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Abstract—Representation-based classification has gained great
interest recently. In this paper, we extend our previous work in
collaborative representation-based classification to spatially joint
versions. This is due to the fact that neighboring pixels tend
to belong to the same class with high probability. Specifically,
neighboring pixels near the test pixel are simultaneously repre-
sented via a joint collaborative model of linear combinations
of labeled samples, and the weights for representation are
estimated by an -minimization derived closed-form solution.
Experimental results confirm that the proposed joint within-
class collaborative representation outperforms other state-of-the-
art techniques, such as joint sparse representation and support
vector machines with composite kernels.

Index Terms—Collaborative representation, hyperspectral
image, pattern classification, spatial correlation.

I. INTRODUCTION

H YPERSPECTRAL IMAGERY (HSI) obtained by
remote-sensing systems is a 3-D data cube with both

spatial and spectral coordinates. Typically, hyperspectral data
consist of hundreds of narrow contiguous wavelength bands
which include detailed spectral information about the materials
in the scene. Taking advantage of the rich spectral information,
numerous classification algorithms using hyperspectral data
have been developed for a variety of applications [1]–[4], such
as land use analysis, pollution monitoring, etc.

With the advance of sensor technology, hyperspectral images
with high spatial resolution are continually becoming more
available. Compared to the classifiers solely using spectral sig-
natures [5]–[8], recent research efforts using joint spatial-spectral
featuresmay improve classification accuracy [9]–[11], particularly
when dealing with high-spatial-resolution images. For instance,
morphological profile (MP) generated by the morphological
operators (e.g., opening and closing), which is widely used for
modeling structural information, has been introduced in [12].
Texture features [13], [3]-D Gabor wavelets [14], and 3-D gray
level co-occurrence matrices (GLCM) [15] have also been inves-
tigated for hyperspectral image classification. Aforementioned

classification methods mainly explore the joint spectral-spatial
features in HSI, followed by a pixel-wise classifier. Another
widely used strategy is to include the spatial information in a
post-processing step. For instance, Markov random field (MRF)
[16], [17] is amodel to incorporate the spatial-context information
based on the results of support vector machine (SVM) [18]
classifier, namely SVM-MRF. In addition, researchers have taken
into account simultaneous spectral and spatial information within
the designed classifier. In [19], themethodexploited the properties
of Mercer’s conditions to construct a family of composite kernels
(CKs) for the combination of both spectral and spatial informa-
tion. A simple CK naturally comes from the concatenation of
nonlinear transformations of spectral and contextual signatures,
and the resulting classifier is referred to as SVM-CK.Note that the
spatial feature in SVM-CK is simply the neighbor average of a
small window, and the use of such a feature does not necessarily
increase the dimensionality of the feature space.

Deviated from traditional classifiers with the training-testing
fashion, sparse representation has been proposed for classifica-
tion. In [20], a pixel to be classified is sparsely approximated by
labeled samples, and it is assigned to the class whose labeled
samples provide the smallest representation error. In [20], two
joint sparsitymodels have also been proposed to incorporate the
contextual information: in one joint model called simultaneous
orthogonal matching pursuit (SOMP), pixels in a small neigh-
borhood around the test pixel are simultaneously represented by
linear combinations of labeled samples, whereas in the other
model called OMP with smoothing (OMP-S), the smoothing
constraint is imposed to force the vector Laplacian of the
approximations to be zero. The ideas were extended to anomaly
detection [21] and kernel version of joint sparsity model for
hyperspectral image classification has been discussed in [22].

It has been argued that it is the “collaborative” nature of the
approximation instead of “competitive” nature imposed by
sparseness constraint that actually improves the classification
accuracy [23]. Thus, a collaborative representation based classi-
fier, called nearest regularized subspace (NRS), was proposed in
[24] for hyperspectral image classification. The essence of NRS
classifier is an penalty in the style of a distance-weighted
Tikhonov regularization [25]. The distance-weighted measure-
ment enforces a structure of weight vector; compared to sparse-
representation-based approach, the weights can be simply
estimated through a closed-form solution, resulting in much
lower computational cost.

