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Abstract—Several regions around the World are currently
undergoing rapid, wide-ranging changes in land cover due to
human activities and natural events. These changes can have
significant effect on regional and even global climate change. In
this paper, focus is on urbanization in South Africa. A Post-
Classification approach is employed to detect land cover changes
on a specific area from a time series of satellite images. Variance
in spatial resolution and radiometric resolution between images
was taken into account using radiometric normalization and
geometric registration. Maximum Likelihood, Neural Network,
Decision tree, K-means clustering and Multi-Support Vector
Machine methods were used to distinguish between the different
land cover classes. All land cover class proportions are quantified
in every image and this is used to monitor the change over time.
For the classification using the Multi-Support Vector Machine
method yielded the best classification success rate of 8§0.91%. The
Maximum Likelihood and Neural Network methods produced
80.45% and 79.09%, respectively.

I. INTRODUCTION

There are various types of imagery produced by a number
of different satellites. SPOT, QuickBird, GeoEye-1, RapidEye
and Landsat are the most commonly known satellites.
Each of these satellites produce imagery that contain
different image resolutions and auxiliary data. These images
comprise of different bands, each on a set wavelength. In the
classification process, different combinations of these bands
are used to detect certain types of land cover classes. These
satellite imagery all have one common aspect to them, the
access to this imagery is fairly difficult from the relevant
organizations that run these satellites. There exist various
land cover classification programs, most commonly known
is ArcGis, which uses Maximum likelihood, unsupervised
Clustering and Principal Components as possible classification
techniques. There has not been much research into land cover
classification of True Color Satellite imagery with no auxiliary
data. This process involves using only three bands of the
visual spectrum comprised in the image, red, green and
blue components, to classify the images through various
techniques and detect the corresponding change.

This paper firstly provides a summary of the back ground

and related work. The Methods and Techniques are described
next, covering the preprocessing, classification and change
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detection methods. Finally the results are presented and dis-
cussed.

II. RELATED WORKS

There has been much research on the various change
detection methods on different remotely sensed imagery.
Selcuk Reis [12] Geo-referenced the images to the map
of the research area , radiometric corrections were carried
out by the dataset providers and the Supervised Maximum
Likelihood method was used for classification. A 85.75%
average classification success rate was achieved. This is
higher than the result produced in this paper because of
the larger testing set. The difficulties experienced stemmed
from mountainous and sloping research area, noise induced
by negative climate conditions and the complexity of the
vegetation.

Jin Chen et al.[11] proposed a new method to improve
Change Vector Analysis (CVA) in Change Detection. It
attempts to determine the optimal thresholds for change
detection which is the short fall of the CVA method. The
process of empirically determining the threshold of change
is replaced by the Double-Window Flexible Pace Search
(DFPS) algorithm. The algorithm searches for the optimal
threshold from training samples that leads to the maximum
change detection accuracy.

Florian Sallabai [24] also utilized the Supervised Maximum
Likelihood method to perform Post-Classification Change
Detection and contained a number of preprocessing methods.
Geometric registration was achieved by using the UTM
projection. Normalization of different sun angle and solar
radiance between images was achieved by calculating the Top
of Atmosphere Reflectance. Spectral Radiance was used to
place the images onto the same radiometric scale and cloud
contaminated pixels were excluded. The results showed that
the change detection suffered due to the research area being
small-structured and heterogeneous.

Rupinder and Smriti Sehgal [19] compare the K-means
and Back Propagation Neural Network (BPNN) methods on
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a Pixel Based Classification of remotely sensed images. The
two methods were performed on the same remotely sensed
image. The classification success rate clearly shows the BPNN
out performing the K-means producing 80.5% and 63.3%,
respectively.

III. METHODOLOGY AND DESIGN
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Fig. 1. Overview of the System

Figure 1 provides an overview of the system. The system is
broken down into three steps, image preprocessing, classifica-
tion and change detection. The image preprocessing and clas-
sification are implemented on both images. The preprocessing
is divided into the following processes, Image-to-Image Reg-
istration, Histogram Equalization, Histogram Matching and
Filtering. The classification consists of a number of meth-
ods, Maximum likelihood, Multi-Support Vector Machine, K-
Means Clustering, Decision Tree and Neural Network meth-
ods. The change detection consists of simply quantifying the
classification results.

