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A Spatial–Contextual Support Vector Machine
for Remotely Sensed Image Classification
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Abstract—Recent studies show that hyperspectral image classi-
fication techniques that use both spectral and spatial information
are more suitable, effective, and robust than those that use only
spectral information. Using a spatial–contextual term, this study
modifies the decision function and constraints of a support vector
machine (SVM) and proposes two kinds of spatial–contextual
SVMs for hyperspectral image classification. One machine, which
is based on the concept of Markov random fields (MRFs), uses the
spatial information in the original space (SCSVM). The other ma-
chine uses the spatial information in the feature space (SCSVMF),
i.e., the nearest neighbors in the feature space. The SCSVM is
better able to classify pixels of different class labels with similar
spectral values and deal with data that have no clear numerical
interpretation. To evaluate the effectiveness of SCSVM, the exper-
iments in this study compare the performances of other classifiers:
an SVM, a context-sensitive semisupervised SVM, a maximum
likelihood (ML) classifier, a Bayesian contextual classifier based
on MRFs (ML_MRF), and k nearest neighbor classifier. Exper-
imental results show that the proposed method achieves good
classification performance on famous hyperspectral images (the
Indian Pine site (IPS) and the Washington, DC mall data sets).
The overall classification accuracy of the hyperspectral image of
the IPS data set with 16 classes is 95.5%. The kappa accuracy is
up to 94.9%, and the average accuracy of each class is up to 94.2%.

Index Terms—Classification, Markov random fields (MRFs),
spatial–contextual information, support vector machines (SVMs).

I. INTRODUCTION

MOST classification studies in the remote sensing liter-
ature encounter great difficulties in two classification

problems. One is the Hughes phenomenon [1]–[4], a kind of
problem of the curse of dimensionality. When the dimension
of the space grows and the size of the training set is fixed,
the classification accuracy reaches a maximum for a given
size and then decreases. The other problem is that spectral-
domain-based classifiers often lead to imprecise estimation
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Fig. 1. These spectral values were obtained from the IPS data set. The purple
represents the Soybeans-min till patterns, and the yellow represents the Corn-no
till patterns. These two classes have very similar spectral properties.

Fig. 2. SVM classification result of the IPS image, containing specklelike
errors.

of samples which come from different land-cover classes but
have very similar spectral properties, which makes it difficult
to distinguish unlabeled patterns [8], [9]. Fig. 1 shows the
spectral values obtained from patterns of two categories in
the Indian Pine site (IPS) data set: Soybeans-min till (purple
color) and Corn-no till (yellow color) [23]. These two different
classes have very similar spectral properties. Hence, employing
these classes to train conventional classifiers (e.g., maximum
likelihood (ML) classifier [5], k nearest neighbor (k-NN) clas-
sifier [5], and support vector machine (SVM) [6], [7]) would
cause poor classification performance, producing a specklelike
classification map [8], [9], [41]. Fig. 2 shows that the SVM
classification map of the IPS includes a number of specklelike
errors.

Considering both spectral and spatial–contextual information
in the interpretation of a hyperspectral image is an effective
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way to decrease specklelike errors. There are two main methods
for combining spectral and spatial–contextual information. The
graph-based technique [32]–[35] uses the typical method of
building a regularization in which “similar” features belong to
the same class. This method associates the vertices of a graph
with the complete set of samples and then builds the regular-
ization depending on the variables defined on the vertices [32].
The other approach is to use fixed-window-based methods, such
as Markov random fields (MRFs) [8], [9], morphological filter-
ing [36], or morphological leveling [37], [38]. This approach
improves the classification performance compared to pixelwise
methods when applied to hyperspectral images [12].

Jackson and Landgrebe [8] applied Gaussian function into
Bayesian decision rule with MRFs, Bayesian contextual clas-
sifier based on MRF (ML_MRF), to mitigate the specklelike
errors. Their method achieves improved performance in clas-
sification maps. Other research suggests applying similar con-
cepts to develop an MRF-based k nearest neighbor classifier
and Parzen classifier [9]. However, the MRF-based classifiers
are still constrained by the statistical estimation (e.g., covari-
ance matrix of ML base on Gaussian distribution) or the amount
of learning data.

The SVM [6] is a pattern classification technique proposed
by Boser et al.. Unlike traditional methods, which minimize
empirical training errors, SVM attempts to minimize the upper
bound of the generalization error by maximizing the margin
between the separating hyperplane and the training data. Hence,
SVM is a distribution-free algorithm that can overcome the
problem of poor statistical estimation. SVM also achieves
greater empirical accuracy and better generalization capabilities
than other standard supervised classifiers [15], [16]. In particu-
lar, SVM has shown a good performance for high-dimensional
data classification with a small size of training samples [17],
[18] and is robust to the Hughes phenomenon [1], [2], [15],
[17], [18].

Recent studies [1], [2], [8]–[12] show that SVMs with both
spectral and spatial information achieve effective and stable
hyperspectral image classification. A context-sensitive semisu-
pervised SVM (CS4VM) [1] uses the context of neighborhood
patterns as semipatterns to solve the problem of noisy training
patterns. In this case, noisy training patterns are mislabeled
patterns that bring distorted information to a classifier. CS4VM
is a semilearning approach, in which the computational cost
increases as the number of semisamples increases.

Tarabalka et al. [12] presented a spectral–spatial classi-
fication scheme based on partitional clustering techniques
(SVM+EM). This approach segments an image into more
homogeneous regions and combines the results of these regions
using pixelwise SVM classification. A spatial postregulariza-
tion (PR) of the classification map was performed to reduce
the noise. This approach is particularly suitable for classifying
images with large spatial structures, when spectral responses
of different classes are dissimilar, and the classes contain a
comparable number of pixels. If the spectral responses are not
significantly different, this approach may result in misclassifi-
cation [12].

