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One-Class Classification of Remote Sensing Images
Using Kernel Sparse Representation

Benqin Song, Peijun Li, Senior Member, IEEE, Jun Li, and Antonio Plaza, Fellow, IEEE

Abstract—Sparse representations have been widely studied in
remote sensing image analysis in recent years. In this paper, we
develop a novel method for one-class classification (OCC) using a
kernel sparse representation model for remotely sensed imagery.
Training samples taken from the target class alone are used to
build a learning dictionary for the sparse representation model,
which is then optimized to produce a reconstruction residual.
In the proposed model, a pixel is classified as the target class if
the obtained reconstruction residual for the pixel is smaller than
a given threshold; otherwise, the pixel is labeled as the outlier
class. To improve the data separability between the target and
outliner classes, the training samples taken from the target class
are mapped into a high-dimensional feature space using a ker-
nel function to build a learning dictionary for the kernel sparse
representation model. OCC is then conducted in the mapped
high-dimensional feature space using the reconstruction residual
threshold, following the same principle as OCC in the original fea-
ture space. The proposed OCCmethod is evaluated and compared
with several existing OCC methods in three different case studies.
The experimental results indicate that the proposed method out-
performs these existing methods, particularly when using a kernel
sparse representation.
Index Terms—Kernel function, one-class classification (OCC),

remote sensing imagery, sparse representations.

I. INTRODUCTION

T HE ABILITY to map and monitor land cover types and
their dynamics for diverse applications has been enhanced

by the availability and constantly increasing coverage of satel-
lite images [1]. Image classification is one of the most com-
monly used methods to extract land cover information from
remote sensing images and has been widely studied over the
past three decades [2]–[4].
Various image classification techniques, supervised

approaches in particular, have been developed with many
successful case studies. Recently developed classification
techniques include support vector machines (SVMs), random
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forests, and sparse representation-based methods [5], [6].
Although these supervised classifiers exhibit a very promising
performance in terms of classification accuracy, they mainly
focus on multiclass classification. Multiclass classifiers require
all classes that occur in a study area to be exhaustively labeled
[7]. Moreover, the goal in many cases is to optimize the
classification accuracy for all land cover classes rather than
for a specific class or few classes of interest [8]. However, in
many applications, it is difficult to collect reference data for all
land cover classes in the study area. It is also very common
that in many applications, the focus is not on all land cover
classes; instead, only one specific class or a few classes are of
real interest [9], [10]. For example, some studies have targeted
the identification of a specific class of interest, such as trees
with yellow flowers [7] or fenland [8]. Furthermore, it is also
the case in many studies that attention is only focused on a
specific land cover change caused by abrupt events, such as
burned areas of forests [11], buildings collapsed by earthquake
disasters [12], or flooded areas [13]. In the context of such
applications, the use of conventional multiclass classification
techniques may be inappropriate, as it requires extra manpower
and time to gather samples of classes that are ultimately of
little interest given in the application goals [14]. Therefore,
one-class classification (OCC) methods have emerged and are
highly desirable in this context because only training samples
from the target class (i.e., the single class of interest) are
required [8].
Many OCC methods have been developed in relevant

fields [15], [16]. These methods mainly comprise three cate-
gories: 1) density estimation methods; 2) boundary methods;
and 3) reconstruction-based methods [17]. Density estima-
tion methods directly estimate the probability density of target
objects, in which an unknown test sample is judged to belong
to the target class if an estimated value is higher than a given
threshold. These methods include the Gaussian model [18],
mixture of Gaussians [19], and Parzen density estimators [20].
On the other hand, the main objective of boundary meth-
ods is to obtain a stable and reliable boundary around the
target class in all directions, which avoids the need to esti-
mate the complete density of the data. The boundary methods
include support vector data description (SVDD) [21], one-class
SVM (OCSVM) [15], and the k-centers method [17]. Finally,
reconstruction methods mainly rely on assumptions on the
underlying data structures. These methods include the k-means
method, self-organizing maps [19], and learning vector quan-
tization [17]. In recent years, some new algorithms for OCC
have been proposed, e.g., maximum entropy (MAXENT) [23]
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and one-class random forests (OCRFs) [24]. MAXENT esti-
mates the Gibbs probability distribution that is proportional to
the conditional probability of being a part of the target class.
The OCRF is a method based on the random forest algorithm
and an extra outlier generation procedure that employs classifier
ensemble-based randomization principles [24].
OCC has also been studied in the remote sensing field in

