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With Edge-Preserving Filtering
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Abstract—The integration of spatial context in the classification
of hyperspectral images is known to be an effective way in improv-
ing classification accuracy. In this paper, a novel spectral–spatial
classification framework based on edge-preserving filtering is pro-
posed. The proposed framework consists of the following three
steps. First, the hyperspectral image is classified using a pixelwise
classifier, e.g., the support vector machine classifier. Then, the
resulting classification map is represented as multiple probability
maps, and edge-preserving filtering is conducted on each proba-
bility map, with the first principal component or the first three
principal components of the hyperspectral image serving as the
gray or color guidance image. Finally, according to the filtered
probability maps, the class of each pixel is selected based on the
maximum probability. Experimental results demonstrate that the
proposed edge-preserving filtering based classification method can
improve the classification accuracy significantly in a very short
time. Thus, it can be easily applied in real applications.

Index Terms—Classification, edge-preserving filters (EPFs),
hyperspectral data, spatial context.

I. INTRODUCTION

SATELLITE images captured by hyperspectral sensors of-
ten have more than 100 spectral bands for each pixel.

Therefore, a hyperspectral image can provide very informa-
tive spectral information regarding the physical nature of the
different materials which can be utilized to distinguish objects
in the image scene. However, the high dimensionality of hy-
perspectral data may produce the Hughes phenomenon [1] and
thus may influence the performance of supervised classification
methods.

During the last decade, a large number of feature extraction,
feature reduction, and combination techniques [2]–[5] have
been proposed to address the high-dimensionality problem.
Furthermore, intensive work has been proposed to build ac-
curate pixelwise classifiers for the analysis of hyperspectral
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images [6], e.g., random forests [7], [8], neural networks [9],
[10], AdaBoost [11], support vector machines (SVMs) [12],
sparse representation [13], [14], and active learning [15]–[17]
methods. Among these methods, the SVM classifier has, in
particular, shown a good performance in terms of classification
accuracy [12] since it has two major advantages: First, it
requires relatively few training samples to obtain good classifi-
cation accuracies; second, it is robust to the spectral dimension
of hyperspectral images [12].

To improve the classification performance further, many re-
searchers have worked on spectral–spatial classification which
can incorporate the spatial contextual information into the
pixelwise classifiers [18]. For example, extended morpho-
logical profiles (EMPs) have been proposed for constructing
spectral–spatial features [19] which are adaptive definitions
of the neighborhood of pixels. Furthermore, spectral–spatial
kernels, e.g., composite [20], morphological [21], and graphic
[22] kernels, have also been proposed for the improvement
of the SVM classifier. The morphological and kernel-based
methods have given good results in terms of accuracies for
classifying hyperspectral images [20]–[25].

Another family of spectral–spatial classification methods
is based on image segmentation [18], [26]. A hyperspectral
image is first segmented into different regions based on the
homogeneity of either intensity or texture [27] so that all the
pixels within the same region can be considered as a spatial
neighborhood. Different hyperspectral segmentation techniques
such as partitional clustering [28], watershed [29], hierarchical
segmentation [30], and minimum spanning forest [31] have
been proposed for this objective. Then, majority voting is ap-
plied for combining the pixelwise classification results obtained
by a pixelwise classifier with the segmentation map obtained
by image segmentation. Specifically, all the pixels in the same
region are assigned to the most frequent class within this region.
Furthermore, multiple spectral–spatial classification methods
can be combined together to improve the classification accu-
racy further [30]. However, segmentation-based methods rely
on the performance of the segmentation techniques. In order
to get accurate segmentation results, advanced segmentation
methods are usually required, but those methods may be
time-consuming.

Different from the traditional segmentation-based spectral–
spatial classification framework described previously, Li et al.
proposed that the spectral–spatial classification problem can
be solved in a Bayesian framework [17], [32]. The final clas-
sification result is obtained from a posterior distribution built
on the class distributions which are learned from multino-
mial logistic regression and multilevel logistic (MLL) prior.
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Li et al.’s method has given better performances in terms of
classification accuracies when compared with several widely
used spectral–spatial classification methods [17], [32].