This study proposes two kinds of spatial–contextual SVM
classification algorithms. The proposed method modifies the

decision function and the constraints of SVM based on the
spatial–contextual term of each training pattern. The corre-
sponding separating hyperplane in the feature space is adjusted
by the neighborhood system in the original space (SCSVM)
or feature space (SCSVMF), making it more suitable for
classification. This paper is organized as follows. Section II
introduces the proposed algorithm and the corresponding
classification system. Section III describes the experimental
designs of the different spatial–contextual information-based
approaches, along with the two hyperspectral images: the IPS
and the Washington, DC mall. Section IV presents the exper-
imental results, including classification accuracies and classi-
fication maps. Finally, Section V draws conclusions for the
present study.

II. SPATIAL–CONTEXTUAL SVM

Let X be a hyperspectral d-dimensional image of size I × J
pixels. Assume that a set of training data set D = {xi|xi ∈
X ⊂ Rd, i = 1, 2, . . . , n} is available and {yi ∈ {+1,−1}}ni=1

is the corresponding label set. The learning process of the
proposed SCSVM (SCSVMF) classification system consists
of three steps: 1) learning the standard SVM to classify the
image; 2) learning SCSVM (SCSVMF) with both spectral
and spatial–contextual information; and 3) repeating step 2) to
update the unlabeled patterns until convergence.

A. Standard SVM

SVM tries to find a separating hyperplane in the feature
space, a Hilbert space H , for a binary classification problem
[6]. The soft-margin SVM algorithm is based on the following
constrained minimization optimal problem:

min
w,ξ

1

2
wTw + C

n∑

i=1

ξi

subject to
yi(w

Tφ(xi) + b) ≥ 1− ξi, ξi ≥ 0, i = 1, 2, . . . , n

(1)

where w is a vector normal to the hyperplane, b is a constant
such that b/‖w‖ represents the distance between the hyperplane
and the origin, φ : Rd → H is a nonlinear mapping function,
ξi’s are slack variables to control the training errors, ξ =
[ξ1, . . . , ξn]

T, and C ∈ R+ is a penalty parameter for tuning the
generalization capability. Trying to solve this optimal problem
directly with inequality constraints is generally difficult. How-
ever, the original optimal problem has an equivalent dual repre-
sentation using the Lagrange optimization. The corresponding
dual Lagrange function is defined as

max
α

n∑

i=1

αi −
1

2

n∑

i=1

n∑

j=1

αiαjyiyjφ(xi)
Tφ(xj)

subject to
n∑

i=1

αiyi = 0, 0 ≤ αi ≤ C, i = 1, 2, . . . , n

(2)

where the artificial variables αi’s are Lagrange multipliers and
α = [α1, . . . , αn]

T.
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Fig. 3. Pixels enclosed by bold lines represent the first-order neighborhood
system used in SCSVM.

The kernel trick uses a kernel function κ : Rd ×Rd → R
to implicitly map the data from the original space Rd to H
without knowing the feature mapping φ. The inner product of
samples in the feature space can be computed directly from the
original data items using a kernel function. This is because a
kernel function κ satisfies the Mercer’s theorem [16], i.e., there
is a feature map φ into a Hilbert space H such that κ(x, z) =
φ(x)Tφ(z), where x, z ∈ Rd, if and only if κ is a symmetric
function for which the matrices K = [κ(xi, xj)]1≤i,j≤n formed
by restriction to any finite subset {x1, . . . , xn} of the space
Rd are positive semidefinite. Hence, (2) can be written as
in (3) by applying the kernel trick. Since, for a kernel function,
the corresponding kernel matrix is positive semidefinite for all
training sets, this in turn means that the optimization problem
of (3) is always convex [16].

max
α

n∑

i=1

αi−
1

2

n∑

i=1

n∑

j=1

αiαjyiyjκ(xi, xj)

subject to
n∑

i=1

αiyi=0, 0≤αi≤C, i=1, 2, . . . , n.

(3)

Once the αi’s are determined, the decision function for an
unlabeled pattern x is defined as

fSVM(x) =

n∑

i=1

yiαiκ(xi, x) + b

where b is chosen so that yj(
∑n

i=1 yiαiκ(xi, xj) + b) = 1 for
any xj with 0 < αj < C, and a corresponding forecasting label
is sgn(fSVM(x)).

The following two sections propose two kinds of
spatial–contextual SVMs with different neighborhood systems:
the original space (SCSVM) and the feature space (SCSVMF).

B. Spatial–Contextual SVM in the Original Space

In SCSVM, spatial information exploits the semilabels for
the pixels belonging to the neighborhood system in the original
space (see Fig. 3) of each sample from the preceding discrim-

Fig. 4. Left and right images above represent the first-order and second-order
neighborhood systems in the original space, respectively.

Fig. 5. Example of the spatial–contextual information with the second-order
neighborhood system of pattern xi in the original space.

inated process by applying standard SVM to overcome simi-
lar spectral properties. SCSVM can have good generalization,
particularly for the pixels with similar spectral attributes but lo-
cated in different regions. This approach decreases specklelike
errors and significantly improves classification performance.
Let ∂xO

i = {x̄ij |j = 1, . . . ,M} represent a neighborhood sys-
tem of the pixel xi in the original space, where M is four
or eight to represent that ∂xO

i is a first-order or second-order
neighborhood system, respectively (Fig. 4).

After performing the standard SVM, SCSVM can ob-
tain the semilabels of ∂xi, which is equal to ∂xO

i , and
denote them as {yij}Mj=1, i.e., yij = sgn(fSVM(x̄ij)), i =
1, . . . , n, j = 1, . . . ,M . The constrained minimization prob-
lem associated to SCSVMs by taking into account the semil-
abels of the whole image is defined as follows:

min
w,ξ

1

2
wTw + C

n∑

i=1

ξi

subject to yi
(
wTφ

(
xi) + b+ γ(m+(xi)−m−(xi)

))

≥ 1− ξi, ξi ≥ 0, i = 1, 2, . . . , n

(4)

where γ ∈ [0,∞) is a nonnegative parameter that controls the
effect of spatial–contextual information. m+(xi) and m−(xi)
are the numbers of pixels in the neighborhood system ∂xi

which belong to class +1 and class −1, respectively. Fig. 5
shows an example of the spatial–contextual information of the
pattern xi with the second-order neighborhood system ∂xi =
∂xO

i employed in the spatial domain.
The SCSVM cost function does not need to be modified

and still maintains the property of convex property. Since the
objective function of the minimization problem of the SCSVM
only contains training samples without samples with semil-
ables, the decision hyperplane is not influenced by samples with
similar spectral, and the computational cost of each iteration in
SCSVMs is similar to that of SVM.
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Fig. 6. Left panel shows the (solid black line) decision boundary obtained by
SVM. The center panel shows the semilabels of the patterns in the second-order
neighborhood system of xj . The right panel shows the (solid red line) decision
boundary obtained by applying SCSVM.