recent years. Some OCC methods originally developed in other
fields have been evaluated and improved for remote sensing
applications. Among these OCC methods, OCSVM [15] and
SVDD [8] have been widely discussed. For example, SVDD
was evaluated and quantitatively compared with other popular
OCCmethods, such as mixture of Gaussians and Parzen density
estimators, in mapping fenland, a specific land cover class [8].
It was found that SVDD exhibited a better performance than
other OCCmethods. SVDDwas also evaluated in hyperspectral
image classification, where a multiclass strategy was proposed
to classify a few land cover classes of interest (i.e., partially
supervised classification) [24]. A semisupervised OCSVM was
proposed and compared with biased SVM [15]. The MAXENT
method was evaluated for the OCC task for land cover classi-
fication and was quantitatively compared with OCSVM [22].
The positive and unlabeled learning (PUL) algorithm, which
was originally developed to handle binary classification prob-
lem [25], was proposed for OCC of remote sensing data in [14].
The PUL algorithm trains a classifier on positive and unlabeled
data, estimates the probability that a positive training sample
(i.e., target class sample) has been labeled, and generates binary
predictions for unknown test samples using an adjusted thresh-
old [14]. To assess the accuracy of the OCC classifiers, the
effect of training sample size on OCC accuracy was discussed
in [26]. Recently, a new measure for OCC accuracy assessment
without negative data was proposed [27].
In addition to the development of new methods for OCC,

there are also many successful studies in which the OCC meth-
ods have been used in various applications. For example, the
SVDD-based method was used for anomaly detection in hyper-
spectral images, and the results showed improved performance
[28]. An oil-slick detection method using OCSVM was pro-
posed for synthetic aperture radar images, where a specific
kernel was developed to perform accurate segmentation of the
local sea-surface wave spectrum [29]. An unsupervised change
detection method using SVDD was also proposed in [30]. A
supervised change detection method using the OCSVMmethod
was proposed and evaluated for burned area mapping, urban
land expansion [16], and the extraction of damage to urban
infrastructure (i.e., buildings and roads) [12], [31]. Although
there are many studies in the development of new OCC meth-
ods, there is still a need for new OCC methods for remote
sensing image classification.
Recently, sparse representation has become a widely popular

approach in remote sensing data processing [32]. The sparse
representation method generally assumes that an unknown
test pixel can be linearly represented by a dictionary, i.e.,
a small number of elementary samples, often called atoms,
chosen from an overcomplete training dictionary. However,
there are also some studies that use undercomplete dictionar-
ies for remote sensing data in cases where not enough labeled

data exist to build an overcomplete dictionary [33], [34]. In
these cases, image patches are usually used rather than pixels
[33], [34]. Sparse representation has been applied to multi-
class image classification [35], [36], target detection [37], and
spectral unmixing [38]. Moreover, a kernel sparse represen-
tation method for image classification was recently proposed,
where the samples are mapped into a high-dimensional feature
space such that the obtained sparse vector contains more effec-
tive discriminative information, providing higher classification
accuracies compared with conventional sparse representation-
based classification methods [39]. Because of some unique
characteristics of sparse representation, e.g., adaptiveness and
competitiveness, the method achieved a better performance
than state-of-the-art competitors [39].
It is also well known that kernel-based methods are a very

powerful strategy for improving the classification accuracy. For
example, the SVMmethod [40] is a representative kernel-based
method that changes the distribution of samples by mapping
them into a high-dimensional feature space, thus improving the
separability between classes [40]. It has also been observed that
the SVM classifier [3] can achieve higher classification accu-
racy than traditional classifiers [5]. Variants of kernel-based
algorithms have also been developed to improve the classifica-
tion accuracy [41]. These kernel-based methods include SVMs
with composite kernels, which take into account both spatial
and spectral information by simultaneously using more than
one kernel [42], and transductive SVMs, which exploit both
labeled and unlabeled samples to address ill-posed classifica-
tion problems [43].
Thus, the main objective of this study is to propose a new

OCC method that is based on an extended sparse representation
method and that also adopts a kernel-based method to increase
its discriminative capability. This represents a significant inno-
vation with regards to many existing OCC methods that do not
include these characteristics. The rest of this paper is organized
as follows. In Section II, the proposed classifier is introduced.
Section III describes the data sets used for evaluation pur-
poses and performs an extensive experimental evaluation of
the proposed approach with regards to state-of-the-art meth-
ods. Finally, Section IV concludes with some remarks and hints
about plausible future research directions.

II. SPARSE REPRESENTATION-BASED CLASSIFICATION

First, we briefly introduce the sparsity-based algorithm used
for multiclass classification. In the sparsity model, it is assumed
that the spectral signatures of pixels belonging to the same class
approximately lie in a low-dimensional subspace [44]. Thus,
an unknown test pixel can be sparsely represented by a few
training samples (atoms) from a given dictionary, and the corre-
sponding sparse representation vector will implicitly encode the
class information [32]. The class label of a pixel is determined
by the minimal residual between the pixel and its approximation
from each class subdictionary [35].
Assume that we have a training dictionary, denoted by