Recently, edge-preserving filtering [33]–[37] has become a
very active research topic of image processing and has been
applied in many applications such as high dynamic imaging
[36], stereo matching [38], image fusion [39], [40], enhancing
[41], dehazing [42], and denoising [43]. In hyperspectral image
analysis, edge-preserving filtering has also been successfully
applied for hyperspectral image visualization [44].

In this paper, an edge-preserving filtering based spectral–
spatial classification framework is proposed. The pixelwise
classification map obtained by the SVM classifier is first rep-
resented as multiple probability maps (the probability that a
pixel belongs to a specified class) and then processed with edge-
preserving filtering. Finally, the class of each pixel is selected
based on the maximum probability. Taking neighborhood in-
formation into account, edge-preserving filtering can smooth
the probabilities while ensuring that the smoothed probabilities
are aligned with real object boundaries. Experiments show
that the proposed method can improve the classification accu-
racy of SVM significantly with much less computer resources
needed. Thus, the proposed method will be quite useful in real
applications.

The rest of this paper is organized as follows. Section II
introduces two widely used edge-preserving filters (EPFs).
Section III describes the proposed spectral–spatial classification
method. Section IV gives the results and provides a discussion.
Finally, the conclusion is given in Section V.

II. EDGE-PRESERVING FILTERING

During the last decade, many different EPFs, e.g., the joint
bilateral filter [33], the weighted least-squares (WLS) filter
[36], the guided filter [34], the domain transform filter [45], the
local linear Stein’s unbiased risk estimate filter [46], and the
L0 gradient filter [47], have been proposed. Most of these EPFs
have a similar property, i.e., they can be used for joint filtering,
where the content of one image is smoothed based on the edge
information from a guidance image. It means that the spatial
information of the guidance image is able to be considered
in the filtering process. In this section, the two most widely
used EPFs, i.e., the joint bilateral filter and the guided filter,
are illustrated.

A. Joint Bilateral Filter

The joint bilateral filter is based on the widely used Gaussian
filter considering the distance in the image plane (the spatial do-
main) and the distance in the intensity axis (the range domain).
The spatial and range distances are defined using two Gaus-
sian decreasing functions, i.e., Gδs(‖i− j‖) = exp(−(‖i−
j‖)/δ2s) and Gδr (|Ii − Ij |) = exp(−|Ii − Ij |2/δ2r). Specifi-
cally, the filtering output Oi of the input pixel Pi can be
represented as a weighted average of its neighborhood pixels
Pj as follows:

Oi =
1

Kb
i

∑
j∈ωi

Gδs (‖i− j‖)Gδr (|Ii − Ij |)Pj

with

Kb
i =

∑
j∈ωi

Gδs (‖i− j‖)Gδr (|Ii − Ij |) (1)

where i and j represent the ith and jth pixels, ωi is a local
window of size (2δs + 1)× (2δs + 1) around pixel i, Kb is a
normalizing term of the joint bilateral filter, P and I are the
input image and the guidance image, respectively, δs controls
the size of the local window used to filter a pixel, and δr
defines how much the weight of a pixel decreases because of the
intensity difference between the reference pixels, i.e., Ii and Ij .

Based on (1), it is easy to imagine that, if the neighborhood
pixels of pixel i in the guidance image have similar intensities
or colors, i.e., Ii ≈ Ij , the weight of pixel j, represented by
neighboring pixel j, will be quite large, especially when it
is very close to i, i.e., ‖i− j‖ is very small. In contrast,
if the neighboring pixels have quite different intensities in
the guidance image, the situation will be the opposite. This
means that those adjacent input pixels which have similar
intensities or colors in the guidance image tend to have similar
outputs.