According to the Lagrange theorem, the corresponding dual
problem is as follows:

max
α

n∑

i=1

(
1−yiγ(m

+
(
xi)−m−(xi)

))
αi

− 1

2

n∑

i=1

n∑

j=1

αiαjyiyjκ(xi, xj)

subject to
n∑

i=1

αiyi=0, 0≤αi≤C, i=1, 2, . . . , n.

(5)

When αi, i = 1, . . . , n, are determined, the decision function
for an unlabeled pattern x is defined as

fSCSVM(x) =

n∑

i=1

yiαiκ(xi, x) + b+ γ
(
m+(x)−m−(x)

)
.

(6)

Moreover, any generic pattern belonging to the investigated
image can be classified according

sgn (fSCSVM(x)) .

If some training patterns are located in the margin, these
patterns may lead to similar spectral properties. Hence, these
patterns may be noisy patterns in standard SVM learning. To
overcome this problem, the spatial terms are added to the
constraints and the decision function of SCSVM. If m+(xj)−
m−(xj) > 0 and m+(xj)−m−(xj) < 0, then fSCSVM(xj) >
fSVM(xj) and fSCSVM(xj) < fSVM(xj), respectively. This
means that if the semilabels of most patterns in the neighbor-
hood system ∂xj are +1, then the signed distance from xj to
the decision hyperplane by applying SCSVMS will tend to be
positive. If the semilabels of most patterns in the neighborhood
system ∂xj are −1, then the signed distance from xj to the deci-
sion hyperplane by applying SCSVM will tend to be negative.
The parameter γ controls the effect of the spatial–contextual
information, i.e., the term m+(xj)−m−(xj). If γ is set to
zero, then SCSVM degenerates to the standard SVM. When
γ increases, the impact of neighborhood points (spatial infor-
mation) increases. If γ approaches ∞, then the semilabel of
xj is determined by the sign of m+(xj)−m−(xj), i.e., the
spatial–contextual information.

Fig. 6 shows the effect of applying SCSVM. The left panel
shows the decision boundary (solid black line) obtained by
applying standard SVM. Note that the training sample xj with

Fig. 7. Multiclass case of the spatial–contextual information defined by the
OAO strategy (class 1 versus class 2) for pattern xi in the neighborhood system
∂xO

i . The labels of class 1 and class 2 are defined as +1 and −1, respectively.

Fig. 8. Multiclass case of the spatial–contextual information defined by the
OAA strategy (class 1 versus all others) for pattern xi in the neighborhood
system ∂xO

i . The label of class 1 is defined as +1, and the labels of the
remaining classes (class 2 and class 3) are defined as −1.

yj = +1 is in the opposite area (class −1) but in the area
between margins. After performing standard SVM, m+(xj)−
m−(xj) = 4 > 0. The spatial–contextual information in the
center panel of Fig. 6 shows that the training sample xj

should be in the area in which sample labels are one. Since
fSCSVMO(xj) > fSVM(xj), thus xj would be in the expected
area (class +1), as shown in the right panel of Fig 6.

As mentioned earlier, SCSVM depends on the spectral infor-
mation and the spatial–contextual information, which is based
on the neighborhood system in the original system. Hence, the
similar spectral properties can be solved by applying SCSVM.
Note that SCSVM applies the spatial–contextual information to
emphasize the effects of this pattern on the learning phase.

For the multiclass classification problem, the binary SCSVM
to the solution of two multiclass strategies, one-against-one
(OAO) strategy [20]–[22] and one-against-all (OAA) strategy
[22], is described in the following. The OAO strategy separates
each pair of classes. Thus, for a classification problem with
L classes, L(L− 1)/2 SCSVMs are trained to distinguish
the samples of one class from the samples of another class.
The classification result of an unlabeled pattern is based on the
maximum voting, where each SCSVM votes for one class.
When an SCSVM is trained by two classes of training data,
it ignores the spatial–contextual information of other classes to
avoid misjudgments in the training process.

Fig. 7 shows the OAO strategy for computing m+(xi)
and m−(xi) in the neighborhood system ∂xO

i of xi. Sup-
pose that there are three classes and SCSVM is trained by
the training samples in class 1 and class 2. Thus, the semil-
abels equal to three will be omitted. Since yi2 = 3 and yi6 =
3, the spatial–contextual information is ignored, and hence,
m+(xi) = 5 and m−(xi) = 1.

The OAA multiclass strategy trains L SCSVMSs, one per
class, using members of all other classes as negative examples
if there are L classes. Fig. 8 shows the OAO strategy for
computing m+(xi) and m−(xi) in the neighborhood system
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of the pattern xi. When the kth OAA SCSVM is trained, the
class k is set as the positive class, and other classes are all set as
negative class. Fig. 8 shows m+(xi) = 5 and m−(xi) = 3 for
the example by considering the neighborhood system ∂xO

i .

C. Spatial–Contextual SVM in the Feature Space

The SCSVMF approach uses the same concept as SCSVM
except that the neighborhood system ∂xi = ∂xF

i which con-
tains M nearest neighbors in the feature space, i.e.,

∂xF
i = {x̄ij | ‖φ(xi)− φ(xij)‖ ≤ ‖φ(xi)− φ(z)‖ ,

∀z ∈ X, z 	= xi, z 	= xij , j = 1, . . . ,M} .

Similar spectral properties cannot be solved efficiently by
applying SCSVMF because the nearest neighbors in the feature
space are used in the neighborhood system ∂xF

i , and hence,
being neighborhoods of a given point in the feature space is
caused by similar spectra. These neighborhood points may not
have geographic relationship. In particular, the classification
accuracy may decrease when the neighborhood points in the
feature space are from different classes.