A. Image Preprocessing

Image preprocessing consists of methods that will aid the
classification process, removing any noise that will hamper the
classification. Image-to-Image Registration must take place to
ensure the pixels of both images correlate to one another. The
three other methods are image enhancement and noise removal
techniques.

ISBN: 978-1-61804-215-6

1) Image-to-Image Registration: An Image-to-Image Reg-
istration is used whereby the one image is set as the reference
image and the other input image is to be registered to the ref-
erence image. The method used to detect features was SURF
(Speeded Up Robust Features) to detect scale and rotation-
invariant points in both the images. The extracted feature
vectors and relevant locations were stored. These extracted
features were then matched between the two images. Using
the locations of the feature vectors a geometric transformation
matrix was produced between the matched features. This
geometric transformation matrix is applied to the whole image
and produces a image that is registered to the reference image.

2) Histogram Equalization: This method transforms the
histogram of the image in an effort to enhance contrast. Once
Histogram Equalization has taken place, the intensities will
be better distributed on the histogram. A gray scale image G
is represented by an MxN matrix of pixel intensity values.
The intensity values ranging from 0 to L-1. Let p denote the
normalized histogram of G as follows

no. of pixels with intensity n
total no. of pixels

P, = n=0,..,L-1 (1
The P, is used to create a mapping function for the pixel
intensities, T,
K
T(k) = (L —1)(>_ P.) K=0,..L-1 2)
n=0

The intensity value K will be mapped to T(K) in the outputted
image. The dataset consists of images that contain three bands
and thus this process will have to be performed on each band.
An example can be seen in Figure 2.

3) Histogram Matching: This method is the process of
matching a histogram to a reference histogram. Using equa-
tions (1) and (2) to produce P1,, and T1(k) for the original his-
togram, PR,, and TR(j) for the reference histogram. Suppose
the mapping functions for both histograms produced arbitrary
values a and b, T(k) = a and TR(kl) = b. The histogram
matching utilizes a reverse mapping such that when a=b (or
nearest value) the value k in the original histogram is mapped
to k1. This process will be applied to all three bands of the
image.

4) Filtering: Filtering is a method to reduce noise in an
image. It uses a 2D matrix (known as a sliding window) that
scans through the image performing different mathematical
calculations on this window of values and replaces the center
value in the image. There are different forms of this method
but they all strive to accomplish a common goal, reducing the
intensity variation amongst pixels. Median filter (median of
the sliding window), Mean filter (mean of sliding window)
and Gaussian filter (uses a Gaussian function to set values
of the sliding window and performs the sum of products) are
amongst the most common filters used.

B. Classification

Classification methods can be of two types, supervised
and non-supervised. With supervised classification, training
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Fig. 2. (a) Histogram of Original image. (b) Transformed Histogram. (c) Original Image. (d) Resulting Image from Histogram Equalization of c.

data will have to be entered into the system to train the
classifier. The number of classes and class names should be
finalized before the classification process begins. The training
data consists of the feature vectors of the image and the
corresponding class labels. The non-supervised classifier just
uses the feature vectors to classify the image into the different
land cover classes. Once the pixel values are classified into the
classes, a new image will be created displaying the classified
pixels, each class will have a corresponding color. The images
consist of a feature vector for every pixel as follows

Fy(i,j) =A{r,g.b} 3)

where i1 and j are co-ordinate values and r,g and b are the
values from each corresponding band.

1) Maximum Likelihood: The Maximum Likelihood Clas-
sifier is a statistical based supervised classification method. It
is derived from the Bayes Theorem and calculates a posteriori
distribution known as P(k|F,). This is the probability that a
pixel with feature vector F), belongs to class k, this calculation
is given by:

P(F, k) P(k)

P(kIF) = =50

“4)
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The likelihood function is P(F,| k), P(k) is the probability
that the class k occurs in the data used and P(F),) is the
probability that the feature vector has been observed which
can be calculated using the following:

P(F,) =Y P(F,|k)P(k) )
k=1

L is the total number of classes. The whole image is traversed
pixel by pixel and the pixel is assigned to class k by the
following rule:

ifP(k|F,) > P(j|F,) for all j # k (6)

For every pixel the probability will be calculated for each class
and the one with the highest probability will be the class the
pixel is assigned to.

