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Abstract: Multi-spectral satellite data provides the potential for mapping and monitoring development in urban
areas, but this would require the development and application of accurate techniques that will effectively extract
spatial information from remote sensing data sets. This work examines the efficiency of SVM-based kernels for the
quantification of the built environment from Landsat 7 imagery in Uyo metropolis, Nigeria. It is the first application
of the use of SVM to classify remotely sensed data for urban studies in Uyo metropolis. 29 training sample points
(pixels) representing urban areas was used for the signature development. Post-classification comparison was
adopted to examine the performance of the various kernel types and the result showed that Sigmoid Kernel
performed better than others in the quantification of built up areas. This SVM kernel trick has proved to be very
useful in segmenting built environment from multispectral satellite images.
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Introduction

The mapping and monitoring of the spatial
extent of the built environment, and associated
temporal changes, has important societal and
economic relevance (Goetz et al, 2003). Communities
all over the world need spatial data to plan for
expected future change and its impacts on
infrastructure, as well as the surrounding environment.
Multi-spectral satellite data provides the potential for
mapping and monitoring development in urban areas,
but this would require the development and
application of accurate techniques that will effectively
extract spatial information from remote sensing data
sets.

Remotely sensed images are attractive sources
for extracting land cover information because they
represent an important, cheap and no time consuming
font of data (Follador, et al, 2008), where an image
classification algorithm is employed to retrieve land
cover information (Debojit et al, 2011) but the
classification of optical urban remote-sensing data has
remain a challenging problem. Classifying urban areas
in remotely sensed imageries is challenging because
of the heterogeneous nature of the urban landscape
resulting in mixed pixels and classes with highly
variable spectral ranges (Wentz et al, 2010) and
besides few classification algorithms exploit the
spatial information contained in the remote- sensing
data, the reason being the usually low resolution of the
data (Fauvel, 2007). Different methods have been
used for the classification of remote sensing
multispectral images (see e.g. Goetz et al, 2003; Shafri
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et al, 2007; Ndehedehe et al, 2013a & ¢; Mmom and
Fred-Nwagwu, 2013).

In order to enhance the level of accuracy in
classifying the built environment, researchers and
urban planners have continued to seek new
mathematical models that can effectively quantify
urban regions from multi spectral remote sensing
image. Support Vector Machines (SVMs) were
developed to solve classification problems (Goetz et
al, 2003) and they are gaining popularity due to many
attractive  features, and promising empirical
performance (Gunn, 1998). Over the years, it has
proved undoubtedly to be one of the best-known
methods to deal with the problem of both high-
dimensional data and a limited training set (Vapnik,
1998 & Vapnik, 1999). SVMs are modern learning
systems that deliver state-of-the-art performance in
real world pattern recognition and data mining
applications such as text categorization, hand-written
character recognition, image classification and
bioinformatics (Keerthi et al, 2006). SVMs have also
been successful in dealing with situations in which
there are many more variables than observations, and
complexly structured data.

SVM first application in the region (Nigeria)
was in modeling urban expansion in Lagos, Nigeria
(Okwuashi, 2011). The research explored for the first
time the use of the SVM-based model to calibrate a
Cellular Automata model. The result showed that the
use of kernel functions to overcome the problem of
curse of dimensionality was a major advantage and
that the predicted SVM results were better than those
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of the other unconventional methods. The satisfactory
results from the SVM model showed that SVMs
remain promising tools for modelling land use change
of cities within the region that share similar
characteristics. Several urban studies and land cover
mapping carried out in Uyo metropolis, Nigeria have
explored other supervised learning algorithms and
unsupervised models and no mention made of SVM
(Asuquo, 2011; Ndehedehe et al, 2013b; Ekpenyong,
2013).

This study is the first attempt of the
application of SVM method in the quantification of
the built environment in Uyo metropolis. It takes
advantage on the robustness of this model to extract
urban characteristics from a feature space using the
various SVM-based kernels. Since SVM has proved to
be better than conventional classifiers (Gualtieri, and
Chettri 2000; Fauvel, 2007) and other unconventional
methods (Okwuashi, 2011), the study takes a look at
the performance of the different SVM kernel types
adopted in the classification process for the study area.
It is believed that SVM will produce reliable
classification results that will give a boost to planning
and development and will transform the present
prevailing spontaneous planning to proactive and
sustainable planning in the region. It will give more
strength to further urban studies and researches on
land use change in the study area. This work examines
the efficiency of SVM-based kernels for the
quantification of the built environment from Landsat 7
imagery in Uyo metropolis. It is the first application of
the use of SVM to classify remotely sensed data for
urban studies in Uyo metropolis. Here pixel based
classification is applied to classify built up areas using
a carefully-extracted training sample as a spectral
signature of the specified region of interest. The SVM
kernel type implementation was software-based and
the results were validated using Orthophoto-derived
vector of the study area.