When SCSVMF is trained by the training samples in class
k and class s, the semilabels of samples in ∂xF

i , which are
not equal to k and s in the OAO strategy, are ignored in the
multiclass classification problem. The OAA multiclass strategy
sets the semilabels of samples in ∂xF

i , which belong to class
k, as the positive class and other semilabels of samples in
∂xF

i as negative classes when training the kth OAA SCSVM.
Similarly, if γ is set to zero, then SCSVMF degenerates to the
standard SVM.

D. Classification System by Applying SCSVM and SCSVMF

Based on the earlier descriptions and definitions, the follow-
ing figure briefly describes the classification system by applying
the proposed SCSVM and SCSVMF.

Step 1) Obtaining the classification image with semilabels
from the standard SVM.

Step 2) Getting the spatial–contextual information for each
training pattern with OAO or OAA multiclass archi-
tecture from the preceding classification result.

Step 3) Training the proposed SCSVM (SCSVMF) with the
spatial–contextual information from Step 2) and get-
ting another classification image with the semilabels
obtained from SCSVM (SCSVMF).

Step 4) Repeating Steps 2) and 3) if an iteration is requested.
The iteration may terminate when the difference of
semilabels in this iteration step and the previous
iteration step is smaller than a certain tolerance
value.

Step 5) Finally, the spatial PR of the classification map is
performed for SCSVM [12]. The aim of the PR step
is to reduce the noise in the classification map after
the majority vote procedure.

Fig. 9 shows the framework of the SCSVM (SCSVMF)
algorithm.

Fig. 9. Classification system by applying SCSVM and SCSVMF.

E. Relationship Between the SCSVM and the Standard
SVM/LSVM With Generalized Bias Term
and Regularized Kernel

The generalized bias term is based on a generalized regular-
izer, which leaves part of the hypothesis space unregularized,
and a specific trick in constructing kernels [39]. The appro-
priate choice of the term will improve the applicability of the
algorithm. The SVM with bias terms can be defined as

min
w,ξ

1

2
wTw + C

n∑

i=1

ξi

subject to
yi
(
wTφ(xi) + bi

)
≥ 1− ξi, ξi ≥ 0, i = 1, 2, . . . , n

(7)

where bi depends on the training sample xi. The bias term
is point adapted using the spatial–contextual information de-
termined by the pixels in the neighborhood system of every
training sample in this paper. That is, the SCSVM is equal to the
SVM with the specific generalized bias term using the proposed
regularization term

bi = b+ γ
(
m+(xi)−m−(xi)

)
, i = 1, 2, . . . , n.

If we consider the problem

min
w̄,ξ

1

2
w̄Tw̄ + C

n∑

i=1

ξi

subject to
yi
(
w̄Tφ̄(xi) + b̄i

)
≥ 1− ξi, ξi ≥ 0, i = 1, 2, . . . , n

(8)

where w̄T = [wT, b]T, φ(xi)
T = [φ̄(xi)

T, 1]T, and b̄i =
γ(m+(xi)−m−(xi)), then (8) is related to the Lagrangian
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Fig. 10. Portion of the IPS image with a size of 145 × 145 pixels.

Fig. 11. Ground truth of the IPS data set.

SVM (LSVM) [40] with the proposed specific generalized bias
term and regularized kernel. The corresponding dual problem is

max
α

n∑

i=1

(1− yib̄i)αi −
1

2

n∑

i=1

n∑

j=1

αiαjyiyj κ̄(xi, xj)

subject to 0 ≤ αi ≤ C, i = 1, 2, . . . , n (9)

where κ̄(xi, xj) = κ(xi, xj) + 1 is a regularized kernel.

III. EXPERIMENTAL DATA AND DESIGNS

This study uses two real data sets to evaluate the classifi-
cation performance of the proposed SCSVM and SCSVMF,
including the IPS, a mixed forest/agricultural site in Indiana
[23], and the Washington, DC mall hyperspectral image [23]
as an urban site.

The IPS data set was gathered by a sensor known as the Air-
borne Visible/Infrared Imaging Spectrometer (AVIRIS). This
data set was obtained from an aircraft operated by the NASA/Jet
Propulsion Laboratory and flown at an altitude of 65 000 ft. The
images measured 145 × 145 pixels, with 220 spectral bands
measuring approximately 20 m across the ground. Figs. 10 and
11 show the grayscale IR image and ground truth of IPS, re-
spectively. There are 16 different land-cover classes available in
the original ground-truth image. This study uses 16 categories:
Alfalfa (class 1), Corn-no till (class 2), Corn-min till (class 3),
Corn (class 4), Hay-windowed (class 5), Grass/trees (class 6),

TABLE I
SIXTEEN CATEGORIES AND CORRESPONDING

NUMBER OF PIXELS IN THE IPS IMAGE

Fig. 12. False-color IR image of a portion of Washington, DC mall image
measuring 205 × 307 pixels. There are seven categories: Grass, tree, roof,
water, road, trail, and shadow.

Grass/pasture-mowed (class 7), Grass/pasture (class 8), Oats
(class 9), Soybeans-no till (class 10), Soybeans-min till
(class 11), Soybeans-clean till (class 12), Wheat (class 13),
Woods (class 14), Bldg-Grass-Tree-Drives (class 15), and
Stone-steel towers (class 16). Table I lists the number of pixels
of each class.

This experiment randomly chose 10% of the samples for each
class from the IPS reference data as training samples, which
is the same method in [12]. The samples in the whole image
were used as the testing set to evaluate the performance of the
proposed algorithm.

The second data set, the Washington, DC mall, was obtained
from the Hyperspectral Digital Imagery Collection Experiment
(HYDICE) from an airborne hyperspectral data flight line
over the Washington, DC urban area. Two hundred and ten
bands were collected in the 0.4–2.4-µm region of the visible
and infrared spectrum. Some water absorption channels were
discarded, resulting in 191 channels. This data set is available
in the student CD-ROM of [23]. This experiment used seven
classes: grass (class 1), tree (class 2), roof (class 3), water (class
4), road (class 5), trail (class 6), and shadow (class 7). Fig. 12
shows the grayscale IR image of a portion of the image and the
corresponding seven categories.