B. Guided Filter

The guided filter is based on a local linear model which
assumes that the filtering output O can be represented as a linear
transform of the guidance image I in a local window ω of size
(2r + 1)× (2r + 1) as follows:

Oi = ajIi + bj , ∀i ∈ ωj . (2)

This model ensures ∇O ≈ a∇I , which means that the filtering
output O will have an edge only if the guidance image I has
an edge. To determine the coefficients aj and bj , an energy
function [see (3)] is constructed as follows:

E(aj , bj) =
∑
i∈ωj

(
(ajIi + bj − Pi)

2 + εa2j
)

(3)

where ε is a regularization parameter deciding the degree of
blurring for the guided filter. The energy function is based on
two goals. First, the filtering output, i.e., (ajIi + bj), should
be as close as possible to the input image P . Second, the
local linear model should be maintained in the energy function.
By solving the energy function, abrupt intensity changes in
the guidance image I can be mostly preserved in the filtering
output O.

C. Comparison of the Two EPFs

Given the aforementioned simple description of the two
EPFs, the properties of the EPFs are studied in Fig. 1. Fig. 1(a)
and (c) shows the input image P and the guidance image
I , respectively. Fig. 1(b) and (d) shows the filtering outputs
obtained by different EPFs with different parameter settings.

Regarding the joint bilateral filter (see Fig. 1(b), from left
to right), the two parameters, i.e., δs and δr, are set as fol-
lows: δs = 2, δr = 0.01; δs = 2, δr = 0.1; δs = 4, δr = 0.1;
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Fig. 1. (a) Input image. (b) and (d) Filtered images obtained by different EPFs with different parameter settings. (c) Guidance image.

Fig. 2. Schematic of the proposed edge-preserving spectral–spatial classification method.

δs = 4, δr = 0.2; and δs = 8, δr = 0.4, respectively. Regarding
the guided filter (see Fig. 1(d), from left to right), the two
parameters, i.e., r and ε, are set as follows: r = 1, ε = 10−6;
r = 2, ε = 10−4; r = 4, ε = 0.01; r = 4, ε = 0.1; and r = 8,
ε = 0.1, respectively. The figure shows that, as the filter size
(δs and r) and the degree of blurring (δr and ε) increase, a more
obvious smoothing will be produced on the filtering outputs.
More importantly, compared with the input image, the pixels
in the filtering outputs tend to be aligned with edges in the
guidance image. In other words, adjacent input pixels with
similar intensities in the guidance image tend to get similar
filtering outputs. This property is quite correlated with image
segmentation which aims at dividing an image into different
regions based on the homogeneity of intensity or color.

III. SPECTRAL–SPATIAL CLASSIFICATION WITH

EDGE-PRESERVING FILTERING

Here, the spectral–spatial classification problem is consid-
ered as a probability optimization process, as illustrated in
Fig. 2. The initial probability that a pixel belongs to a specified
class is estimated based on a widely used pixelwise classifier,
i.e., the SVM classifier. Taking spatial contextual information
into account, the final probabilities are obtained by performing
edge-preserving filtering on the initial probability maps, with
the principal components of the hyperspectral image serving
as the guidance image. Specifically, if the nth probability map
has quite a large intensity in location i which refers to a higher
probability, then the ith pixel of the hyperspectral image tends
to belong to the nth class.
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A. Problem Formulation

The general supervised hyperspectral classification problem
can be formulated as follows: Let S ≡ {1, . . . , i} denote the
set of pixels of the hyperspectral image, x = (x1, . . . ,xi) ∈
R

d×i denote an image of d-dimensional feature vectors,
L ≡ {1, . . . , n} be a set of labels, and c = (c1, . . . , ci) be
the classification map of labels. Given a training set Tτ ≡
{(x1, c1), . . . , (xτ , cτ )} ∈ (Rd × L)τ , where τ is the total
number of training samples, the goal of classification is to
obtain a classification map, i.e., c, which assigns a label ci ∈ L
to each pixel i ∈ S .

B. Proposed Approach

The proposed approach consists of three steps: 1) construc-
tion of the initial probability maps; 2) filtering of the probability
maps; and 3) classification based on the maximum probability.

1) Construction of the Initial Probability Maps: It is known
that an initial classification map c can be obtained by a pixel-
wise classifier. In this paper, the pixelwise classification map c
is represented using probability maps, i.e., p = (p1, . . . ,pn),
in which pi,n ∈ [0, 1] is the initial probability that a pixel i
belongs to the nth class. Specifically, the probability pi,n is
defined as follows:

pi,n =
{
1 if ci = n
0 otherwise.