The study is organized as follows; in Section
2, the basics of the support vector machines and the
different kernel types are presented. Section 3 focuses
on the study area and outline of the data and method
incorporating the data preparation and analysis;
section 4 is the discussion of results.

2.0 Principles of Support Vector Machines

Within the framework of the Statistical Learning
Theory Vapnik and co-workers developed a new kind
of classifiers, known as the Support Vector Machines
(Vapnik, 1998). The support vector machine (SVM)
represents a group of theoretically superior machine
learning algorithms that employs optimization
algorithms to locate the optimal boundaries between
classes (Huang et al, 2002). They belong to the family
of classification algorithms that solve a supervised
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learning problem (Fauvel, 2007) and also known as
non-parametric  statistical ~ learning  technique
(Mountrakis et al, 2011). The mathematical
formulation of SVM has already been detailed (see
e.g. Vapnik 1995, 1998, Burges 1998) and so the basic
principles are highlighted here and its implementation
in Object Based Image Analysis is evaluated.
Consider a supervised binary classification problem

with the training data represented by {xirFi }, i=1,
2......Nand y; € {—1,+1}, where N is the number
of training samples, y, = +1 for class w; and

¥;

—1 for class w,. Suppose the two classes are

linearly separable. This means that it is possible to

find at least one hyperplane defined by a vector wwith

a bias wy, which can separate the classes without error:
Sx)=wx+w, (1)

in locating this hyperplane, w and wy, should be

estimated in a way that yi[wxi + wy = +1 for

}i".

;= +1 for class w, v,(wx; + wy) > -1 for

¥; —1 for class Combining these 2

i w2,

expressions we have equation 2 as:
i (wax+wy)-120 2)

Many hyperplanes can be considered in the separation
of the two classes but there is only one optimal
hyperplane that is expected to generalize better than
other hyperplanes (see Figure 1). A separating
hyperplane refers to a plane in a multi-dimensional
space that separates the data samples of two classes.
The optimal separating hyperplane is the separating
hyperplane that maximizes the margin from closest
data points to the plane (Huang et al, 2002).

SVMs employ the principle of Structural Risk
Minimization (SRM), which makes them robust and
independent of underlying data distributions
(Joachims, 1999). The goal of SRM is to search for
the hyperplane that leaves the maximum margin
between classes. In order to find this optimal
hyperplane, the support vectors must be defined. The
support vectors lie on two hyperplanes which are
parallel to the optimal and are given by:

W, wy==1 3)

From figure 1.0 the unique hyperplane that
has a maximum margin to separate the data is given
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as O . Hyperplane H , separates class -1 while

H , separates class +1. The three points of -1 and two
points of +1 in the rectangles located on hyperplanes

H, and H, are called “support vectors”. In reality

an infinite number of hyperplanes can be used to
separate the data.
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Figure 1.0 Hyperplane with the m / separation fq Lsar data. Adapted from Okwuashi (2011, p. 39)
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Figure 2. The separating linear hyperplanes for a linea

r data. Adapted from Okwuashi (2011, p. 40)

In figure 2, support vectors are the vectors that are non-zero that are defined by either hyperplane w- x, + b=-1
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Support Vectors that are in class -1 or hyperplane w- x; + b = +1 for support vectors that are in class +1.

The hyperplane H satisfies the linear classifier w- x, + b = 0. Other correctly classified points of -1 and +1 satisfy
WX, +b<—1 and w- X; +b >1 respectively. The distance from the origin to hyperplane H is ‘%"H . The

maximum separation of %WH is required for a binary separation; b is a scalar; while W is a vector (see details in
Okwuashi, 2011; Ivanciuc, 2007).