This study uses three distinct subsets, Nu = 20 < N < d
(case 1), Nu = 40 < d < N (case 2), and d < Nu = 300 < N
(case 3), to investigate the influence of training sample size to
the dimensionality in the Washington, DC hyperspectral image
data set. In case 1, Nu = 20 < N = 180 < d = 191 is an
ill-posed classification situation, which means that data dimen-
sionality exceeds the number of independent training samples
in every class. In case 2, Nu = 40 < d = 191 < N = 360
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TABLE II
OVERALL ACCURACIES IN PERCENTAGES BY APPLYING SCSVM (OAA, M ), SCSVM (OAO, M ), SCSVMF (OAA, M ), AND SCSVMF (OAO, M )

WITH DIFFERENT PARAMETERS M , THE SIZE OF THE NEIGHBORHOOD SYSTEM, AND γ IN THE IPS DATA SET

is a poorly posed classification situation, which means that data
dimensionality is greater than or comparable to the number
of (independent) per-class representative training samples but
smaller than the total number of representative samples. In case
3, there are enough independent training samples. MultiSpec
[23] was used to select training and testing samples (100 testing
samples per class) randomly in all experiments [29]–[31].

This study compares the classification performance of the
proposed SCSVM and SCSVMF with OAO and OAA multi-
class strategies and other reference classification algorithms,
namely, ML classifier, ML_MRF classifier [8], k-NN classi-
fier, standard SVM with OAO and OAA multiclass strategies,
CS4VM (which is based on the OAA multiclass strategy)
[1], and SVM+EM [12]. This experiment also compares the
classification performance of SVM+EM and SCSVM with
the PR step by a 3 × 3 mask and without the PR step. The
SVM-based classifiers, including SVM, CS4VM, and SCSVM,
employ the RBF kernel (i.e., the Gaussian radial basis func-
tion kernel). Both the IPS and the Washington, DC mall
hyperspectral data sets were normalized to the range [0, 1].
A grid search with k-fold cross validation was used to find the
proper 2σ2 within a range [10−2, 10] for the RBF kernel (sug-
gested in [1]) and parameter C within a given set {0.1, 1, 10,
20, 60, 100, 160, 200, 1000}. Moreover, for CS4VM, the value
κ1/κ2 was set to two and C/κ1 ∈ {2, 4, 6, 8, 10, 12, 14} fol-
lowing [1]. Since the semisamples were used to train CS4VM,
only a first-order neighborhood system ∂xO

i was considered for
the context patterns to avoid spending too much time on training
CS4VM. For SCSVM, only the decision function and con-
straints contain the spatial–contextual information of the neigh-
borhood system. Using SCSVM, the training time increases a
little for each round. The size of the neighborhood system M
is set to four and eight in SCSVM for comparison. The term γ
was set to 0.05, 0.1, 0.3, 0.5, 1, 10, 100, 500, 1000, and 10 000
to determine the influence on spectral and spatial information.

The Gaussian function was adopted as the likelihood func-
tion of Bayesian decision rule for the ML classifier and
ML_MRF classifier [5]. Several trials were carried out for the
k-NN classifier, varying the value of k from 1 to 20 to identify
the value that maximizes the accuracy. For simplicity, the model
selection for the k-NN classifier was carried out based on the
accuracy of the testing data set.

This study employs the following measures of classification
accuracy to investigate classifier performance: 1) overall clas-
sification accuracy (the percentage of the correctly classified
samples for all classes); 2) overall kappa coefficient (the per-
centage of the kappa coefficient for all classes); and 3) average

Fig. 13. Overall accuracies in percentages of the experimental classifiers,
SCSVM and SCSVMF, for the IPS data set.

accuracy (the percentage of the average of correctly classified
samples for each class). Since the number of testing data is the
same for every class (i.e., Nu = 100) in the Washington, DC
hyperspectral image data set, therefore the overall classification
accuracy and the average accuracy are identical. In the IPS data
set, the overall classification accuracy and the average accuracy
are not identical due to the unequaled testing sample sizes of
classes.

IV. EXPERIMENTAL RESULTS

This study compares the multiclass classification perfor-
mance of the ML classifier, ML_MRF classifier, k-NN clas-
sifier, SVM, CS4VM, SVM+EM, and SCSVM. The following
sections present the experimental results for the IPS data set and
the Washington, DC mall data set.

A. IPS

According to the experimental design for IPS, 10% of the
samples for each class were chosen as the training set. ML-
based classifiers (ML and ML_MRF) require estimating the
covariance matrices of the classes to classify all samples in
the IPS hyperspectral image. These classifiers encounter the
problem of covariance matrices and poor estimations because
the number of training samples of the class is less than the
dimensionality. Hence, the ML and ML_MRF performance in
the IPS experiment is not compared and is denoted as N/A.

To investigate the effects of the neighborhood sys-
tems and parameters, M and γ, Table II and Fig. 13
show the overall accuracies by applying the SCSVM
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TABLE III
OVERALL ACCURACIES, KAPPA COEFFICIENTS, AND AVERAGE ACCURACIES IN

PERCENTAGES OF THE EXPERIMENTAL CLASSIFIERS FOR THE IPS DATA SET

TABLE IV
CLASS-SPECIFIC ACCURACIES IN PERCENTAGES FOR THE IPS DATA SET

and SCSVMF with the grids of M ∈ {4, 8} and γ ∈
{0, 0.05, 0.1, 0.3, 0.5, 1, 10, 100, 500, 1000, 10000}.