(4)

The SVM classifier is adopted for pixelwise classification since
it is one of the most widely used pixelwise classifiers and
has been successfully applied for many other spectral–spatial
classification methods [6], [18], [48].

2) Filtering of the Probability Maps: Initially, spatial infor-
mation is not considered. All probabilities are valued at either
0 or 1. Therefore, the probability maps appear noisy and not
aligned with real object boundaries. To solve this problem,
the probability maps are optimized by edge-preserving filter-
ing. Specifically, the optimized probabilities are modeled as a
weighted average of its neighborhood probabilities

ṕi,n =
∑
j

Wi,j(I)pj,n (5)

where i and j represent the ith and jth pixels and the filtering
weight W is chosen such that the filter preserves edges of a
specified guidance image I . Therefore, this step has two major
problems: 1) how to choose an EPF and 2) how to choose a
guidance image. Different filters and guidance images produce
different filtering weights Wi,j for (5).

For the choice of EPF, two widely used EPFs are adopted
in this paper. The weights Wi,j obtained by the two filters are
reviewed as follows.

1) Filtering weight for the joint bilateral filter: the weight
of the joint bilateral filter is already presented in
(1), i.e., Wi,j(I) = 1/Kb

i

∑
j∈ωi

Gδs(‖i− j‖)Gδr (|Ii −
Ij |). Based on the corresponding description in Section II,
it is easy to know that those adjacent input probabilities
which have similar intensities or colors in the guidance
image will have similar outputs after filtering.

2) Filtering weight for the guided filter: as described in [37],
(2) can be represented in a weighted average form as (5),

Fig. 3. Example of 1-D step edge. Here, μ and σ are shown for a filtering
kernel centered exactly at an edge.

and the filtering weight Wi,j(I) of the guided filter can
be expressed as follows:

Wi,j(I) =
1

|ω|2
∑

k∈ωi,k∈ωj

(
1 +

(Ii − μk)(Ij − μk)

σ2
k + ε

)
(6)

where ωi and ωj are local windows around pixel i and j,
respectively, μk and σk are the mean and variance of I in
ωk, and |ω| is the number of pixels in ωk. A 1-D step edge
example is presented in Fig. 3 to demonstrate the edge-
preserving property of the filtering weight for the guided
filter. As shown in the figure, if Ii and Ij are on the same
side of an edge, the term (Ii − μk)(Ij − μk) in (6) will
have a positive sign. However, if Ij is located on the other
side of the edge, the term will have a negative sign. Thus,
the filtering weight becomes larger for pixel pairs on the
same side of the edge but small otherwise. Hence, those
probabilities on the same side of an edge in the guidance
image I tend to have similar filtering outputs.

Regarding the choice of the guidance image I , principal com-
ponent analysis (PCA) is adopted because it gives an optimal
representation of the image in the mean squared sense. Here,
two options are given as follows.

1) Gray-scale guidance image: the PCA decomposition is
conducted on the original hyperspectral image, and the
first principal component which contains most of the edge
information is adopted as the guidance image (see Fig. 2).

2) Color guidance image: instead of guiding the filtering
with a gray-scale image, the first three principal compo-
nents are used as the color guidance image of the EPFs
(see Fig. 2).

Fig. 4 shows an example of probability filtering. It shows
that the initial probabilities look noisy and are not aligned
with real object boundaries. Probability optimization with edge-
preserving filtering has two major advantages in this example
[see Fig. 4(b)]. First, noise probabilities that appear as scattered
points or lines can be effectively smoothed. Second, the refined
probabilities are always aligned with real object boundaries.
The two advantages demonstrate that the spatial contextual
information of the guidance image is well utilized in the edge-
preserving filtering process.

3) Classification Based on the Maximum Probability: Ac-
cording to (7), once the probability maps are filtered, the label
at pixel i can be simply chosen in a maximization manner as
follows:

ći = arg max
n

ṕi,n. (7)
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Fig. 4. (a) Initial probability maps for the University of Pavia data set. (b) Final probability maps obtained by edge-preserving filtering. The lower figures in
(a) and (b) show the close-up views of the probability maps denoted by boxes in the upper figures.