2.1 Support Vector Machine Kernel Types

SVMs are the most well-known class of algorithms which use the idea of kernel substitution which is referred to
as kernel types in this paper. When using SVM for classification, it is important to understand how it works. In the
course of training an SVM the practitioner needs to make a number of decisions ranging from how to preprocess the
data, what kernel to use, and finally, setting the parameters of the SVM and the kernel. Some common examples of
SVM kernel types are:
v’ Linear x-v
v Polynomial (r +x-v) ¢, for somer>0,d>0
v Radial Basis Function exp—y|jx—v|*, y>0
v’ Gaussian  exp (-1/ 26°|x—v|]")
Briefly two known categories of SVM are mentioned in this work. They are linear and nonlinear classifiers.

2.1.1 Linear classifiers

Support vector machines are an example of a linear two-class classifier. One advantage of linear classifiers is
that they often have simple training algorithms that scale well with the number of examples (Hastie et al, 2001 and
Bishop, 2007).

2.1.2 Non Linear classifiers

The idea of linear SVM is extended to the nonlinear case when a linear classifier is not appropriate for the data
set. The concept behind nonlinear SVM is to find an optimal separating hyperplane in high-dimensional feature
space H just as we did for the linear SVM in input space (see figure 2). Examples of the nonlinear case include
Polynomial, Radial Basis Function, and Sigmoid etc. In many applications a non-linear classifier provides better
accuracy.

3.0 Study Area

The study area is a Metropolis (Uyo Metropolis) that lies within latitudes 4°56' 30" N and 5° 07' 40 N, and
longitudes 7° 49' 50" E and 8° 01' 00” E and is situated about 55 km inland from the coastal plain of South-Eastern
Nigeria. The present area of Uyo Metropolis (see figure I) is the capital of Akwa Ibom State of Nigeria and is about
312.6 Sq. km with a population of about 400,000 while the entire state has a population of 3.9 million. The 1991
national population census puts Uyo population density of about 1,500 people per 1 Square kilometer. Uyo local
Government Area (LGA) is originally a collection of villages, now almost seamlessly joined together to form the
conurbation that it is today. A nucleated settlement pattern is exhibited in the area (Ndehedehe et al, 2013). Uyo
Metropolis falls within the tropical zone with a dominant vegetation of green foliage of trees, shrubs and oil palm
trees.
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3.1 Data and Method

The main focus of this study is the quantification of exact pixels representing built environment from
multispectral Landsat- based imagery. An impervious surface map of the study area with very high accuracy was
previously produced for this purpose. Sub-pixel estimation of Impervious Surface Areas (ISA) is done by first using
the high resolution data (Orthophoto) to calculate the proportional impervious cover for the specified region of
interest. Regions of Interest (ROIs) were also used to extract statistics and average spectra from groups of pixels. I
created the ROIs of pixels and then examined and extracted statistics of the selected ROIs. Post-classification
comparison will be adopted to examine the performance of the SVM kernel types in the quantification of urban
areas in Uyo metropolis.

3.2 Data Preparation

In the present study, a processed geo-referenced remotely sensed data was used as a base for image
registration. The image used for the study was extracted from Landsat 7 imagery of 2000. The image obtained was
made up of three bands, viz., Band 2 (visible), Band 4, and Band 7 (infrared) which were used to create a False
Colour Composite (FCC). The choice of this FCC combination is because the combination provides a "natural-like"
rendition, while also penetrating atmospheric particles and smoke (Ndehedehe et al, 2013b). This combination
brings out urban areas in varying shades of magenta (figure 2b). Pattern recognition helps in finding meaningful
patterns in data (Ndehedehe et al, 2013b). Spectral pattern recognition can be improved through Digital image
processing as mentioned earlier. The RGB (Red, Green and Blue) composite of band 742 was used for the
classification in ENVI 4.7. Figure 2 (a) is an Orthophoto extraction of the study area while Figure 2 (b) is the
Landsat 7 RGB composite of the study area.

(a)

(b)

Bk, W
“ .J" -
4,

o

o

;iﬁ;.r.

L
L

Figure 2 (a) Extracted Orthophoto and (b) the Landsat 7 RGB composite of the study area
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3.3 Data Analysis

In this study, the classified data using various SVM kernel types were vectorised and compared with the
existing vector map of the same location using a GIS approach. The class statistics of the kernel methods used was
extracted from ENVI 4.7 after the classification.

4.0 Results

The post classification results of the built up pixels from the 4 kernel types is indicated in Table 1. While
the vectorised impervious surface maps of the study area using SVM kernel types are shown in figure 4. A classified
map of the study area using the proposed SVM kernel types with the segmented map of two most performing kernel
types is shown in Figure 3.