A = {x1, . . . , xn} ∈ Rl×n, with n samples of l dimensions,
comprising a total of c distinct classes. Further, assume that this
dictionary is organized as A = [A1, . . . , Ac] , where Ai holds
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the samples of class i in its columns. Let y be an unknown
test sample. In the sparse representation model, sample y is
represented by a linear combination of atoms from a training
dictionaryA as follows:

y = x1α1 + x2α2 + · · ·+ xnαn + ε

= [x1x2 . . . xn] [α1α2 . . . αn]
T
+ ε = Aα+ ε (1)

where α =
[
αT

1 , . . .α
T
k . . . , αT

c

]
T is an n-dimensional

sparse vector (i.e., most elements of α are zeros), αk is the
vector of regression coefficients associated with class k (k =
1, . . . , c), and ∈ is the representation residual (error). As the
feature vectors are very likely to lie in the convex cone spanned
by the atoms of the respective class, we can assume that the
coefficients αi are nonnegative [36].
The sparse vector α in (1) usually can be obtained using

greedy algorithms such as basis pursuit (BP) [45] and orthog-
onal matching pursuit (OMP). Actually, the optimization prob-
lem involved in (1) is a combination of �2 − �1 problem, which
is difficult to solve. By imposing the nonnegativity constraint,
this problem can be solved using sparse unmixing by variable
splitting and augmented Lagrangian (SUnSAL) [46]. SUnSAL
was initially proposed for the spectral unmixing problem [38],
but was then used for image classification based on sparse rep-
resentation because it is a very efficient algorithm for solving
nonnegativity constraint �2 − �1 problems [36].
Finally, to introduce robustness with respect to representation

error ∈, the label of pixel y is then determined by the minimal
total residual [35]

̂class (y) = argmin
k∈{1,...,c}

‖y −Akαk‖2. (2)

In the sparse representation model, the samples in the train-
ing set with spectral signatures similar to an unknown sample
are more likely to be selected as atoms with high coefficient
values when the training samples in the dictionary are repre-
sentative enough [47]. Thus, unknown samples are likely to
exhibit the same membership as the atoms with higher coeffi-
cients. In other words, the residuals obtained by reconstructing
unknown samples using training samples from the class of
higher coefficient atoms are smaller.

III. PROPOSED METHODOLOGY

A. OCC Using Sparse Representation

As mentioned previously, in multiclass classification using
sparse representation, the class membership of an unknown
sample is determined by the minimum residual between the
sample and its approximation from each class subdictionary.
Given that only samples of the target class (or class of interest)
are available in the OCC model, and that only one resid-
ual for the target class is available, the membership of an
unknown sample cannot be directly determined using the min-
imum residual, as in multiclass classification using traditional
sparse representation [32]. Thus, a key problem in sparse
representation-based OCC is how to use the residual from the
target class to determine if an unknown pixel belongs to the tar-
get class instead of using the minimum residual to determine the

class label of a pixel in multiclass classification. It is reasonably
assumed that the smaller the residual value obtained by recon-
structing a unknown sample using all training samples of the
target class, the higher the probability that the unknown sample
belongs to the target class. Thus, the class membership of the
unknown sample can be determined using a residual threshold.
By using such a threshold, the sparse representation of multi-
class classification can be extended to the OCC task. Note that
determining the residual threshold for a given variable is a very
common strategy for many OCC tasks [17]. In this paper, we
propose a sparse representation-based method for OCC, called
hereinafter OCC-SR. The method is summarized as follows.
Let us consider a sample setB = {x1, . . . , xm} ∈ Rl×m, with
m samples of l dimensions, belonging to a given class of inter-
est (target class). Suppose that y is an unknown sample. First,
the unknown sample y is sparsely represented using all training
samples B. We then seek a sparse reconstruction coefficient
vector α for y using the following minimization problem:

y ≈ x1α1 + x2α2 + · · ·+ xmαm

= [x1x2 . . . xm] [α1α2 . . . αm]
T
= Bα. (3)

The sparse representation coefficient vector is obtained when
(3) is solved. In this case, the reconstruction residual ry of y is

ry = ‖y −Bα‖2. (4)

It is reasonable that a smaller reconstruction residual for a
test sample indicates that the test sample is more similar to the
training samples. Conversely, a larger residual value shows a
more significant spectral signature difference between the test
sample and training samples. To assign the class label to a given
pixel, a residual threshold Tr needs to be first determined, as in
many OCC tasks [17]. For unknown sample y, if ry ≤ Tr, y
is classified as the target class; otherwise, it is classified as the
outlier class.
In order to facilitate the determination of an appropriate

residual threshold Tr, we propose to estimate a threshold
range from the training samples of the target class. Each sam-
ple xi from the training sample set (training dictionary) is
sparsely represented using all remaining training samples and
a reconstruction residual is obtained for the sample

ri = ‖xi −Biαi‖2 (5)

where Bi = {x1, . . . , xi−1, xi+1, . . . xm} and αi =
{α1, . . . , αi−1, αi+1, . . . αm}. After all the samples in the
training dictionary have been reconstructed, a residual vector
r = [r1, . . . , rm] is obtained. The minimum and maximum of
all reconstruction residuals for all training samples are also
obtained. We assume that the appropriate residual threshold Tr

is located between these minimum and maximum values. To
standardize the threshold selection, we adopt an acceptance
rate parameter λ, which is linearly related to the residual
threshold Tr

Tr = min (r) + λ (max (r)−min (r)) (6)

where the acceptance rate parameter λ lies in the range: 0 ≤
λ ≤ 1, min(r), and max(r) are the minimum and maximum
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values of the reconstruction residuals estimated from training
samples. Note that λ is an important parameter in the proposed
method. From (6), it is clear that as λ increases, Tr increases. As
a result, more unknown samples will be classified as belong-
ing to the target class, and the commission error of the target
class may also increase with higher λ values. Thus, the use of λ
mainly helps us to determine the appropriate threshold between
the minimum and maximum values of r.