This step aims at transforming the probability maps ṕn into the
final classification result ć.

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Experimental Setup

1) Data Sets: The proposed method is performed on three
hyperspectral data sets, i.e., the Indian Pines image, the Univer-
sity of Pavia, and the Salinas image. The Indian Pines image
capturing the agricultural Indian Pine test site of North-western
Indiana was acquired by the Airborne Visible/Infrared Imaging
Spectrometer (AVIRIS) sensor. The image has 220 bands of
size 145 × 145 with a spatial resolution of 20 m per pixel
and a spectral coverage ranging from 0.4 to 2.5 μm (20 water
absorption bands no. 104–108, 150–163, and 220 were removed
before experiments). Fig. 5 shows the color composite of the
Indian Pines image and the corresponding ground truth data.

The University of Pavia image capturing an urban area sur-
rounding the University of Pavia was recorded by the ROSIS-
03 satellite sensor. The image has 115 bands of size 610 ×
340 with a spatial resolution of 1.3 m per pixel and a spectral
coverage ranging from 0.43 to 0.86 μm (12 most noisy channels
were removed before experiments). Nine classes of interest are
considered for this image. Fig. 6 shows the color composite of
the University of Pavia image and the corresponding ground
truth data.

The Salinas image was captured by the AVIRIS sensor over
Salinas Valley, CA, USA, and with a spatial resolution of 3.7 m
per pixel. The image has 224 bands of size 512 × 217. As
with the Indian Pines and University of Pavia scenes, 20 water
absorption bands no. 108–112, 154–167, and 224 were dis-
carded. Fig. 7 shows the color composite of the Salinas image
and the corresponding ground truth data. For the three images,

Fig. 5. (a) Three-band color composite of the Indian Pines image. (b) and
(c) Ground truth data of the Indian Pines image.

Fig. 6. (a) Three-band color composite of the University of Pavia image.
(b) and (c) Ground truth data of the University of Pavia image.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

6 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING

Fig. 7. (a) Three-band color composite of the Salinas image. (b) and
(c) Ground truth data of the Salinas image.

the number of training and test samples for each class is detailed
in Tables II–IV, respectively.

2) Quality Indexes: Three widely used quality indexes, i.e.,
the overall accuracy (OA), the average accuracy (AA), and
the kappa coefficient, are adopted to evaluate the performance
of the proposed method. OA is the percentage of correctly
classified pixels. AA is the mean of the percentage of correctly
classified pixels for each class. The kappa coefficient gives the
percentage of correctly classified pixels corrected by the num-
ber of agreements that would be expected purely by chance.

B. Classification Results

1) Analysis of the Influence of Parameters: For the proposed
joint bilateral filtering-based technique, the parameters δs and
δr determine the filtering size and blur degree, respectively.
Similarly, the parameters r and ε denote the filtering size and
blur degree of the guided filter, respectively. The influence of
these parameters on the classification performance is analyzed
in Figs. 8 and 9 (experiment is performed on the Indian Pines
image). In the experiment, the training set which accounts for
10% of the ground truth was chosen randomly (see Table II).
The OA, AA, and kappa of the proposed method are measured
with different parameter settings. When the influence of δs is
analyzed, δr is fixed to be 0.2. Similarly, for the guided filter,
when the influence of r is analyzed, ε is fixed to be 0.01.
Furthermore, δr and ε can be analyzed in the same way with
δs and r fixed at 3.

When the first principal component is used as the guidance
image for the EPFs, it can be seen from Fig. 8 that, if the
filtering size and blur degree, i.e., δs, δr, r, and ε, are too large,
the average classification accuracy may decrease dramatically.
The reason is that a large filtering size and blur degree may
over-smooth the probability maps, and thus, those small-scale
objects may be misclassified. For example, although the OA
obtained with δs = 4 is similar to the accuracy obtained with
δs = 5 [see Fig. 8(a)], the AA decreases dramatically when
δs = 5 because one small-scale class which contains 20 pixels
is totally misclassified when the filtering size is too large.
Similarly, a very small filtering size or blur degree is also not
good for the proposed method because it means that only very

Fig. 8. Indian Pines image: analysis of the influence of the parameters δs, δr ,
r, and ε when the first principal component is selected as the guidance image.