Table 1.0 Classification Results from Multi-Spectral Image

Classified Urban Referenced Urban
Kernel Types Training | Extracted Segments in Hectares Percentage of Segments in Hectares
Pixels Pixels (Buildings and Road Study Area (%) (Building Polygons
Polygons) only)

Polynomial 29 28,371 1534.99 17.73 391.33
Radial  Basis
Function 29 30,256 1516.14 18.91 391.33
(RBF)
Sigmoid 29 20,135 986.23 12.58 391.33
Linear 29 31,536 1536.20 19.71 391.33
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Radial Basis Function (RBF) Sigmoid Segmented Sigmoid map
Figure 3: Classified Maps of the Study Area Using the Proposed 4 SVM Kernel Types Built Up Area

4.1 Discussion of Results

The extracted pixels from the regions of interest was examined and used for the classification of the
imagery into five different classes. A total of 160,000 points representing five different land use classes were
sampled for the study while the training samples used for the signature development for this study was a total of 117
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randomly selected points (pixels) with 29 points representing urban areas. The previously produced impervious
surface vector map sampled from a section of Uyo metropolis showed that, the total area of built up environment is
391. 33 Hectares, this area represents the building polygons only while the areas extracted by the proposed SVM
Kernel methods are the impervious surface which includes building polygons and roads. The classification results of
the 4 kernel types are shown in Figure 3. The classified urban segments of the various kernel types were compared
with previously digitized vector of a section of the study area. The sigmoid kernel was the best because it extracted
urban segment that was closer in terms of area and shape to the previously produced impervious surface vector from
the Orthophoto (see table 1.0 and figures 3.0 and 4.0). Nevertheless the performance of the other 3 kernels is

data (not shown).
- *

£

Figure 4: Vectorised Impervious Surface Maps of the Study Area Using 4 SVM Kernel Types

Conclusions

This paper looks into the performance of 4 SVM
kernel types in the extraction of built up areas from
multispectral remote sensing data. The classified
urban segments of the various kernel types were
compared with previously digitized vector of a section
of the study area. The sigmoid kernel performed better
than others in the quantification of built up areas.
Nevertheless the polynomial, linear and RBF kernels
had a good agreement with the ground truth data. The
SVM Sigmoid kernel trick has proved to be very
useful in segmenting built environment from
multispectral satellite images.

References
1. Asuquo, I. M. 2011: Land use change detection
of Uyo, Nigeria using remote sensing and GIS,
(Unpublished M.Sc thesis).University of Lagos,
Akoka, Nigeria.
2. Bishop, C.M. 2007: Pattern Recognition and
Machine Learning. Springer, 2007.

111

Burges, C. J. C., 1998: 4 tutorial on support
vector machines for pattern recognition. Data
Mining and Knowledge Discovery, 2, 121-167.
Cortes, C., & Vapnik, V. 1995: Support vector
networks. Machine Learning 20(3), 273-297.

C. Huang, L. S. Davis and J. R. G. Townshend
2002: An assessment of support vector machines
for land cover classification, int. j. remote
sensing, vol. 23, no. 4, 725-749.

Debojit, Biswas Jain Hitesh, Arora Manoj K,
Balasubramanian R 2011:  Study and
Implementation of a Non-Linear Support Vector
Machine Classifier. International Journal of
Earth Sciences and Engineering ISSN 0974-
5904, Volume 04, No 06 SPL, October 2011, pp.
985- 988.

Ekpenyong, R.E. 2013 An Assessment of Land
Cover Change and Erosion risk in Akwa Ibom
State of Nigeria using the Co- ordination of
information on the Environment (CORINE)
methodology, Greener Journal of Physical



Researcher 2014;6(2)

http://www.sciencepub.net/researcher

10.

11.

12.

13.

14.

15.

16.

17.

Sciences, Vol. 3 (3), pp. 076-089, ISSN: 2276-
7851.

Follador, M., N. Villa, M. Paegelow, F. Renno,
R. Bruno 2008: Tropical Deforestation
Modelling: A Comparative Analysis Of Different
Predictive Approaches. The Case Study Of
Peten, Guatemala. "Modelling Environmental
Dynamics, page 77- 108" DOI : 10.1007/978-3-
540-68498-5 3

Fauvel, M. 2007: Spectral and Spatial Methods
for the Classification of Urban Remote Sensing
Data. Doctoral Thesis, Grenoble Institute of
Technology Faculty of Engineering - University
of Iceland.