B. OCC Using Kernel Sparse Representation

As it is well known for kernel-based approaches (e.g., SVM)
[40], after mapping samples into a high-dimensional feature
space by a nonlinear mapping function (i.e., kernel function),
the distribution of samples can be changed [15]. This change
may make linearly inseparable samples in the original spectral
feature space become linearly separable in the mapped high-
dimensional feature space [39]. In [39], the kernel sparse repre-
sentation, which maps all the samples into a high-dimensional
feature space, was proposed for multiclass classification and
showed more powerful discrimination ability than the original
sparse representation-based classification. Inspired by this, ker-
nel sparse representation was extended to OCC in this study.
Hereafter, we refer to this method as OCC using the kernel
sparse representation (OCC-KSR). In the proposed OCC-KSR,
all samples are first mapped into a high-dimensional feature
space and then OCC-SR is performed in this space.
Suppose that φ is a nonlinear mapping function (i.e., a

kernel function). A training sample xi mapped from the
original spectral feature space Rl into a high-dimensional
feature space H can be expressed as φ (xi). Thus,
Ci = [φ (x1) , . . . , φ (xi−1) , φ (xi+1) , . . . , φ (xm)] repre-
sents all remaining samples in the training dictionary in
the mapped high-dimensional feature space. The sparse
representation problem in H can be described as [40]

φ (xi) ≈ φ (x1)β1 · · ·+ φ (xi−1)βi−1

+ φ (xi+1)βi+1 + · · ·+ φ (xm)βm = Ciβi (7)

where xi is a training sample in the original spectral space, and
φ (xi) is the sample mapped into the high-dimensional feature
space H . βi is the sparse vector in H . Equation (7) is similar
to (1). The difference between two equations is that the former
is in the high-dimensional feature space and the latter is in the
original spectral space. Sparse vector βi in H can be obtained
as

min
βi

‖βi‖0 subject to φ (xi) = Ciβi (8)

where ‖βi‖0 denotes the �0-norm that counts the nonzero com-
ponents in the coefficient vector. Because of the presence of
noise and possible modeling error, the optimization in (7) is
often replaced by

min
βi

‖βi‖0 subject to ‖ φ (xi)−Ciβi‖2 ≤ ε (9)

where ε is an error tolerance in H . It should be noted that the
nonlinear mapping function (kernel function) φ is unknown.

The optimization problem in (9) cannot be solved directly.
However, it can be replaced by

min
βi

‖βi‖0 subject to ‖ Ci
Tφ (xi)−Ci

TCiβi‖2 ≤ ξ (10)

Here, any inner product value of any two high-dimensional
vectors can be obtained using a kernel function k. The kernel
method owes its name to the use of kernel functions, and is also
called the kernel trick.
The inner product of the samples in the high-dimensional

feature space can be obtained as

CT
i φ (xi) = [φ (x1)φ (xi) , φ (x2)φ (xi) , . . . , φ (xn)φ (xi)]

=

⎡
⎢⎢⎢⎣

k (x1, xi)
k (x2, xi)

...
k (xn, xi)

⎤
⎥⎥⎥⎦

CT
i Ci = [φ (x1) , . . . , φ (xn)]

T [φ (x1) , . . . , φ (xn)]

=

⎡
⎢⎢⎢⎣

k (x1, x1) k (x1, x2) · · · k (x1, xn)
k (x2, x1) k (x2, x2) · · · k (x2, xn)

...
...

. . .
...

k (xn, x1) k (xn, x2) · · · k (xn, xn)

⎤
⎥⎥⎥⎦ (11)

Once the kernel function k is given, Ci
Tφ (xi) and Ci

TCi

are obtained. The optimization problem (9) is solved using
SUnSAL [36], [46]. The reconstruction residual of xi inH can
then be acquired using the sparse vector βi in H

ri = ‖φ (xi)−Ciβi‖2 = 〈φ (xi)−Ciβi, φ (xi)−Ciβi〉 1
2

=
(
k (xi, xi)− 2CTφ (xi)βi + βT

i C
TCβi

)1/2
. (12)

Just as in the original feature space for the OCC-SR, the
residual vector r = [r1, . . . , rn] in H is obtained when all the
samples in the training dictionary have been reconstructed in
H . The reconstruction residual threshold Tr is then determined
by adding acceptance parameter λ. Finally, an unknown sample
y is classified as belonging to the target class if it’s residual in
H is smaller than the given threshold.