2) Multi-Support Vector Machines: Support Vector ma-
chine (SVM) is a supervised learning model used in machine
learning often to perform classification. The SVM classifies
data into only two classes by finding the best hyperplane to
separate them. An equation for a hyperplane is

<w,x>+b=0 @)
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where < w,x > is the inner product of w and x. w is an
element of R? where d is the dimension of the input vectors.
Since the data can possibly be non separable, a soft margin is
employed, the hyperplane will separate a good percentage of
samples but not all. The soft margin implementation utilizes
slack variables s; and a penalty parameter C as follows

. 1
mmw,b,s(i < w,w > —&—C’Zsi) )
Subject to
yi(<w,z; > +b) > 1 —s; )
8,20 (10)

This method is used for classification when only two classes
are involved, in regards to land cover classes there are
usually more than two classes. To use the SVM a simple
transformation from the n dimensional class space to a two
dimensional class space is performed. The method consists of
making a SVM for each class versus the rest of the classes
(combining the rest of the classes into one class to make the
class space two dimensional), to produce the Multi-Support
Vector Machine. The classification process consists of the
feature vector of each sample (a pixel) being inputed into each
SVM and which ever SVM returns the best margin from the
hyperplane, the sample is assigned to that class.

3) Decision Tree: A decision tree is a method that consists
of various ways of splitting a dataset into segments (branches).
These branches form an inverted tree, with the root located at
the top. This method can be used in classification and the leaf
nodes of the decision tree will represent assignment to the land
cover classes. A feature vector will start at the root and pass
various decisions (branches) until it reaches a leaf node and
it will be classified into that land cover class. This method
also requires training data to learn how to split the data. An
example is shown in Figure 3, five land cover classes were
used and values at the leaf nodes will be rounded off to the
nearest integer (1.364 = 1, This will represent assignment to
class 1).

V1251505
V3<]245 V3<[78 5
=
1079 2034 Vis+110
V2<82.5
a105 3087 3143 4531

Fig. 3. Example of a Decision Tree, Input Feature Vector {V1 ,V2, V3}

4) K-means Clustering: This non-supervised classifier clus-
ters the data by separating samples into K clusters to some
objective function. This method requires a number of clusters
to be specified which will be our land cover classes. The
objective function used was a squared error function. For the
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dataset X, centroid C of a cluster is calculated as follows

J(X,0) =" mingpo(z; —p 7)) AD
=0

Basic steps involved:

1) Initialize the centroids of all clusters.

2) Assign each sample to the cluster (class) that has the
nearest centroid.

3) When all the samples have been assigned to a cluster
(class), the centroids of the cluster need to be recalcu-
lated.

4) Repeat steps 2 and 3 until no change occurs in the
centroid values. This creates clusters where by the metric
to be minimized can be calculated.

5) Neural Network: Neural Networks are models build
based on the central nervous system (typically the brain) that
are capable of machine learning. These models are comprised
of a large number of interconnected neurons working together
to solve specific problems. In this paper the multilayer percep-
tron (MPL) neural network model is used. This is a supervised
model which requires a desired output to learn. The MPL
consists of an input layer of nodes, one or more hidden layers
of nodes and output layer of nodes. The input passes through
all the hidden layers to produce an output. The calculation of
a two layer MPL is as follows

x=f(s)=BH(As+a)+b (12)

Where x is the vector output and s the vector of inputs. A
and B are the matrix of weights for the first and second layer.
a and b are the bias vector for first and second layer. H is
the activation function. The data flows through the hidden
layers where they get summed and processed by the activation
function. With each transfer to a different layer the data
gets multiplied by the interconnection weights. The learning
process is where by data goes through the MLP, the output
gets compared to the required output, an error calculation is
performed and the weights are adjusted as seen in Figure 4.

Adjust
Weights

Fe={122,150,130} —m

MLP

¥

Class =1

Desired output

Fig. 4. Example of a MLP learning process

C. Change Detection

The Change Detection is the process of quantifying the
results of the classification process. In each image the land
cover proportions will be quantified, providing us with the
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amount (in percentage) of each class in that image. The
percentages can be compared directly or graphed to detect
the change happening over time in the land cover classes. The
classified images are also displayed and the change can be
detected visually.