However, the NRS classifier was originally designed to be a
pixel-wise classifier—only the spectral signature has been
exploited while ignoring the spatial information at neighboring

Manuscript received August 29, 2013; revised December 08, 2013; accepted
February 16, 2014. Date of publication March 26, 2014; date of current version
August 01, 2014. This work was supported by the National Natural Science
Foundation of China under Grant NSFC-61302164.

W. Li is with the College of Information Science and Technology, Beijing
University of Chemical Technology, Beijing 100029, China (e-mail:
liwei089@ieee.org).

Q. Du is with the Department of Electrical and Computer Engineering,
Mississippi State University, Mississippi State, MS 39762 USA (e-mail:
du@ece.msstate.edu).

Digital Object Identifier 10.1109/JSTARS.2014.2306956

2200 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 7, NO. 6, JUNE 2014

1939-1404 © 2014 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



locations. In this work, we propose joint collaborative representa-
tion (JCR) to overcome the indigenous disadvantage ofNRS. JCR
seeks to incorporate the contextual information during classifica-
tion, and it is anticipated that neighbors near the test pixel are
simultaneously represented via a joint collaborative model of
linear combinations of available training samples. Several models
of JCRwill be discussed, and experimental results demonstrate its
better performance than the counterparts using spectral and spatial
information, such as SVM-CK, SVM-MRF, and SOMP.

The remainder of this paper is organized as follows. Section II
details our proposed JCR models. Section III presents the
methods used for comparison. Section IV presents the hyper-
spectral data and experimental setup as well as comparison of the
classification performance between the proposed method and
existing techniques. Finally, Section V makes several conclud-
ing remarks.

II. JOINT COLLABORATIVE REPRESENTATION

In this section,we extend our previouswork [24] in JCR-based
(JCR) classification by incorporating neighboring pixels into the
existing model. Specifically, four modified models are presented
for the proposed JCR by consideration of neighboring test data
(JCR1), neighboring test and labeled data (JCR2), joint regulari-
zation terms (JCR3), and the smoothing constraint (JCR4). The
basic idea is to linearly represent each pixel under test using the
training samples in each class and the pixel is assigned to the class
producing the minimum residual. For collaboration representa-
tion, the norm of representation coefficients should be mini-
mized. Moreover, the NRS imposes different penalty on the
representations from different training samples, with the objec-
tive that the one more similar to the pixel under test should
provide a larger weight in the representation. The JCR models
utilize the same idea, with the difference that the signatures of
pixels and/or training samples may contain spatial information.

Consider a dataset with training samples in R
( is the dimensionality) and class labels ,
where is the number of classes and is the total number of
training samples. Let be the number of available training
samples for the -th class, . Let

in R be hyperspectral pixels in a spatial neighbors
of test pixel ( is the number of neighbors).

A. JCR1: Joint Neighboring Test Data

Neighboring pixels may belong to the samematerial with high
probability, and their spectral signatures are highly correlated. In
order to exploit the local continuity, it is straightforward to
spatially average the test pixel and its nearest neighbors,

where represents the averaged value for the central pixel
(denoted as ). The weight vector � for the linear combination
is calculated according to,

�
�

� �

where is a biasing Tikhonovmatrix [25] specific to each class
and the averaged test sample , and is a global regularization

parameter which balances the minimization between the residual
and regularization terms. Note that � is a various representation
of � with size of . Specifically, the regularization term is
designed in the form of

Γ

where are the columns ofmatrix for the -th
class. And then, the weight vector � can be recovered in a
closed-form solution,

�

Once obtaining the weight vector, the class label of test pixel
is then determined according to the class which minimizes the
residual between the approximation and the averaged pixel .
That is,

�

and

In doing so, the smoothness among the test neighbors are
considered in the process of estimating weight vector � , which
causes the approximations to have similar spectral characteristics
to its surrounding neighbors.