SCSVM is a generalized version of SVM, and SCSVM
becomes the original SVM when γ = 0. These results show
that SCSVM (OAA) can obtain higher overall accuracy than
SCSVM (OAO) in the IPS data set regardless of M and γ.
Fig. 13 shows that using the neighborhood system ∂xO

i gen-
erally obtains better performance than using ∂xF

i . Moreover,
SCSVM with M = 8, a second-order neighborhood system,
outperforms M = 4, a first-order neighborhood system, be-
cause the IPS is a larger spatial structure image in the original
space. In hyperspectral image classification, many samples
from different land-cover classes but having very similar spec-
tral properties [8], [9] affect the performance of SCSVMF.
Specifically, the SCSVMF performance increases only a little
and is even worse than the SVM performance when γ exceeds
a threshold. The highest overall SCSVM accuracy of 95.4%
occurred at M = 8 and γ = 1 with the OAA multiclass strategy
and the neighborhood system ∂xO

i .
Tables III and IV present the validation measures of all

samples in the IPS and class-specific accuracies from the best
performance of k-NN classifier (k = 1), SVM (OAO and OAA
multiclass strategy), CS4VM, SVM+EM with and without the
PR step, and SCSVM, which has the highest accuracy in Ta-
ble II, with and without the PR step. The best overall accuracy,

kappa coefficient, and average accuracy are highlighted in gray.
“Before PR” means that the performance of the classifier does
not include the PR step. “After PR” means that the performance
of the classifier includes the PR step.

Due to length constraints, the classification maps with the
highest accuracies of each type of classifier are shown for
comparison. Fig. 14(a)–(h) shows the classification maps of
the IPS hyperspectral image by k-NN (k = 1), SVM (OAO),
SVM (OAA), CS4VM, SVM+EM, and SCSVM (OAA) with
M = 8 and γ = 0.1, respectively. To conveniently compare
the performances, we put the ground truth of IPS image in
Fig. 14(i).

The classification results from Table III, Table IV, and
Fig. 14 present the following findings.

1) In terms of accuracy, SCSVM (OAA) with the PR step
obtained the highest overall accuracy and kappa coeffi-
cient (95.5% and 94.9%, respectively) (Table III). How-
ever, SCSVM (OAA) without the PR step can obtain the
highest average accuracy, up to 94.2%.

2) Only 10% of each sample was selected randomly from
the reference data set to serve as the training set for each
class. Therefore, some classes were represented by only
few training samples (i.e., there are only three and two
samples for class 7 (Grass/pasture-mowed) and class 9
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Fig. 14. Classification maps of the IPS data set by the highest performance
of each type of classifier. (a) k-NN. (b) SVM (OAO). (c) SVM (OAA).
(d) CS4VM. (e) SVM+EM. (f) SVM+EM (PR). (g) SCSVM (OAA, M = 8,
γ = 1). (h) SCSVM (OAA, M = 8, γ = 1, PR). (i) Ground truth.

(Oats), respectively). This may provide an unfair repre-
sentation of this class in the training process. Table IV
shows that the classification performance for class 7

with SCSVM (OAA) was better than that with k-NN,
SVM (OAA), SVM (OAO), CS4VM, and SVM+EM.
Moreover, applying SCSVM (OAA) achieved better per-
formance than other classifiers in class 9. Therefore, this
situation was improved by SCSVM (OAA), even without
the PR step, and the classification accuracies of class 7
and class 9 with the PR step were 100%.

3) The classifiers with the PR step efficiently reduced some
noise in the classification map and slightly increased
classification accuracy.

4) Table III and the classification maps in Fig. 14 show
that classifiers based on spatial information (SVM+EM,
CS4VM, and SCSVM) were much better than the
classifiers based on only spectral information [k-NN,
SVM (OAO), and SVM (OAA)]. Furthermore, the
spatial–contextual-based classifiers reduced the num-
ber of specklelike errors, particularly in the areas of
Soybeans-min till, Soybeans-no till, and Corn-no till,
which were the most difficult parts to classify accurately.
SCSVM (OAA) achieves a great improvement in the
classification map. The SCSVM (OAA) classification
map [Fig. 14(h)] was approximate to the ground truth
[Fig. 14(i)] of the IPS.

5) SVM+EM also achieved sound performance on the clas-
sification maps and obtained a 92.8% overall classi-
fication accuracy. However, this scheme relies on the
partitional clustering results. Hence, if the partitional
clustering technique is not good for partitioning these
areas, which have similar spectral properties from differ-
ent classes or come from the small-sample-size classes
[i.e., class 7 (Grass/pasture-mowed) and class 9 (Oats)],
then these areas will be misclassified and classified by the
clustering technique into the same class [see Fig. 14(f)].
If the partitional clustering technique works very well,
but the standard SVM classifier cannot sensitively distin-
guish the pixels, e.g., classes which have similar spectral
properties from different classes, then these areas will
be sacrificed. Table IV shows that SVM+EM achieved
either 0%, e.g., class 7 and class 9, or low classification
accuracies for the small classes.

6) Since CS4VM is based on the OAA multiclass strategy
[1], the class-specific accuracies for applying CS4VM are
higher than or similar to those for applying SVM (OAA).

B. Washington, DC Mall

The experiments in this study used three cases to investigate
the effects of sample size on the dimensionality in the Washing-
ton, DC mall data set. Note that the sample covariance matrices
of ML-based classifiers, ML and ML_MRF, of case 1 and case 2
will be singular. Hence, in case 1 and case 2, ML-based
classifiers would not work, and the performances of ML-based
classifiers are shown as N/A.

Similar to the IPS data set, Tables V–VII and Figs. 15–17,
respectively, show the overall accuracies of SCSVM (OAA,
OAO) and SCSVMF (OAA, OAO) with the grids of M ∈
{4, 8} and γ ∈ {0, 0.05, 0.1, 0.3, 0.5, 1, 10, 100, 500, 1000,
10000} to investigate the influence of the parameters M and
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TABLE V
OVERALL ACCURACIES IN PERCENTAGES BY APPLYING SCSVM (OAA, M ), SCSVM (OAO, M ), SCSVMF (OAA, M ), AND SCSVMF (OAO, M )

WITH DIFFERENT PARAMETERS M , THE SIZE OF THE NEIGHBORHOOD SYSTEM, AND γ IN WASHINGTON, DC MALL DATA SET (CASE 1)

TABLE VI
OVERALL ACCURACIES IN PERCENTAGES BY APPLYING SCSVM (OAA, M ), SCSVM (OAO, M ), SCSVMF (OAA, M ), AND SCSVMF (OAO, M )

WITH DIFFERENT PARAMETERS M , THE SIZE OF THE NEIGHBORHOOD SYSTEM, AND γ IN WASHINGTON, DC MALL DATA SET (CASE 2)

TABLE VII
OVERALL ACCURACIES IN PERCENTAGES BY APPLYING SCSVM (OAA, M ), SCSVM (OAO, M ), SCSVMF (OAA, M ), AND SCSVMF (OAO, M )

WITH DIFFERENT PARAMETERS M , THE SIZE OF THE NEIGHBORHOOD SYSTEM, AND γ IN WASHINGTON, DC MALL DATA SET (CASE 3)

Fig. 15. Overall accuracies in percentages of the experimental classifiers,
SCSVM and SCSVMF, for the Washington, DC mall data set in case 1.