IV. EXPERIMENTAL RESULTS

We evaluated the performance of the proposed OCC method
using three multispectral/hyperspectral data sets. The proposed
OCC method was quantitatively compared with state-of-the-
art competitors, namely, the SVDD, Parzen density estimation,
k-means [17], and PUL classifiers [14], [25]. All these meth-
ods have been widely studied and have shown very promising
results. SVDD, Parzen density estimation, and k-means clas-
sifiers [17] are implemented in the dd_tools [48] software
packages.
In this paper, we used SVM classifier to estimate the prob-

ability that a positive training sample (target class sample) has
been labeled (i.e., conditional probability), which is required
by the PUL classifier [14], [25]. The number of unlabeled sam-
ples used is two times as the number of labeled target samples,
which is similar to that adopted in [14]. Given that the Gaussian
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radial basis function (RBF) has been shown to be able to han-
dle complex nonlinear class distributions [39] and has been
widely used in many studies [41], the RBF kernel was adopted
in this study. In all experiments, the RBF kernel widths were
tuned in the range σ =

{
10−3, . . . , 101

}
for SVDD and PUL.

Further, the rejection fraction parameter for SVDD, k-means,
and Parzen density estimation methods in dd_toolswas tuned in
the range

{
10−3, . . . , 100

}
. The highest accuracy obtained was

chosen as the final result for analysis. All the algorithms were
implemented usingMATLABR2011 on a desktop PC equipped
with an Intel Core 2 i7-2600 (at 3.4 GHz) and 8 GB of RAM
memory.
In the experiments, all data were first rescaled to [0,1] and

were then processed by the proposed method and other com-
petitors. Training samples were randomly generated from the
available reference data and the remaining samples were used
for validation purpose. It should be noticed that, in multiclass
classification, overall accuracy (OA) is usually used for the
parameter optimization process. However, as we only have two
classes (i.e., target and outlier classes) in OCC, the OA is mean-
ingless especially when numbers of target class and outlier class
are imbalanced. Thus, kappa coefficient was used for parame-
ter optimization process in this paper. Moreover, the producer’s
accuracy (PA), user’s accuracy (UA), and OA were also used to
evaluate the performance of each classifier. All values of the PA,
UA, OA, and kappa coefficient were obtained by averaging the
values obtained after 10 Monte Carlo runs. Moreover, the level
of sparsity, computed as 1-(number of atoms/number of train-
ing samples) is also given for the sparse representation-based
algorithm.

A. Extraction of a Specific Tree Species With QuickBird
Imagery

In the first experiment, the proposed OCC methods were
used to extract a specific tree species, Tabebuia guayacan, on
the Barro Colorado Island of Panama using a QuickBird multi-
spectral image. The T. guayacan tree is a hardwood tree, used
extensively for construction projects since colonial times in
Central America. T. guayacan has one of the most extensive
flowering responses to precipitation after the dry season in the
tropics [7]. T. guayacan flowering phases are “big bang” events
that are triggered at the end of the dry season (February–April).
Flowers grow in dense clusters and can range from 1 to 4 in
in diameter. A T. guayacan canopy grouping presents almost
10,000 flowers in one single flowering event [7]. This event can
help us to understand local ecological changes.
The QuickBird multispectral image, which consists of four

multispectral bands with 2.4-m resolution, was acquired on
April 29, 2002. The acquisition date of QuickBird image was
selected to capture extensive flowering events of T. guayacan
[7]. An image subset with a size of 450 × 450 pixels covering
the Barro Colorado Island of Panama was used [Fig. 1(a)]. A
reference map [Fig. 1(b)] is available for the image, which com-
prises 1492 samples representing the target class and 158,508
samples from the outlier class.
We first evaluated how the acceptance rate λ in (6) affects

the classification accuracy of OCC-SR. In this experiment,

Fig. 1. QuickBird image of study area using bands 3, 4, 2 as R, G, B (a) and
corresponding ground truth image (b).

Fig. 2. Plot of kappa coefficient versus the acceptance parameter λ in OCC-SR
for the QuickBird image. PA denotes the producer’s accuracy and UA denotes
the user’s accuracy.

50 samples of the target class from the reference data were ran-
domly selected as training samples and the remaining were used
as test samples. The relationship between the accuracy and λ for
the QuickBird image is shown in Fig. 2. From the figure, it is
clear that as λ increases, PA increases and UA decreases. This is
because the residual threshold Tr is very small when the λ value
is small, which leads to a reconstruction residual that is larger
than the given threshold for most samples. Therefore, many tar-
get class samples are misidentified. As the value of λ increases,
Tr increases and more target samples are correctly classified
because of larger residual thresholds, but at the same time, more
outlier samples are wrongly classified as the target class, which
leads to a decrease in UA. It is also clear from the figure that
the kappa coefficient increases at first, and then decreases after
reaching the maximum value. This is because the UA and PA
are imbalanced when λ is close to 0 or 1. In other words, Tr

is not optimal. Furthermore, the highest accuracy was obtained
when the PA and UA were similar (balanced).
We next demonstrate the effect of λ and RBF kernel param-

eter γ on the performance of the proposed OCC-KSR. In each
test, different λ and γ in the OCC-KSR algorithm were used to
solve an OCC problem. The kappa plot for the entire test set
is shown in Fig. 3. From the figure, we observe that the value
of kappa increases first, and then decreases as λ increases for
a given γ, which is the same behavior observed in Fig. 2. The
kappa coefficient reaches a maximum value when γ equals 0.8
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Fig. 3. Plot of kappa coefficient versus the acceptance parameter λ and γ in the
kernel function of OCC-KSR for the considered QuickBird image.

