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ABSTRACT

The classification of remotely sensed images knows a large
progress taking in consideration the availability of images
with different resolutions as well as the abundance of
classification’s algorithms. A number of works have shown
promising results by the fusion of spatial and spectral
information using Support vector machines (SVM).

For this purpose, we propose a methodology exploiting a
composite kernel that easily combines multi-spectral features,
Haralick texture features and Hybrid Median Filter, with
different window sizes.

The proposed approach was tested on common scenes of
urban imagery. The result shows that the combined use of
spectral and texture information together significantly
improved the accuracy of satellite image classification.
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1. INTRODUCTION

With the commercial emergence of the optical satellite images
of sub-metric resolution (Ikonos, Quickbird) the realization as
well as the regular update of numerical maps with large scales
become accessible and increasingly frequent.

Several classification algorithms have been developed since
the first satellite image was acquired in 1972 [1-4]. Among
the most popular and widely used is the maximum likelihood
classifier [5]. It is a parametric approach that assumes the
class signature in normal distribution. Although this
assumption is generally valid, it is invalid for classes
consisting of several subclasses or classes having different
spectral features [6]. To overcome this problem, some non-
parametric classification techniques such as artificial neural
networks, decision trees and Support vector machines (SVM),
which is a group of advanced machine learning algorithms,
have seen increased use in land cover studies [7, 8].

SVMs have been used recently to map urban areas at different
scales with different remotely sensed data. High or medium
spatial resolution images (e.g., IKONOS, Quickbird, Landsat
(TM)/ (ETM+), SPOT) have been widely employed on urban
land use classification for individual cities for ; building
extraction, road extraction and other man-made objects
extraction [9,10].
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Very important to know is that the consideration of the spatial
aspect in the spectral classification remains very important,
for this case, Haralick described methods for measuring
texture in gray-scale images, and statistics for quantifying
those textures. It is the hypothesis of this research that
Haralick’s Texture Features and statistics as defined for gray-
scale images can be modified to incorporate spectral
information.

It is shown that texture features can be used to classify general
classes of materials, and that Spectral Texture Features in
particular provide a clearer classification of land cover types
than purely spectral methods alone.

The proposed method consists of combining spatial and
spectral information to obtain a better classification. We start
with the extraction of spectral and spatial information
(Haralick texture features [11] and Hybrid Median Filter).
Then, we apply the SVM classification to the result file.

This paper is organized as follows. In the second section, we
discuss the extraction of spatial and spectral information
especially the Grey-Level Co-occurrence Matrix (GLCM) and
Haralick texture features, and the Hybrid Median Filter used
in experimentations. In section3, we give outlines on the used
classifier: Support Vector Machines (SVM). In section4 the
results are presented as well as the stating of numerical
evaluation. Finally, conclusions are given in section5.

2. EXTRACTION OF INFORMATION

2.1 Spectral information

The most used classification methods for the multispectral
data consider especially the spectral dimension. The set of
spectral values of each pixel is treated as a vector of attributes
which will be directly employed as entry of the classifier.
According to Fauvel [12] this allows a good classification
based on the spectral signature of each area. However, this
does not take into account the spatial information represented
by the various structures in the image.

2.2 Spatial information

2.2.1 Haralick Features

Many approaches were developed for texture analysis.
According to the processing algorithms, three major
categories, namely, structural, spectral, and statistical methods
are common ways for texture analysis. Grey-Level Co-
occurrence Matrix (GLCM) [13] is one of the most widely
used methods, which is a powerful technique for measuring
texture features; it contains the relative frequencies of the two
neighbouring pixels separated by a distance on the image.
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The size of the co-occurrence matrix equals to the number of
the image gray levels, also the dynamics of the image is
usually small (typically, 8 gray levels) in order not to work
with too large matrices.

Even small, a co-occurrence matrix represents a substantial
amount of data that is not easy to handle. This is why Haralick
uses these matrices to develop a number of spatial indices that
are easier to interpret.

Haralick assumed that the texture information is contained in
the co-occurrence matrix, and texture features are calculated
from it. A large number of textural features have been
proposed starting with the original fourteen features described
by Haralick [14], however only some of these features are in
wide use.

In this work, we have used these five features: homogeneity
(E), contrast (C), correlation (Cor), entropy (H) and local
homogeneity (LH), and co-occurrence matrices are calculated
for four directions: 0°, 45°, 90°and 135° degrees.

Let us recall their definitions:

E =ZZ(M(i. i)’ @
c =Sk SMG, j) @
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Cor = ZZ(I ) =M J) - G)
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Where L and O are the horizontal mean and the variance,

and 4;and O are the vertical statistics.

