15 52.41 76.40 81.52 90.86 96.20 96.34 96.20
C16 85.56 93.67 88.67 90.67 92.78 91.22 93.11
OA 81.23 89.42 91.44 92.77 96.45 95.79 96.90

(0.53) (1.00) (0.63) (0.71) (0.32) (0.41) (0.32)
AA 78.25 87.95 87.96 89.37 94.60 94.17 95.03

(1.57) (1.23) (1.94) (1.15) (1.13) (1.30) (1.27)
κ 78.62 87.95 90.26 91.76 95.95 95.21 96.47

(0.61) (1.14) (0.72) (0.81) (0.37) (0.47) (0.36)
Time(s) 0.67 1.97 30.10 4.82 – 35.50 2.54

The standard deviation (in the parentheses) of the ten Monte Carlo runs is also reported in
each case.

TABLE IV
CLASSIFICATION ACCURACIES FOR ROSIS UNIVERSITY OF PAVIA USING

DIFFERENT CLASSIFICATION METHODS

Class SVM SVMCK MSCK EMAPCK DMSR MED MOM

C1 76.25 87.41 90.48 96.32 94.69 95.22 94.06
C2 83.22 93.54 92.12 92.65 96.42 96.22 97.20
C3 79.04 85.43 96.86 87.36 97.96 98.16 98.76
C4 93.21 97.76 92.97 95.71 97.28 96.57 98.04
C5 99.07 99.91 99.09 99.25 99.98 99.77 99.99
C6 83.16 93.91 93.57 94.83 99.73 99.37 99.26
C7 92.27 95.43 94.41 97.63 99.88 99.70 99.92
C8 79.96 87.43 95.40 91.72 96.73 95.26 96.52
C9 99.16 99.48 98.58 99.30 98.98 99.56 99.44
OA 83.53 92.40 93.05 93.87 96.98 96.76 97.25

(2.02) (1.07) (1.32) (1.43) (1.35) (1.54) (1.17)
AA 87.26 93.37 94.83 94.97 97.96 97.76 98.13

(1.19) (0.46) (0.64) (0.58) (0.43) (0.39) (0.38)
κ 78.91 90.12 90.97 92.04 96.06 95.78 96.41

(2.43) (1.35) (1.68) (1.80) (1.73) (1.97) (1.50)
Time(s) 3.26 8.87 398.70 92.06 – 1200.64 16.34

The standard deviation (in the parentheses) of the ten Monte Carlo runs is also reported in
each case

computing themean and standard deviation of the neighborhood
pixels in a window per spectral signature, and more details can
be seen in [8]. The second one is denoted by MSCK, where a
multiscale MS technique is utilized to extract the spatial fea-
tures, and the details of this methodology are given in [25]. The
last one is denoted by EMAPCK, since EMAP is used to build
the spatial features. As reported in [14], the first three PCs are
retained, and the area and standard deviation are considered to
build the morphological attribute profiles. The corresponding
parameters and codes of EMAP are provided by [12] and [24].
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Fig. 13. Classification maps and overall classification accuracies (in the parentheses) obtained for the AVIRIS Indian Pines scene using different classification
methods. (a) SVM (80.92). (b) SVMCK (89.35). (c) MSCK (91.70). (d) EMAPCK (92.98). (e) DMSR (96.18). (f) MED (95.47). (g) MOM (96.72) .

Fig. 14. Classificationmaps and overall classification accuracies (in the parentheses) obtained for theROSISUniversity of Pavia scene using different classification
methods. (a) SVM (83.62). (b) SVMCK (91.05). (c) MSCK (93.87). (d) EMAPCK (94.31). (e) DMSR (97.46). (f) MED (96.38). (g) MOM (97.96).

In order to emphasize the assessment of the proposed RMSR
features, the kernel weights ν of the aforementioned methods
are all set to 0.5 for a fair comparison of their spatial features.
Moreover, the pixelwise SVM that only uses spectral features
[2] is also included as a baseline classifier. The global and
class-specific accuracies obtained by all the considered clas-
sification methods for the two given datasets are reported in
Tables III and IV, and the corresponding classification maps
are illustrated in Figs. 13 and 14, respectively. In addition, the
processing time in seconds, measured in a 64-b quad-core Intel
CPU 2.40-GHz processor, is also included for reference. Here,
the processing time of DMSR is not included since it is far
more than the others.
For the AVIRIS Indian Pines scene, as reported in Table III,

all spatial–spectral methods yield higher classification accura-
cies when compared with the pixelwise SVM. Among these
methods, MOM gives the highest global and most of the best
class-specific accuracies, while DMSR can be regarded as the
second-bestmethod followed byMED.Note that, DMSR should
ideally perform better than MOM, but the experimental results
are just the opposite. This is because the dimensionality of
DMSR features is so high that the classifier may suffer from
the high dimensionality of the feature space. However, this im-
pact is not serious, since the gap between MOM and DMSR is
not significant. The classification maps reported in Fig. 13 con-
firm these observations conducted on Table III. It is also clear
that the spatial–spectral methods provide smoother classifica-
tion maps than the spectral-only SVM. The classification maps
obtained by the proposed MOM, DMSR, and MED contain
smoother regions than those produced by the other methods, and
the misclassified pixels mainly concentrate in the corners that

Fig. 15. OA as a function of the number of training samples for different
classification methods when applied to the (a) AVIRIS Indian Pines scene and
(b) ROSIS University of Pavia scene.