Goetz, Scott J. A. J. Smith, C. Jantz, R. K.
Wright, S. D. Prince, M. E. Mazzacato, B.
Melchior (2003) Monitoring and Predicting
Urban Land Use Change Applications of Multi-
Resolution  Multi-Temporal  Satellite  data.
Technical Report.

Gualtieri, J. A. and Chettri, S. 2000. Support
vector machines for classification  of
hyperspectral data. In Proc. IEEE International
Geoscience and Remote Sensing Symposium,
volume 2. IGARSS *00. Proceedings, July 2000.
Gunn, S. R. (1998) Support Vector Machines for
Classification and Regression. Technical Report,
Faculty of Engineering, Science and
Mathematics School of Electronics and
Computer Science

Hastie, T., Tibshirani, R. and Friedman, J.H.
2001: The Elements of Statistical Learning.
Springer.

Ivanciuc, O. 2007): Applications of support
vector machines in Chemistry. In K. Lipkowitz,
& T. Cundari (Eds.), Reviews in computational
chemistry (pp. 291-400). Texas, TX: Wiley-
VCH, John Wiley & sons, Inc.

Joachims, T. 1999: Making large-scale SVM
learning practical. ITn B. SchOlkopf, C. J. C.
Burges, & A. J. Smola (Eds.), Advances in
kernel methods - support vector learning (pp.
169-184). Cambridge, MA: MIT Press.

Keerthi, S. Sathiya, Olivier Chapelle, Dennis
DeCoste  2006:  Building Support Vector
Machines with Reduced Classifier Complexity.
Journal of Machine Learning Research 7 (2006)
1493-1515.

Mmom, P.C. & Fred-Nwagwu, F. W. 2013:
Analysis of Landuse and Landcover Change
around the City of Port Harcourt, Nigeria.

2/8/2014

112

19.

20.
21.

22,

23.

24.

25.

26.

27.

Global Advanced Research Journal of
Geography and Regional Planning (ISSN: 2315-
5018) Vol. 2(5) pp- 076-086.
http://garj.org/garjgrp/index.htm. Copyright ©
2013 Global Advanced Research Journals

. Mountrakis, Giorgos., jungho Im and Caesar

Ogole 2011: Support vector machines in remote
sensing: a review. ISPRS journal of
photogrammetry and remote sensing, 66(2011)
247-259.
Ndehedehe, C., Ekpa, A., Ogunlade, S. & Nse,
0. 2013a: Understanding the Neural Network
Technique for Classification of Remote Sensing
Data Sets. New York Science Journal 2013;
6(8):26-33, ISSN: 1554-0200.
http://www.sciencepub.net/newyork 5
Ndehedehe, C. E., Oludiji, S. M. & Asuquo, L
M. 2013b: Supervised Learning Methods in the
Mapping of Built Up Areas from Landsat-Based
Satellite Imagery in Part of Uyo Metropolis. N'Y
Sci J 2013; 6(9):45-52. (ISSN: 1554-0200).
http://www.sciencepub.net/newyork7.
Ndehedehe C. E., Awange, J. L., Oludiji, S. M.,
Kiema, J. B. and Odhiambo, G. O. 2013c:
Evaluating the Performance of Iterative Self-
Organising Data Analysis Techniques in Land
Cover Mapping of Part of Uyo Metropolis,
Nigeria.. IEEE Journal of Selected Topics in
Applied Earth Observations and Remote Sensing
(JSTARS). Under review
Shafri, H. M., Suhaili, A. and Mansor, S. 2007
The Performance of Maximum Likelihood,
Spectral Angle Mapper, Neural Network and
Decision Tree Classifiers in Hyperspectral
Image Analysis. Journal of Computer Science 3
(6): 419-423, 2007 ISSN 1549-3636 © 2007
Science Publications.
V.N. Vapnik 1995: The Nature of Statistical
Learning theory, Springer Verlag, New York,
1995.
Vapnik, V. 1998: Statistical Learning Theory.
Wiley, New York,
Vapnik, V 1999. The Nature of Statistical
Learning Theory, Second Edition. Springer,
New York.
Wentz, E. A., Stefanov, W., Gries, 1. And Hope,
D., 2006: Land use and land cover mapping
from diverse data sources for an arid urban
environments. Computers Environment and
Urban Systems 30.3 (2006): 320-346.