Fig. 9. Indian Pines image: analysis of the influence of the parameters δs, δr ,
r, and ε when the color composite of the first three principal components is
selected as the guidance image.

limited local spatial information is considered in the filtering
process.

Furthermore, Fig. 9 shows the influence of the parameters
when the color composite of the first three principal compo-
nents serves as the guidance image of the EPFs. From this
figure, a similar conclusion can be obtained that the filtering
size and blur degree cannot be too small or large. In this paper,
the default parameter setting of the proposed method is given
as follows: When the guidance image of the EPF is a gray-scale
image, δs = 3, δr = 0.2, r = 3, and ε = 0.01 are set to be the
default parameters; when the guidance image of the EPF is a
color image, δs = 4, δr = 0.2, r = 4, and ε = 0.01 are set to
be the default parameters. In the following experiments, it is
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TABLE I
CLASSIFICATION ACCURACY (IN PERCENT) OF THE PROPOSED

METHOD WITH DIFFERENT POSTPROCESSING TECHNIQUES. THE

STATISTICS-BASED METHOD IS APPLIED WITHIN A 7 × 7 WINDOW.
THE PARAMETERS OF THE WLS FILTER ARE SET TO BE α = 1.4

AND λ = 0.3. THE PARAMETERS OF THE NC FILTER ARE SET

TO BE δs = 3 AND δr = 0.2

shown that, with the provided parameter setting, we are able to
obtain good classification accuracies for different images.

2) Analysis of the Influence of Different Postprocessing
Techniques: For the proposed spectral–spatial classification
framework, different postprocessing techniques, e.g., other
types of edge-preserving smoothing methods or statistics-based
method, can be used to refine the binary probability maps. For
example, the statistics-based method [50] assigns the label of a
pixel to the most frequent class within its neighborhood pixels.
The WLS method [36] aims at solving a WLS optimization
problem which ensures that the input pixels are as smooth
as possible, except across edges in the guidance image. The
normalized convolution (NC) filter [45] is a recently proposed
joint EPF which has a similar property as the joint bilateral
filter. Table I compares the performance of the proposed method
with different postprocessing techniques. It can be seen that
other types of joint edge-preserving smoothing methods such
as the WLS method and the NC filter are also able to obtain
satisfactory overall classification accuracy, i.e., 94.93% and
95.20%, respectively. The reason is that the different joint edge-
preserving smoothing methods are all able to obtain spatially
smooth and edge-aligned probability maps. By contrast, since
the edge information of the guidance image is not considered
in the statistics-based method, that method can only ensure
the spatial smoothness of the resulting classification map, thus
leading to an unsatisfactory OA of 89.33%.

3) Comparison of Different Classification Methods: In this
section, the proposed edge-preserving filtering based methods
(EPF-B-g, EPF-B-c, EPF-G-g, and EPF-G-c) are compared
with several widely used classification methods including the
method based on SVM [12], EMPs [25], automatic extended
attribute profiles (AEAPs) [49], logistic regression, and mul-
tilevel logistic (L-MLL) [17]. The SVM algorithm is imple-
mented in the LIBSVM library [51]. Furthermore, the Gaussian
kernel with fivefold cross validation is adopted for the clas-
sifier. For the EMP method, the morphological profiles are
constructed with the first three principal components, a cir-
cular structural element, a step size increment of two, and
four openings and closings for each principal component. In
order to construct the AEAPs, we use the Profattran soft-
ware which is kindly provided by the author of [49]. For the
L-MLL method, the code is available on Dr. Li’s homepage.1

For the proposed EPF-B-g, EPF-B-c, EPF-G-g, and EPF-G-
c methods, the abbreviations B and G represent that the joint
bilateral filter or the guided filter is adopted for edge-preserving
filtering. The abbreviations g or c denote that either the first