B. JCR2: Joint Neighboring Test and Labeled Data

If spatial locations of training samples are available, we can
also calculate the averaged value for each element in matrix ,
denoted as . Similarly, the regularization
matrix has become

Γ

And then, the weight vector � can be calculated in following
closed-form,

�

Note that represents the averaged value for the test pixel
using (1), and represents the whole averaged training matrix
for the -th class. The residual between the approximation and
averaged test pixel is

�

And the class label of test pixel is finally determined
according to (6).
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C. JCR3: Joint Regularization Terms

Here, we borrow the idea of joint sparsity model from [20],
considering the test sample as well as its neighbors (denoted as
) simultaneously during the estimation of weight matrix. In our

case, The objective function of joint weight matrix for the -th
class can be represented

where � � � is the weight matrix,
is the biasing Tikhonovmatrix [25] specific to each class and the
test sample as well as its neighbors , and is a global
regularization parameter which balances the minimization be-
tween the residual and regularization terms. Further, the regu-
larization matrix is averaged by

where is obtained using the pixel and available class-
specific training matrix

Γ

where are the columns ofmatrix for the -th
class. Similar to (4), the joint weight matrix has a closed-form
solution

Γ Γ

Once theweightmatrix is available, the total error residuals
between the test samples and the approximations obtained
from class-specific training samples are represented as

�

where � denotes the portion of the sparse vector for
associated with training matrix . The label of the center pixel
is then determined to be the class that yields the minimal total

residuals according to (6).

D. JCR4: Smoothing Constraint

We further transplant the concept of Laplacian constraint from
[20], integrating with our previously-proposed NRS classifier.
Specifically, , , , and express the four nearest neighbors
of test pixel (for convenience’s sake, the central pixel is also
represented as ). The new test pixel and class-specific
training matrix are represented as

and

where is a column vector of all zeros; in otherwords, after
concatenating vector and all the four nearest neighbors, the new
test pixel has size of , and has size of . Here,
the objective function of collaborative weight vector � is

�
�

� Γ �

and � can be recovered in the closed-form

� Γ

where the regularization matrix has size of , and is
expressed

Γ

Γ
Γ

Γ
Γ

Γ

In (19), diagonal element (matrix) ( ) can be
obtained by (12). Note that resulting vector � has the size of

and is actually the concatenation of

� � � � � �

where � ( ) has size of . Once the weight
vector is available, the total error residuals are calculated using
(14), and the label of the center pixel is finally decided
according to (6).

Fig. 1. Residuals of each class using NRS and JCR2 for the University of Pavia
data. Note that the dash blue line indicates the difference between the residual of
each class and the minimum one for NRS.
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III. COMPARISON TO OTHER WORK

Essentially, JCR can be viewed as an extension of our
previously-proposed NRS [24], incorporating contextual infor-
mation to improve the classification performance. We believe
that the motivation of this extension is important, given that
neighboring pixels in HSI tend to belong to the same class with
high probability. For instance, the essence of JCR1 and JCR2 is
to replace the central pixel value with the averaged value of its
surroundings, including itself, during the process of classifica-
tion. On one hand, it naturally facilitates exploiting spatial
homogeneity and smoothing out boundary-like artifacts of hy-
perspectral image. On the other hand, the proposed JCR inherits
and even enhances the discriminant ability of the original NRS.
Fig. 1 illustrates one example of the normalized residuals
between the test sample (chosen from class 1) and its approx-
imations using class-specific training samples (total 9 classes).
From the results, in the original NRS, the residuals of class 1 and
class 7 are closed—0.0621 and 0.0634, respectively; in JCR2,
the gap of residuals between class 1 and class 7 is much larger
than that of NRS, providing high confidence to assign the correct
label. This instance potentially verifies that the JCR with spatial
information is more discriminative than NRS classifier with only
the original spectral signatures.

The proposed JCR3 and JCR4 bear some similarity to SOMP
and OMP-S in [20]; however, there is one significant difference.

In brief, SOMP and OMP-S belong to the sparse-representation-
based methods, and the sparse vector is recovered by solving a
sparsity-constrained optimization problem. Taking SOMP as an
example, the sparse matrix can be recovered by solving the
joint sparse recovery problem

where the notation denotes the number of nonzero rows
of and denotes the Frobenius norm. Note that (21) is a
NP-hard problem [26] solved by greedy algorithms, such as OMP
[27]. In contrast, aswe stated before, the essence ofNRS aswell as
JCR is an penalty in the style of a distance-weighted Tikhonov
regularization, and the solutionofweight vector has a closed-form.