Fig. 4. Samples in the (a) original two-dimensional spectral feature space and
(b) kernel feature space from Panama multispectral image.

or 0.9 in most cases. As it is also the case in other kernel-based
methods [10], γ is also critical to the performance of OCC-
KSR. Overall, the best classification accuracies were obtained
when γ was 0.1 in this experiment.
To understand why the OCC results using kernel sparse

representation (i.e., OCC-KSR) are better than those obtained
by sparse representation in the original spectral space (i.e.,
OCC-SR), a 2-D projection of an example is shown in Fig. 4.
Specifically, two scatterplots of samples from the multispec-
tral image were constructed by randomly choosing two spectral
bands in the original data [Fig. 4(a)] and in the mapping high-
dimensional feature space using a kernel function [Fig. 4(b).
As is clear by comparing Fig. 4(a) and (b), the class separabil-
ity is improved in the mapped high-dimensional feature space,
which leads to more powerful discriminative ability for OCC-
KSR. Thus, OCC-KSR may achieve a better performance than
OCC-SR.
A comparison between the classification results obtained by

the proposed OCC method and several existing methods for the
Panama QuickBird image for 10 Monte Carlo runs is given
in Table I. As the results show, the proposed sparse repre-
sentation OCC methods (i.e., OCC-SR and OCC-KSR) and
PUL algorithm achieved higher accuracies than other compar-
ative methods in terms of the kappa coefficient. In particular,
OCC-KSR obtained the highest classification accuracy when
compared with all other methods. This is probably because
in high-dimensional feature space, the test samples are rep-
resented more accurately as a linear combination of training
samples of the target class. For the target class (T. guayacan
tree), SVDD, Parzen, and PUL classifier show relatively high

TABLE I
ACCURACY (THE STANDARD DEVIATION OF KAPPA IS ALSO REPORTED)
OBTAINED BY DIFFERENT ONE-CLASS CLASSIFIERS AFTER EXECUTING

10 MONTE CARLO RUNS FOR THE QUICKBIRD DATA SET
(ALL IN PERCENT)

PA, producer’s accuracy; UA, user’s accuracy; OA, overall accuracy. Both PA
and UA are for the target class.

Fig. 5. Results for Panama QuickBird image. (a) SVDD. (b) k-means.
(c) Parzen. (d) PUL. (e) OCC-SR. (f) OCC-KSR.

PA but relatively low UA, which implies that the target class
was overestimated (i.e., high commission error). K-means clas-
sifier shows a comparatively high UA but a comparatively low
PA, which implies that the target class was significantly under-
estimated (Table I). In contrast, our proposed methods produced
more balanced and acceptable PA and high UA, which leads to
a better overall classification performance.
Fig. 5 shows the classification results obtained from dif-

ferent methods. From the figure, it can be observed that the
classification results obtained by SVDD [Fig. 5(a)] and PUL
methods [Fig. 5(d)] exhibit an apparent salt-and-pepper noise in
the border area between the land and sea, while some samples
were wrongly classified by the k-means and Parzen methods
[Fig. 5(b) and (c)]. However, the OCC-SR and OCC-KSRmeth-
ods produced better results. In particular, the map provided by
OCC-KSR is more homogeneous and exhibits a lower num-
ber of false positives. This result reveals the importance of
using kernel techniques in the proposed sparse representation
model.
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Fig. 6. False color composite image of the ETM+ image (a) and corresponding
ground truth image (b).

Fig. 7. Plot of kappa coefficient versus the acceptance parameter λ in OCC-SR
for the Landsat ETM+ image.

B. Burned Area Mapping With Landsat ETM+ Imagery

In the second experiment, the proposed methods were eval-
uated for mapping burned areas caused by forest fire using
a Landsat-7 ETM+ multispectral image of 30-m spatial reso-
lution. The Landsat ETM+ image was collected over Braga,
Portugal, on September 2001 [Fig. 6(a)]. The image subset is
composed of 944 × 1704 pixels. The imaged area is very dry
and suffers forest fires almost every summer, destroying por-
tions of the forest and causing land cover change. Smoke and
poisonous gas caused by forest fire directly or indirectly affects
the environment. Thus, it is particularly important to accu-
rately map the destroyed area to understand the local ecological
change caused by forest fire.
The reference map comprises 101 953 target samples and

1 506 623 outlier samples, which were used to train the model
and assess classification performance [Fig. 7(b)]. Fifty samples
were randomly selected as training samples from the avail-
able reference image to build the training dictionary, and the
remaining samples were used for validation.

Fig. 8. Plot of kappa coefficient versus the acceptance rate λ and γ in kernel
function in OCC-KSR for Landsat ETM+ image.