1http://www.lx.it.pt/~jun/

Fig. 10. Classification results (Indian Pines image) obtained by the (a) SVM
method, (b) EMP method, (c) AEAP method, (d) L-MLL method, (e) EPF-B-g
method, (f) EPF-B-c method, (g) EPF-G-g method, and (h) EPF-G-c method.
The value of OA is given in percent.

principal component or the color composite of the first three
components, respectively, is used as the guidance image. The
default parameters given in the first section are adopted for all
images, although an adjustment of the parameters can improve
the classification accuracy further for different images. In order
to make the proposed method reproducible, the code and data
will be made available on Mr. Kang’s homepage.2

The first experiment is performed on the Indian Pines data
set. Fig. 10 shows the classification maps obtained by different
methods associated with the corresponding OA scores. From
this figure, it can be seen that the classification accuracy ob-
tained by the EMP and AEAP methods is not very satisfactory
since some noisy estimations are still visible. By contrast, the
L-MLL method and the proposed method perform much better
in removing “noisy pixels.” Specifically, the proposed method
increases the OA compared to the SVM method by about
15%. Compared with the recently proposed Bayesian-based
classification method (L-MLL), the proposed EPF method also

2http://xudongkang.weebly.com

http://www.lx.it.pt/~jun/
http://xudongkang.weebly.com
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TABLE II
NUMBER OF TRAINING (TRAIN) AND TEST (TEST) SAMPLES OF THE INDIAN PINES IMAGE AND CLASSIFICATION ACCURACIES (IN PERCENT)

FOR THE SVM [12], EMP [25], AEAP[49], L-MLL [17], EPF-B-g, EPF-B-c, EPF-G-g, AND EPF-G-c METHODS

Fig. 11. Classification results (University of Pavia image) obtained by the
(a) SVM method, (b) EMP method, (c) AEAP method, (d) L-MLL method,
(e) EPF-B-g method, (f) EPF-B-c method, (g) EPF-G-g method, and
(h) EPF-G-c method. The value of OA is given in percent.

gives a higher classification accuracy. Table II presents the
number of training and test samples (the training set which
accounts for 10% of the ground truth was chosen randomly)
and the classification accuracies for different methods. From
this table, it can be observed that, by using the proposed EPF
method, the AA of SVM is increased from 75% to 95% and
the kappa accuracy can be also increased significantly. The
proposed EPF-B-g method gives the best performance in terms
of OA and kappa but not for the AA.

The second and third experiments were performed on the
University of Pavia and Salinas images, respectively. Figs. 11
and 12 show the classification maps obtained by different
methods associated with the corresponding OAs. Tables III

Fig. 12. Classification results (Salinas image) obtained by the (a) SVM
method, (b) EMP method, (c) AEAP method, (d) L-MLL method, (e) EPF-B-g
method, (f) EPF-B-c method, (g) EPF-G-g method, and (h) EPF-G-c method.
The value of OA is given in percent.

and IV present the number of training and test samples (for
the University of Pavia image and the Salinas image, the
training sets which, respectively, account for 6% and 2% of
the ground truth were chosen randomly) and the classification
accuracies for different methods. From the two examples, it can
be seen that the proposed method always outperforms the EMP,
AEAP, and L-MLL methods in terms of OA, AA, and kappa.
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TABLE III
NUMBER OF TRAINING (TRAIN) AND TEST (TEST) SAMPLES OF THE UNIVERSITY OF PAVIA IMAGE AND CLASSIFICATION ACCURACIES (IN PERCENT)

FOR THE SVM [12], EMP [25], AEAP[49], L-MLL [17], EPF-B-g, EPF-B-c, EPF-G-g, AND EPF-G-c METHODS

TABLE IV
NUMBER OF TRAINING (TRAIN) AND TEST (TEST) SAMPLES OF THE SALINAS IMAGE AND CLASSIFICATION ACCURACIES (IN PERCENT) FOR THE SVM

[12], EMP [25], AEAP [49], L-MLL [17], EPF-B-g, EPF-B-c, EPF-G-g, AND EPF-G-c METHODS

Compared with the SVM method, the proposed method can
improve the classification accuracies significantly. For example,
in Table III, the classification accuracy of the Bitumen class
increases from 67.5% to 100%. Similar improvements can be
found in the experimental results of the Salinas example. The
two sets of results further demonstrate the accuracy of the
proposed method.