γ in three cases. In case 1, the highest accuracy of 91.9%
occurred at M = 4 and γ = 0.05 with the neighborhood
system in the original space (SCSVM) and using the OAA
multiclass strategy. However, SCSVM (OAO, 4) has a similar
accuracy, i.e., 91.7%. In case 2, the highest accuracy is 94.1%

Fig. 16. Overall accuracies in percentages of the experimental classifiers,
SCSVM and SCSVMF, for the Washington, DC mall data set in case 2.

at M = 8 and γ = 0.1 with the neighborhood system in
the original space (SCSVM) and OAO multiclass strategy.
However, SCSVM (OAO, 4) has a similar accuracy, at 94.0%.
In case 3, the highest accuracy of 98.6% occurred at M = 4
and γ = 0.3 with the neighborhood system in the original
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Fig. 17. Overall accuracies in percentages of the experimental classifiers,
SCSVM and SCSVMF, for the Washington, DC mall data set in case 3.

space (SCSVM) with OAO multiclass strategy. The SCSVM
(OAO) performance was generally better than or similar to
that of SCSVM (OAA) among the three cases. Furthermore,
SCSVM with M = 4 has better performance than or similar
performance to SCSVM with M = 8. This is because the
Washington, DC mall image is an urban site which is not
a large spatial structure. Figs. 15–17 show that the overall
accuracy increases as the training sample size increases.
Similar to the IPS data set, a lot of samples, which come from
different land-cover classes, but have very similar spectral
properties [8], [9], affect the performance of SCSVMF. That
is, SCSVMF only increases a little classification accuracy or
is even worse than the performance by applying SVM when
γ is greater than a threshold. The performance by applying
SCSVMF (OAO) is much worse than that by applying SVM
(OAO).

Tables VIII, X, and XII show the overall accuracies, kappa
coefficients, and average accuracies by applying the k-NN clas-
sifier with k = 1, which has the best classification performance
of testing set, and SVM (OAO and OAA), CS4VM, SVM+EM
with and without the PR step, and SCSVM with and without
the PR step for all three cases of the Washington, DC mall data
set. Tables IX, XI, and XIII display the class-specific accuracies
of these classifiers. Since the number of testing samples is
the same for every class in the Washington, DC hyperspectral
image data set (i.e., equal to 100), the overall classification
accuracy and the average accuracy are identical in Tables VIII,
X, and XII, and the first decimal points are all zero in Tables IX,
XI, and XIII.

Similar to the IPS data set, Tables VIII, X, and XII and
Tables IX, XI, and XIII, respectively, compare the validation
measures by applying SCSVM with different parameters, M
and γ, which have the highest accuracies in Tables V–VII. Due
to length constraints, Fig. 18 only compares the classification
maps with the highest accuracies of each type of classifier in
case 3.

The classification results in Tables VIII–XIII and Fig. 18
reveal the following findings.

1) SCSVM obtained the highest classification accuracies
of the testing set in terms of overall accuracy, kappa

coefficient, and average classification for all cases. In
case 1, SCSVM (OAA) with M = 4, γ = 0.05, and
the PR step has the best classification accuracy. The
overall accuracy, kappa coefficient, and average classi-
fication were 92.0%, 90.6%, and 92.0%, respectively.
In case 2, SCSVM (OAA) with M = 8 and γ = 0.1
achieved the best classification accuracy. The overall
accuracy, kappa coefficient, and average classification
were 94.1%, 93.2%, and 94.1%, respectively. In case 3,
SCSVM (OAO) with M = 4 and γ = 0.3 and with-
out the PR step achieved the best classification ac-
curacy. The overall accuracy, kappa coefficient, and
average classification were 98.6%, 98.3%, and 98.6%,
respectively. As the training sample size increased,
the accuracies represent ascending tendencies in all
classifiers.

2) Because the Washington, DC image is an urban site im-
age, some areas in this image are small spatial structures,
and some areas are large spatial structures. The PR step
did not really work effectively for small spatial structure
areas, e.g., class 6 (trail) in Fig. 18. Tables IX, XI, and
XIII show that the accuracy decreased upon applying the
PR step in class 6 (trail). However, some noise pixels in
large structure areas, e.g., class 4 (water), were improved
after the PR step (except for case 1, which encountered
the small-sample-size problem).

3) The image contains too many kinds of roofs. Hence,
when the training sample size is small, e.g., in class 3
(roof), some kinds of roofs may not be chosen as training
samples. For this reason, the classification accuracies and
maps of this class are poor in case 1 and case 2 (Tables IX
and XI) regardless of the classifier. In the general case
(case 3), these classes have been identified more correctly
(Table XIII).

4) Fig. 19 shows classified images of SCSVM (OAO) and
SCSVM (OAA) with M = 4 and γ = 0, 0.1, and 0.3, re-
vealing the effect of parameter γ on the classified image.
As the gamma increased, the classified image exhibited
more homogeneous groups of pixels.