H =ZZM(i,j)I0g(M(i,j)) (4)
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Each texture measure can create a new band that can be
incorporated with spectral features for classification purposes.

2.2.2 Hybrid Median Filter

The hybrid median filter [15] is a modification of median
filter. This filter is also called as corner preserving median
filter that is a three-step ranking operation. In a 5X5 pixel
neighbourhood, as example, pixels can be ranked in two
different groups.
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Figl: 5X5 window for Hybrid median Filter
The median values of the 45° neighbours forming a “x”
(pixels marked as D in Figl) and the 90° neighbours forming
a “+” (pixels marked as R in Figl) are compared with the
central pixel and the median value of that set is then saved as
the new pixel value. The three-step ranking operation does not

impose a serious computational penalty as in the case of
median filter. Each of the ranking operations is for a much
smaller number of values than used in a square region of the
same size. For example, the 5 pixel wide neighbourhood used
in the examples contains either 25 (in the square
neighbourhood) which must be ranked in the traditional
method. In the hybrid method, each of the two groups
contains only 9 pixels, and the final comparison involves only
three values. Even with the additional logic and manipulation
of values, the hybrid method is faster than the conventional
median. This median filter overcomes the tendency of median
and truncated median filters to erase lines which are narrower
than the half width of the neighbourhood and to round
corners.

3. SVM CLASSIFICATION

In this section, we briefly describe the general mathematical
formulation of SVMs introduced by Vapnik [16, 17]. Starting
from the linearly separable case, optimal hyperplanes are
introduced. Then, the classification problem is modified to
handle non-linearly separable data and a brief description of
multiclass strategies is given.

3.1 Linear SVM

For a two-class problem in a n-dimensional space R", we
assume that I training samples x; € R", are available with their
corresponding labels yi = +1, S = {(xi, yi) | i€ [1, I]}. The
SVM method consists of finding the hyperplane that
maximizes the margin, i.e., the distance to the closest training
data points for both classes [18]. Noting w € R" as the normal
vector of the hyperplane and b € R as the bias, the hyperplane
H, is defined as:

<W,X>+b=0,VX€Hp (6)

Where (w,x) is the inner product between w and x. If
X & Hp then f(x) = <W, x> + b is the distance of x to Hp. The
sign of f corresponds to decision function y = sgn (f(x)).
Finally, the optimal hyperplane has to maximize the margin:
2/||W|| . This is equivalent to minimize ||W||/2 and leads to
the following quadratic optimization problem:

2

)
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For non-linearly separable data, the optimal parameters (w, b)
are found by solving:

2 |
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i=1

WX ) +b) 21-¢&,& >0 Vie[Ll]
®)

Where the constant C control the amount of penalty and fi

subject to y; ((

are slack variables which are introduced to deal with
misclassified samples. This optimization task can be solved
through its Lagrangian dual problem:
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The solution vector is a linear combination of some samples
of the training set, whose ¢; is non-zero, called Support

Vectors. The hyperplane decision function can thus be written
as:

|
Y, :sgn(z yiai<xu,xi>+bj (11)
i=1

Where x, is an unseen sample.

3.2 Non-Linear SVM

Using the Kernel Method, we can generalize SVMs to non-
linear decision functions. With this way, the classification
capability is improved. The idea is as follows. Via a non-

linear mapping®, data are mapped onto a higher
dimensional space F:

®:R">F
Xa D(x)

(12)

The SVM algorithm can now be simply considered with the
following training samples: ®(S) = {(D(x;), y) | i€ [1,
I1}. It leads to a new version of the hyperplane decision
function where the scalar product is now: <(D(Xi),CD(Xj)>-

Hopefully, for some kernels function k, the extra
computational cost is reduced to:

(@(x,), D(x;)) =k(x;,X;) (13)

The kernel function k should fulfill Mercers’ conditions.

With the use of kernels, it is possible to work implicitly in F
while all the computations are done in the input space. The
classical kernels used in remote sensing are the polynomial
kernel and the Gaussian radial basis function:

kpoly(xi ) Xj) = [(Xi : Xj ) +1]p (14)

X, — xjHZJ (15)

kgauss(xi ’ Xj) =exp l_ 7‘
3.3 Multiclass SVMs

SVMs are designed to solve binary problems where the class
labels can only take two values: +1. For a remote sensing
application, several classes are usually of interest. Various
approaches have been proposed to address this problem [19].