are difficult to be described by all compared spatial features, due
to the information asymmetry among the classes lying in these
irregular regions. Moreover, althoughMSCK and EMAPCK are
also the methods based on multiscale spatial features, the clas-
sification maps of them are not as smooth as those of MOM,
DMSR, and MED, and contain some block-like misclassified
structures, especially in the flat regions (e.g., rectangle regions
in Fig. 13), that are correctly classified by the proposed three
methods.
From Table IV, it is also clear that for the ROSIS University

of Pavia scene, all spatial–spectral methods perform better than
SVM and MOM yields the best classification accuracies among
all these methods. The numerical results reported on Table IV
can be confirmed by visual inspection of the classification maps
shown in Fig. 14.
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G. Different Numbers of Training Samples

In this set of experiments, we analyze how the number of
training samples affects the classification performance of the
classification methods compared in Section III-F for the two
considered datasets. Here, DMSR is not included since it is the
coarse version of MOM. The parameters of these methods are
fixed to be the same as those used in Section III-F. For the Indian
Pines dataset, in each test we randomly choose 1–20% of the
labeled pixels per class for training and the remaining pixels for
testing. For very small classes, we take a minimum of two train-
ing samples per class. For the ROSIS University of Pavia scene,
we build training sets by randomly choosing 10, 20, 40, 60, 80,
and 100 training samples per class. Fig. 15(a) and (b) shows
the classification accuracies obtained in this set of experiments
with the AVIRIS Indian Pines and ROSIS University of Pavia
scenes, respectively. From Fig. 15, it is obvious that the OA in-
creases monotonically, and the standard deviation decreases as
the number of training samples increases. The proposed MED
andMOM consistently yield higher OAs than the other methods
considered in experiments.

IV. CONCLUSION AND FUTURE LINES

This paper developed a RMSR technique for extracting
the spatial information of hyperspectral images and hereby
presented a spatial–spectral classification method. The RMSR
technique allows using dense scales to represent the spatial
characteristics of the hyperspectral images, so that we can
benefit from the complementary information collected at
various scales to capture the spatial information around a pixel.
The spatial features are extracted by computing criteria on the
dense rectangular scales. After obtaining the spatial features
on dense scales, we concatenate them as high-dimensional
multiscale features to keep all the spatial information extracted
in the process. Then, a very sparse random measurement
matrix is introduced to compress the high-dimensional spatial
features into lower dimensional features without the loss of
salient information. The entire process of RMSR is organically
performed by computing criteria at random scales of random
bands according to the nonzero entries of the very sparse
measurement matrix. The criteria investigated in RMSR are the
first two moments, which are simple and can be significantly
accelerated by the integral image method. Thanks to these
effective mechanisms, the computation load of RMSR becomes
very light. The final classification is conducted by a CK-based
approach that appropriately weights the spatial features with re-
gards to spectral features. The proposed method has been tested
on two widely used hyperspectral datasets. Our experiments
indicate that use of dense scales by the proposed method can be
very helpful to improve the obtained classification results, and
RMSR is computationally manageable and highly effective.
Although the results obtained by the proposed method are very
encouraging, further enhancements such as the use of adaptive
neighborhoods and additional criteria to describe spatial
neighborhoods should be pursued in future developments.

ACKNOWLEDGMENT

The authors would like to thank Prof. D. Landgrebe from
Purdue University for providing the Indian Pines dataset, and
Prof. P. Gamba from the University of Pavia, Italy, for providing
the ROSIS University of Pavia dataset.

REFERENCES
[1] M. Fauvel, Y. Tarabalka, J. A. Benediktsson, J. Chanussot, and J. C.

Tilton, “Advances in spectral–spatial classification of hyperspectral im-
ages,” Proc. IEEE, vol. 101, no. 3, pp. 652–675, Mar. 2013.

[2] F. Melgani and L. Bruzzone, “Classification of hyperspectral remote sens-
ing images with support vector machines,” IEEE Trans. Geosci. Remote
Sens., vol. 42, no. 8, pp. 1778–1790, Aug. 2004.

[3] G. Camps-Valls and L. Bruzzone, “Kernel-based methods for hyperspec-
tral image classification,” IEEE Trans. Geosci. Remote Sens., vol. 43,
no. 6, pp. 1351–1362, Jun. 2005.

[4] P. Zhong, P. Zhang, and R.Wang, “Dynamic learning of SMLR for feature
selection and classification of hyperspectral data,” IEEE Geosci. Remote
Sens. Lett., vol. 5, no. 2, pp. 280–284, Apr. 2008.

[5] J. Li, J.M.Bioucas-Dias, andA. Plaza, “Semisupervised hyperspectral im-
age segmentation using multinomial logistic regression with active learn-
ing,” IEEE Trans. Geosci. Remote Sens., vol. 48, no. 11, pp. 4085–4098,
Nov. 2010.

[6] Y. Chen, N. M. Nasrabadi, and T. D. Tran, “Hyperspectral image classifi-
cation using dictionary-based sparse representation,” IEEE Trans. Geosci.
Remote Sens., vol. 49, no. 10, pp. 3973–3985, Oct. 2011.

[7] J. Liu, Z. Wu, Z. Wei, L. Xiao, and L. Sun, “Spatial–spectral kernel
sparse representation for hyperspectral image classification,” IEEE J. Sel.
Topics Appl. Earth Observ. Remote Sens., vol. 6, no. 6, pp. 2462–2471,
Dec. 2013.

[8] G. Camps-Valls, L. Gomez-Chova, J. Muñoz-Marı́, J. Vila-Francés, and
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