5) Most of the spatial-information-based classifiers
(ML_MRF, CS4VM, and SCSVM) achieved better
classification performance than the spectral-information-
only-based classifiers (ML, k-NN, and SVM) except
SVM+EM in cases 1 and 2, because SVM+EM is
particularly suitable for classification of images with
large spatial structures [12]. The drawback of SVM+EM
is that, when including spatial information from the
segmentation map or from the closest neighborhoods
in a classifier, small spatial structures may be
assimilated with larger neighboring structures if the
spectral responses are not significantly different [12].
Hence, SVM+EM is not really suitable for
the small areas of the Washington, DC image.
However, the classification accuracy and maps of
class 4 (water), which is a large structure, can be
improved, and the class-specific accuracy of the class
(water) is 100% (Tables IX, XI, and XIII) for all
three cases.
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TABLE VIII
OVERALL ACCURACIES, KAPPA COEFFICIENTS, AND AVERAGE ACCURACIES IN PERCENTAGES

OF THE EXPERIMENTAL CLASSIFIERS FOR THE WASHINGTON, DC MALL DATA SET (CASE 1)

TABLE IX
CLASS-SPECIFIC ACCURACIES IN PERCENTAGES FOR THE WASHINGTON, DC MALL DATA SET IN CASE 1

TABLE X
OVERALL ACCURACIES, KAPPA COEFFICIENTS, AND AVERAGE ACCURACIES IN PERCENTAGES

OF THE EXPERIMENTAL CLASSIFIERS FOR THE WASHINGTON, DC MALL DATA SET (CASE 2)

TABLE XI
CLASS-SPECIFIC ACCURACIES IN PERCENTAGES FOR THE WASHINGTON, DC MALL DATA SET IN CASE 2

6) The CS4VM classifier is based on the OAA multiclass
strategy. This classifier achieved slightly better classifica-
tion accuracy than SVM (OAA) (see Tables VIII, X, and
XII), but SCSVM still achieved better performance than
CS4VM. However, CS4VM distinguished some areas
better than SCSVM.

V. CONCLUSION

This study has proposed two kinds of spatial–contextual
SVMs. An SCSVM that is based on the neighborhood system
in the original space can overcome similar spectral properties.
SCSVM modifies the decision function and the constraints of
SVM based on spatial–contextual information. To reduce the
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TABLE XII
OVERALL ACCURACIES, KAPPA COEFFICIENTS, AND AVERAGE ACCURACIES IN PERCENTAGES

OF THE EXPERIMENTAL CLASSIFIERS FOR THE WASHINGTON, DC MALL DATA SET (CASE 3)

TABLE XIII
CLASS-SPECIFIC ACCURACIES IN PERCENTAGES FOR THE WASHINGTON, DC MALL DATA SET IN CASE 3

remaining noise in the classification map, a PR step, a fixed-
window-based postfiltering, was employed. The experiments
in this study compared and analyzed the effects of different
types of classifiers on the classification accuracy and classifi-
cation map by applying the proposed SCSVM, ML classifier,
ML_MRF classifier, k-NN classifier, a standard supervised
SVM, a CS4VM, and SVM+EM.

The experimental results obtained from two different hyper-
spectral image data sets, the IPS (a mixed forest/agricultural
site in Indiana) and the Washington, DC mall hyperspectral
image (an urban site in Washington, DC), confirm that the
proposed SCSVM improves the classification accuracies and
kappa coefficients.

The earlier discussion leads to the following conclusions.

1) SCSVM (OAA) is better than or similar to SCSVM
(OAO) in the IPS data set. The classification map of IPS
data set obtained from SCSVM (OAA) with the PR step
[Fig. 14(h)] is very close to the ground truth, and the
SCSVM classification accuracy and kappa coefficient are
95.5% and 94.9%, respectively. However, in the Wash-
ington, DC mall data set, SCSVM (OAO) is better than
or similar to SCSVM (OAA), and SCSVMF (OAA) is
better than or similar to SCSVMF (OAO).

2) This study shows that selecting a suitable spatial pa-
rameter γ improves the SCSVM performance, and the
best choice of γ becomes larger as the training sample
size increases. That is, γ has a strong influence on the
performance, particularly for the SCSVM (OAA).

3) The computational cost of the learning phase in the pro-
posed SCSVM is slightly higher than that of the standard

SVM in each round. From a theoretical point of view, a
standard supervised SVM is a special case of SCSVM,
if the parameter γ is equal to zero. However, CS4VM
requires a huge semisample set from the neighborhoods
of each training sample in the objective function. Hence,
the computational cost of the CS4VM learning phase is
slightly higher than that of the SCSVM learning phase
because SCSVM only uses the same training sample in
the objective function in each round. For example, in the
IPS data set experiment, carried out on a PC mounting
an Intel Core 2 Duo CPU at 2.4 GHz and a 4-GB DDR2
RAM, the training phase of a supervised SVM (OAA)
took about 7.566 s, and the training phase of SCSVM
(OAA) took about 7.909 s, but the training phase of
CS4VM required about 185.56 s.

4) The SVM+EM method is particularly suitable for clas-
sifying images with large spatial structures, e.g., the IPS
image, when the spectral responses of different classes
are dissimilar and the classes contain a comparable num-
ber of pixels. However, most real data do not always
satisfy this condition (e.g., the Washington, DC mall
image). Hence, SVM+EM is not generally suitable for
all situations. In the SCSVM classifier, for different data
sets, the spatial neighborhood system can be modified
according to the spatial structure.
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Fig. 18. Classification maps of a portion of the Washington, DC data set (case 3) by the highest performance of each type of classifier. (a) ML classifier.
(b) ML_MRF. (c) k-NN. (d) SVM (OAO). (e) SVM (OAA). (f) CS4VM. (g) SVM+EM. (h) SVM+EM (PR). (i) SCSVM (OAO, M = 4, γ = 0.3).
(j) SCSVM (OAO, M = 4, γ = 0.3, PR). (k) False-color IR image of the portion of Washington, DC mall image.

Fig. 19. Classification maps of a portion of the Washington, DC data set (case 3) by applying SCSVM (OAO) and SCVM (OAA) with M = 4 and different
parameters γ = 0, 0.1, and 0.3. (a) SCSVM (OAO), γ = 0. (b) SCSVM (OAO), γ = 0.1. (c) SCSVM (OAO), γ = 0.3. (d) SCSVM (OAA), γ = 0. (e) SCSVM
(OAA), γ = 0.1. (f) SCSVM (OAA), γ = 0.3.
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