TABLE II
ACCURACY (THE STANDARD DEVIATION OF KAPPA IS ALSO REPORTED)
OBTAINED BY DIFFERENT ONE-CLASS CLASSIFIERS AFTER EXECUTING

10 MONTE CARLO RUNS FOR THE LANDSAT ETM+DATA SET
(ALL IN PERCENT)

Both PA and UA are for the target class.

The kappa plots for the entire test set of the Landsat ETM+
image are shown in Figs. 7 and 8 for OCC-SR and OCC-KSR,
respectively. It is clear that the curved shapes of the target
classes in Fig. 7 display a similar trend to those shown in
Fig. 3. As λ increases, the kappa coefficient of the OCC-SR
first increases, then decreases after reaching a maximum value.
It is clear that PA increases dramatically as λ increases, and
PA and UA are balanced when λ equals 0.9, which leads to the
highest accuracy obtained. From Fig. 8, it is also clear that the
value of kappa first increases, then decreases with λ for a fixed
γ, which is the same behavior observed in previous figures.
The kappa coefficient reaches a maximum value when γ equals
0.8 in all cases. Moreover, the best classification accuracies are
obtained when γ equals 0.05 in this experiment. As previously
mentioned, parameters λ and γ in the Gaussian kernel function
are critical to the performance of OCC-KSR.
Table II shows the classification results obtained using differ-

ent OCC methods. From the table, it is clear that the proposed
OCC-SR and OCC-KSR methods outperformed the consid-
ered OCC methods, with improvements of 4.12%–12.78% for
kappa. For the target class (burned area), the PUL method
shows a relatively high PA but relatively low UA, which implies
that the target class is overestimated (i.e., high commission
error). SVDD, k-means, and Parzen methods show relatively
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Fig. 9. Classification results for Landsat ETM+ image using (a) SVDD,
(b) k-means, (c) Parzen, (d) PUL, (e) OCC-SR, and (f) OCC-KSR.

high UA but relatively low OA, which implies that the target
class is significantly underestimated. In contrast, our proposed
methods produced both high PA and high UA (both higher than
80%), which imply a more balanced accuracy.
The classification maps from different OCC methods in

this experiment are shown in Fig. 9. In the figure, the red
ellipse indicates burned area and purple ellipses indicate soil.
These respective areas are shown as dark red and light red in
the false color image in Fig. 6. From the classification maps
[Fig. 9(e) and (f)], it is clear that the burned area (enclosed
by the red ellipse) obtained from the OCC-SR and OCC-KSR
approaches are homogeneous, and there are small false detec-
tions in the areas marked by purple ellipses. In comparison,
there are various numbers of false detections or missed detec-
tions in the classification maps obtained by other methods.
In the PUL result [Fig. 9(d)], most samples within the red
ellipse were correctly classified, but clearly more false detec-
tions occurred in the purple ellipses. On the contrary, many
target samples were misidentified in the red area, but less false
detections occurred in the areas marked by purple ellipses
in the SVDD, k-means, and Parzen methods [Fig. 9(a)–(c),
respectively]. In conclusion, the proposed methods achieved
map with good appearance in both the burned and unburned
areas.

Fig. 10. False color composite image of EO-1 Hyperion image (a) and
Lithological map of study area (simplified from published geologic maps at
the scale of 1:200,000) (b).

C. Lithological Mapping With EO-1 Hyperion Imagery

In the third experiment, the proposed OCC methods were
evaluated for lithological mapping using hyperspectral data.
Lithological mapping (rock type mapping) has been an impor-
tant application of hyperspectral imagery over the past three
decades [49]. The hyperspectral image used in the experiment
was acquired by the EO-1 Hyperion sensor on September 9,
2002. The Hyperion image comprises 242 spectral channels in
the wavelength range of 0.35–2.5 µm, with a nominal spec-
tral resolution of 10 nm and a spatial resolution of 30 m. The
image covers the East Spring area, southeast of the Jung-gar
Basin, Xinjiang, China (Fig. 10). The area is located in arid
area with little or no vegetation, which is ideal for mapping
geological information. An image subset with 545 lines by 901
samples was used (Fig. 10). The lithological units developed in
the area include Carboniferous-Permian volcanic-sedimentary
rocks, Jurassic sedimentary rocks, granite, and Quaternary sed-
iments. A detailed description of these data is given in [49].
In this experiment, two lithological classes, Jurassic mudstone
(JM) and Carboniferous siltstone (CS), were mapped as target
classes. A reference map that comprises 1016 samples repre-
senting the JM class and 1311 samples representing the CS
class was available for this experiment. As in the two previ-
ous experiments, 50 samples per target class were randomly
selected from the reference data to build the training dictionary
and the remaining samples (including 11 047 samples of the
outlier class from the reference map) were used for testing.
Table III shows the classification results obtained from dif-

ferent OCC methods for the EO-1 Hyperion image. From this
table, it is clear that the proposed OCC-SR produced higher or
at least comparable accuracies compared with existing methods
in terms of the kappa coefficient. In particular, the proposed
OCC-KSR method provided the best result among all methods.
We note that PA is closer to UA in the OCC-KSR results than in
other methods in the experiment. Specifically, the UA is almost
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TABLE III
ACCURACY (THE STANDARD DEVIATION OF KAPPA IS ALSO REPORTED)
OBTAINED BY DIFFERENT ONE-CLASS CLASSIFIERS AFTER EXECUTING

10 MONTE CARLO RUNS FOR THE HYPERION DATA SET
(ALL IN PERCENT)

Both PA and UA are for the target class.