4) Classification Results With Different Training and Test
Sets: In this section, the influence of different training and test
sets to the performance of the proposed method is analyzed.
Experiments are performed on three images, i.e., the Indian
Pines image, the University of Pavia image, and the Salinas
image. Only the classification result obtained by the EPF-B-g
method is presented because different edge-preserving filter-
ing methods tend to obtain similar classification results (see
Tables II–IV). Fig. 13 shows the classification results of the
EPF-B-g method with the number of training samples (in
percent) increased from 1% to 10% for the Indian Pines image,
1% to 6% for the University of Pavia image, and 1% to 2%
for the Salinas image. From this figure, it can be seen that the
proposed method can always improve the classification accu-
racy significantly with a different number of training samples.
For example, regarding the Indian Pines image, when the OA
of SVM is about 72% (4% ground truth samples are used as
training samples), the EPF-B-g method can obtain a classifi-

Fig. 13. OA of the proposed EPF-B-g method with different numbers of
training samples on different images. (a) Indian Pines. (b) University of Pavia.
(c) Salinas.

cation accuracy near 92%. For the University of Pavia image, it
can be seen that, with relatively limited training samples (1% of
the ground truth), the proposed method can obtain an OA near
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TABLE V
COMPUTING TIME (IN SECONDS) OF THE PROPOSED ALGORITHMS.

THE NUMBERS OUTSIDE AND INSIDE THE PARENTHESES

SHOW THE COMPUTING TIMES OF THE MATLAB AND

C++ IMPLEMENTATIONS, RESPECTIVELY

96.5%. A similar conclusion can be obtained when analyzing
the experimental results of the Salinas image.

5) Computational Complexity: Here, experiments are per-
formed using MATLAB and C++ on a Laptop with 2.5-GHz
CPU and 4-GB memory. Table V shows the computing time
of the proposed methods, i.e., EPF-G-g, EPF-G-c, EPF-B-g,
and EPF-B-c. From this table, it can be seen that the C++
implementations of the proposed methods are all very fast
(the EPF-G-g method takes only 0.17 s for the Indian Pines
image). The reason is that the proposed method only requires
edge-preserving filtering to be done several times and PCA
decomposition to be done once. The complexity of the two
EPFs is O(N), and thus, the probability optimization step of
the proposed method has a computing complexity of O(KN),
where N is the number of pixels and K is the number of
classes. Considering that the PCA decomposition step also has
fast implementations, the proposed spectral–spatial method is
indeed computationally efficient. For the spectral part of the
proposed method, the MATLAB implementation of the SVM
classifier is the most time-consuming part. Specifically, it takes
about 8.68 s for classifying the Indian Pines image. Therefore,
the algorithm can be accelerated further by using more efficient
pixelwise classifiers or more efficient implementations of the
SVM classifier.

V. CONCLUSION

A simple yet powerful filtering approach has been proposed
for spectral–spatial hyperspectral image classification. The pro-
posed method aims at optimizing the pixelwise classification
maps in a local filtering framework. The filtering operation
achieves a local optimization of the probabilities, which is in
contrast to some segmentation methods that aim at optimizing
the classification map globally. This paper has shown that
“local smoothing” is also able to achieve a high classifica-
tion accuracy, i.e., 99.43% for the University of Pavia image.
One advantage of the proposed method is the dominance of
the pixelwise spectral information with respect to the spatial
contextual information in spectral–spatial classification. An
observation on the proposed method is that the optimization of
probability maps will not cause a big difference in the overall
appearance of the initial pixelwise probability maps, which
means that the pixelwise information is also well considered
in the filtering process. Furthermore, a major advantage of the
proposed method is that it is computationally efficient, and
thus, it will be quite useful in real applications. In the future,
a further improvement may be achieved by adaptively adjusting
the filtering size and the blur degree of the EPF.
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