They usually combine a set of binary classifiers. Two main
approaches were originally proposed for a k-classes problem.

e  One versus the Rest: k binary classifiers are applied on
each class against the others. Each sample is assigned to
the class with the maximum output.

e  Pairwise Classification: k(k _1)/2 binary classifiers are

applied on each pair of classes. Each sample is assigned
to the class getting the highest number of votes. A vote
for a given class is defined as a classifier assigning the
pattern to that class.

4. EXPERIMENTAL RESULTS

4.1 Experiments and Data

The proposed workflow has two main tasks, we start with the
extraction of spectral information and spatial information and
then the result will be used as an input to SVM classifier.

To use jointly spatial and spectral information, we chose to go
through the definition of a kernel. In [20], several kernels are
proposed to include spatial information. The weighted sums
of kernels provide the best results for classification.

They also allow to control the influence of each type of
information:

k/,{ (X, y) = /ukspectral(x! y) + (1_ /u)kspalial(xl y)

with 0< <1
The parameter p will be chosen at the learning phase, it varied
in steps of 0.1. For simplicity and for illustrative purposes, p
was the same for all the classes in our experiments. The
penalization factor in the SVM was tuned in the range C =
{10%...107}.

We use a RBF kernel (15) (with 6 = {107%... 10°}) for the two
kernels. kSpectral uses a spectral information while K

(16)

spatial

uses Haralick features and Hybrid Median Filter.

The Hybrid Median Filter is calculated with three window
sizes 3X3, 5X5 and 7X7. So if we take the 5X5 window
represented in Figl as an example, first we find the median
MR of the pixels marked as R in Figl and the central pixel C
in this window, and then we find the median MD of the pixels
marked as D in Figl and the central pixel C in this window.

The median value of the result set is then saved as the new
pixel value, and it’s the same for other windows.

Concerning the data, we have used a multispectral satellite
image (Quickbird) represented in Fig 2 (a), with a size of 600
by 800 pixels; finally we will have for this image 4 131
individuals (pixels) for learning, 4 952 for validation and 480
000 for classification, divided on sex classes as follow (Table
1):
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Table 1. Different classes

Class Train Validation
o Class name

N samples samples
1 Asphalt 1386 978

2 Green area 480 1034

3 Tree 196 1154

4 Soil 813 954

5 Building 920 688

6 Shadow 336 144

4.2 The results

In this section, we present the obtained results, first, we
compute Grey Level Co-occurrence Matrix (GLCM) to
extract Haralick texture features that we add to spectral
information, thereafter, we use SVM for the classification of
the result file.

To the file that contains spectral and spatial information
obtained from the original image ((a) in Fig 2) we apply an
SVM classification with composite kernel (16).

The classification map presented on Fig 2 (b), is obtained
when the classification is performed using only spectral
information, and the classification map presented on Fig 2 (c),
is obtained when the classification is performed using spectral
information with Haralick features.

The fusion of spectral information and Hybrid Median Filter
with three window sizes 7X7, 5X5 and 3X3 give us
respectively the classification map (d), (e) and (f) presented
on Fig 2.

The results have progressed with the combined use of spectral
and spatial information. In addition, a visual analysis of the
classification maps shows those areas are more homogeneous
for the map obtained with the proposed SVM using spectral
and Haralick features.

The classification maps obtained by the fusion of the spectral
information and Hybrid Median Filter are less noisy and the
classification performances are increased globally as well as
almost all the classes.

In conclusion both of those methods matche well with an
urban land cover map in terms of smoothness of the classes;
and it also represents more connected classes mainly when
using 3X3 window in Hybrid Median, it gives us
approximately the same result when using Haralick Features
in terms of global accuracy. Table 2 lists the accuracy
estimates for the study area, all models are compared
numerically (overall accuracy).

Table 2. Overall accuracy (%) of classified image

Method Accuracy
SpectraiI-SVM 88.79%
(v=1)

§ Haralick Features 92.13%
wn - - - -
= Hybrlq Medlgn Filter with 3X3 92.08%
= pixel neighbourhood
& Hybrid Median Filter with 5X5
= . - 91.20%
< pixel neighbourhood
3 Hybrid Median Filter with 7X7 0
& pixel neighbourhood 90.62%

5. CONCLUSION

Addressing the classification of high resolution satellite
images from urban areas, we have presented a composite
kernel taking simultaneously the spectral and the spatial
information into account (the spectral values, Haralick
features and Hybrid Median Filter).

The two methods give us a significant improvement of the
classification performances when compared with the
classification using spectral information only, however it
remains to improve even more these results.
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