Fig. 2. Parameter tuning (e.g., ) using the proposed JCR for the University of Pavia data.

TABLE I
OPTIMAL PARAMETERS (E.G., REGULARIZATION PARAMETER AND

WINDOW SIZE) FOR EXPERIMENTAL DATASETS
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The differences between SVM-CK [19] and proposed JCR are
apparent. On one hand, the former one uses the traditional
training and testing procedure, whereas the latter one does not
have a training step. On the other hand, the former one constructs
a CK for the combination of both spectral and spatial informa-
tion, whereas the latter one exploits the local continuity via joint
collaborative models.

IV. EXPERIMENTS AND ANALYSIS

A. Experimental Data

In this section, we compare the classification performance of
the proposed JCR with traditional methods. The first experimen-
tal data employed was acquired using National Aeronautics and
Space Administration’s (NASA) Airborne Visible/Infrared Im-
aging Spectrometer (AVIRIS) sensor and was collected over

northwest Indiana’s Indian Pine test site1 in June 1992. The
image represents a vegetation-classification scenario with

pixels and 220 bands in the 0.4–2.45 μm region of
the visible and infrared spectrum with a spatial resolution
of 20 m. In this work, a total of 202 bands is used after removal
of water-absorption bands. There are 16 different land-cover
classes in the original ground truth map, and the number of test
and train samples are shown in Table II.

The second and third experimental hyperspectral datasets
employed were collected by the Reflective Optics System Imag-
ing Spectrometer (ROSIS) sensor. The image, covering the city
of Pavia, Italy, was collected under the HySens project managed
byDLR (theGermanAerospaceAgency). The data has a spectral
coverage from 0.43 to 0.86 μm, and a spatial resolution of 1.3 m.

TABLE II
CLASSIFICATION ACCURACY (%) FOR THE INDIAN PINES DATASET

TABLE III
CLASSIFICATION ACCURACY (%) FOR THE UNIVERSITY OF PAVIA DATASET

TABLE IV
CLASSIFICATION ACCURACY (%) FOR THE PAVIA CENTRE DATASET

1https://engineering.purdue.edu/\nbspbiehl/MultiSpec/hyperspectral.html.
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The scene used in our experiment is the university area which has
103 spectral bands with a spatial coverage of pixels.
There are nine classes for the dataset, and the number of test and
train samples are shown in Table III. Another experimental data,
also from the ROSIS sensor, covers the Pavia city center which
has 102 spectral bands with areas of the Pavia city. Sub-scene
size of has been used in this work, and more detail
information of the number of test and train samples are summa-
rized in Table IV.

B. Parameter Tuning

We investigate the regularization parameter of the proposed
JCR. As a global parameter, the adjustment of is important to
the algorithm performance. We report experiments demonstrating
the sensitivity of the proposed methods over a wide range of the
parameter space. In general, leave-one-out cross validation
(LOOCV) strategy based on available training samples is con-
sidered for the parameter tuning.

Fig. 2 demonstrates the classification accuracy versus varying
for the original NRS as well as the proposed JCR for the

University of Pavia data. Similar experiments have been made
for two other data. Given the training samples, we show the effect
of the window size of areas (window is used to select the
neighbors; e.g., number of neighbors is 81 when window size
is ) and varying on the performance of JCR2. In Fig. 2, a
smaller window (e.g., ) is more suitable for JCR1 and
JCR3. When increasing the window size, the performance of
JCR1 and JCR3 may be worse than the original NRS, which
indicates that larger window, including more neighbors, is not a
good choice for these two classifiers. As for JCR2, both neigh-
boring test and labeled data are averaged, slightly increasing the

window size may keep the performance to be stable, but a size
(e.g., ) may be large enough. Optimal parameters (e.g.,
regularization parameter and window size) for three experi-
mental data are summarized in Table I. For other classifiers, such
as SVM,2 cross validation is also employed to determine the
related parameters, and all optimal ones are used in following
experiments.