Fig. 11. Results for the considered Hyperion image. (a) SVDD. (b) k-means.
(c) Parzen. (d) PUL. (e) OCC-SR. (f) OCC-KSR.

10% higher than PA in OCC-KSR for the JM class, while the
difference in accuracy between PA and UA are at least 40% for
other methods. This phenomenon is similar for the CS class.
In other words, the OCC-KSR approach achieves a relatively
higher acceptable PA and UA, which leads to a better classifi-
cation performance in OCC. For illustrative purposes, Fig. 11
shows the classification maps obtained in this experiment. It is
clearly found that more samples were correctly classified as JM
in PUL, but at the same time, fewer outlier samples were mis-
classified, leading to higher PA and lower UA in comparison

with other algorithms. It should be noted that the best classifi-
cation accuracies were obtained when λ was 0.9 in OCC-SR,
and λ was 0.7 and γ was 1 in OCC-KSR for class JM. For class
CS, the best classification accuracies were obtained when λwas
0.9 in OCC-SR, and λ was 0.9 and γ was 1 in OCC-KSR.

D. General Discussion

In this paper, we proposed a new OCC method that is based
on both sparse and kernel representations. From the experimen-
tal results of three study areas, the proposed OCC methods, in
particular, the OCC-KSR method outperformed the considered
OCC methods.
As mentioned in the previous section, an important parameter

in the proposed OCC-SR and OCC-KSR methods is the accep-
tance rate λ, which is similar to the rejection fraction parameter
in other OCC methods and used to obtain the reconstruction
residual threshold. Although λ is determined by trial and error
in this study, it is also found from the experimental results that
the optimal threshold values of λ mainly ranged from 0.7 to
0.9 in all three study areas. This may provide a useful reference
for determining the optimal value of λ. In addition, the RBF
kernel width parameter γ also needs to be set in the proposed
OCC-KSR. The optimal γ depends on the data set according
to our experiments. However, an optimal value of γ could also
be obtained by cross-validation, i.e., when the fraction of target
samples that are rejected reach a given value.
The proposed OCC method has some similarities and differ-

ences with the considered OCC methods. The acceptance rate
adopted in the proposed method to obtain the reconstruction
residual threshold is similar to the rejection fraction parameter
in other OCC methods [17]. In other words, parameter λ can be
thought of as a rejection fraction parameter to help reject some
unrepresentative target samples in the training. This is also very
common in the other OCC approaches [17]. On the other hand,
the proposed sparse representation-based OCC can also be seen
as a soft version of clustering with dictionary elements being
the cluster centers of the target class, i.e., each unknown (test)
sample has a membership in multiple clusters, which is deter-
mined by the reconstruction residual between the sample and
its approximation from element dictionary of the target class.
Our proposed sparse representation classifier provides two

advantages over the considered OCC methods (SVDD, K-
means, Parzen, and PUL). First, in the considered OCC meth-
ods, there is an explicit training stage and training data are only
used in the training stage. A considered one-class classifier is
trained only once, and then this classifier with its fixed discrim-
inative model (or function) (e.g., support vectors for SVDD,
distance for k-means, and probability for Parzen and PUL) is
used to classify all of the test data. However, in the proposed
OCC method, training samples are used in both the training
stage to obtain a residual threshold and the classification stage
to obtain a sparse representation vector for each test pixel. More
importantly, a new sparse representation vector is extracted for
each test pixel and is thus adaptive, representing the sparsely
selected atoms that are adapted to reconstruct the current test
pixel [39]. Second, to improve data separability between the
target class and the outlier class, the training samples from the
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target class are mapped into a high-dimensional feature space
using a kernel function to build the learning dictionary. The
OCC is then conducted in the new feature space. Therefore, the
combination of these two advantages in the proposed method
generally leads to a better performance in comparison with
other existing OCC methods.

V. CONCLUSION

In this paper, we proposed a new OCC method for remotely
sensed images using a kernel sparse representation model:
OCC-KSR. The proposed approach combines the advantages
of sparse representation classifiers and kernel functions to
appropriately represent target samples and provide good clas-
sification results. The main contribution of our work is the inte-
gration of the sparse representation and kernel-based methods
into OCC techniques for the first time. The proposed algo-
rithms were evaluated using three multispectral/hyperspectral
data sets. A comparison with state-of-the-art OCC methods
demonstrated that the proposed OCC-KSR method outper-
formed the considered OCC methods, particularly when a very
limited number of training samples were available. Future work
will focus on the development of computationally efficient
implementations for the techniques newly proposed in this
contribution.
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