C. Classification Performance

The performance of the proposed classification methods is
shown in Tables II–IV for the experimental data. The test and
training data are randomly selected from the available ground
truth map. The classification accuracy for each class has been
reported. For comparison purposes, the numbers of test and
training for the Indian Pines data summarized in Table II are
exact the same as the one in [20], and for the University of Pavia
data and Pavia Centre data, we actually employ much less
training samples.

For the Indian Pines data, incorporating contextual informa-
tion, the proposed JCR models, especially JCR2, can basically
yield better classification performance than previously-proposed
NRS. In fact, JCR2 outperforms SVM-CK, SVM-MRF, and
SOMP in most classes except of some small-size ones, such as
classOats. For that one, hyperspectral pixels cover a very narrow
region (approximate with size of ), for which large
window size may mix the signatures with these from other
classes in adjacent area. For the University of Pavia data, SOMP
as well as OMP-S actually do not provide good results even

Fig. 3. Thematic maps resulting from classification for the Indian Pines dataset using training samples summarized in Table II.

2SVMwith RBF kernel is implemented using the libsvm package; http://www.
csie.ntu.edu.tw/\nbspcjlinn/libsvm.
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incorporating spatial information. However, relevant JCR3 and
JCR4 produce better performance than not only NRS and OMP,
but also SOMP and OMP-S. In the Pavia Centre experiment, the
JCR models perform better than SOMP, OMP-S, SVM-CK, and
SVM-MRF.

From results in Tables II–IV, we further observe that JCR2
yields the best overall performance among the four proposed
JCR models. Taking the University of Pavia data for example,
the accuracy of JCR2 is 96.62% for the given training and test
data, which is much higher than those of JCR1, JCR3, and
JCR4 (88.21%, 86.81%, and 85.31%, respectively). The
difference between JCR1 and JCR2 is apparent—only neigh-
boring test data are averaged for the former, while both
neighboring test and labeled data are averaged for the latter.
Without averaging, JCR3 and JCR4 consider the test sample as
well as its neighbors simultaneously during the estimation of
weight matrix. JCR2 is superior to the three others, which
indicates that local averaging features redefined simultaneous-
ly for both training and test data have stronger discrimination
ability by reducing the within class spectral variations and
intrinsic noise of the data.

After that, Figs. 3–5 further illustrate the thematic maps
resulting from the classification of these hyperspectral images
in areas for which we have ground truth (note that these labeled
areas are viewed as the test data). We employ the same training

samples as listed in Tables II–IV to produce the classification
maps for classifiers mentioned above. “Unavailable area” in
Figs. 4–5 indicate the regions, where we cannot obtain the class
label from the ground truth. These maps are consistent with the
results listed in Tables II–IV. Apparently, classification maps
from classifiers incorporating contextual information tend to be
less noisy and smoother.

The computational complexity of the aforementioned clas-
sification methods is also investigated for different experimen-
tal datasets. All experiments were carried out using MATLAB
on an Intel(R) Xeon(R) CPU E5620 at 2.4 GHz machine with
4 GB of RAM. The execution time for the whole area we have
ground truth of experimental data is shown in Table V. SVM,
SVM-CK, and SVM-MRF are not considered here because

Fig. 4. Thematic maps resulting from classification for the University of Pavia dataset using 60 training samples per class.

TABLE V
EXECUTION TIME (IN SECONDS) FOR EXPERIMENTAL DATASETS
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the related toolbox uses the MEX function which calls C
program in MATLAB. From the comparative results, we
note that methods using the -minimization-based methods
need less computational cost than these sparse-representation-
based ones.

V. CONCLUSION

In this paper, we considered a series of joint-collaborative-
representation algorithms investigating the relationship of
hyperspectral neighbors based on previously-introduced NRS
classifier for HSI classification, named as JCR. In the proposed
algorithms, neighbors near the test pixel are simultaneously
represented via linear combinations of available training sam-
ples. The weights for the linear combinations are recovered by
solving an -minimization problem with a closed-form solution
being derived. Several strategies of incorporating contextual
information have been discussed to improve the classification
performance. Experimental results on real hyperspectral images

verified that the proposed algorithms can outperform the existing
joint methods.
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