IV. RESULTS AND DISCUSSION

The change detection accuracy is directly proportional to
the classification accuracy rate. Due to this, the classification
results are compared and a change detection example is
examined thereafter.

A. Classification Rate

The images used to test these methods are of Amanzimtoti,
Durban, South Africa. These images are from Google Earth
and were acquired in 2008 and 2011. A testing set and training
set were abstracted from the images with the relevant land
cover class labels. For this specific image, five land cover
classes were selected as follows

1) Bare soil

2) Urban area

3) Evergreen and forests

4) Grass land

5) Roads and railways
The following confusion matrices and classification rates were
produced for the Maximum Likelihood (ML), Decision Tree
(DT), Multi-Support Vector Machine (MSVM) and Neural Net
(NN) methods. The results in the matrices are represented in
percentages.

21.36 2.27 0 0 0.45

1.8 13.18 0 1.36 1.8

ML = 0 0 23.63 227 1.36
0 2.27 0 11.81 2.7

0 3.18 0 0 10.45

Classification rate is: 80.45%

18.18 0.91 0 0 5

3.18 8.63 0 4.09 2.27
DT = 0 0 19.09 8.18 0
0 0 0 4.09 12.72
0.45 0 0 8.18 5
Classification rate is: 55%
21.82 0 0 0.45 1.8
27 818 091 045 5.91
MSVM = 0 0 19.09 3.18 0.45
0 0 0 15.45 1.36
0 0.91 0 0.91 11.81
Classification rate is: 80.91%
2227 0 0 0.45 1.36
4.09 8.64 0 091 454
NN = 0 0 21.82 2.7 2.7
0 0 0 12.72  4.09
0 0 0 0 13.63
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Classification rate is: 79.09%

Method Y%
Maximum Likelihood 80.45
Decision Tree 55
Multi-Support Vector Machine | 80.91
Neural Net 79.09

Table 1 Classification Success rate of methods.

Table 1 shows that the decision tree performs poorly and it
suffers because the data can not be sequentially split up into
the classes. The Maximum likelihood, Multi-Support Vector
Machine and Neural Net methods perform well at an 80%
average between them.

The sub images in Figure 5 show that even though the
Maximum Likelihood method has given a classification rate
of 80.45%, the results seem better in the Neural Net classified
image which has a 79.09% rate. It is also so for the Multi-
Support Vector Machine, visually the Neural Net out performs
both the Maximum Likelihood and the Multi-Support Vector
Machine methods. The K-means Clustering method is used
to classify the same image, Figure 6 shows that the method
performs poorly.

(b)

Fig. 6. (a) Original Image. (b) K-means method classified image a.

The graphical visualization of the classification in Figure 7
shows the limitations of the K-means method. The five clusters
can be seen quite distinctively responding to the five classes in
Figure 7 (a). They are grouped down the diagonal because of
the distance measure used to create the clusters. The graph in
Figure 7 (b) corresponds to the Maximum Likelihood method
and the benefits are evident. In the RGB feature space the
method allows classification of two classes to be parallel
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Fig. 5. (a) Original Image. (b) Maximum Likelihood method. (c) Multi-Support Vector Machine method. (d) Neural Net method.

on the diagonal. It allows a sample to classified to a class
without necessarily being in the neighborhood of the rest of
the samples of that class.

B. Change Detection in Amanzimtoti

The area in Amanzimtoti was chosen because of recent
developments in the small town. A golf course and surrounding
areas were cleared to introduce two shopping malls and also
the business park near by where development is ongoing.
Evaluation of the systems potential to detect the change that is
occurring in this area is performed. The resulting classification
process using a Neural Network Model can be seen in Figure
8.

There is quite a lot of change happening and the system
detects the overall change quite well as seen in Table 2.
The shopping centers and adjacent roads can be seen visually
occupying the bare soil over time. This is present in the system
with bare soil decreasing from 10% to 1%, Urban/Residential
increasing from 8% to 10% and Roads & Railways increasing
from 35% to 41% in the period from 2008 to 2011.
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Year | Year

2008 | 2011
Land Cover Class % %
Bare Soil 10 1
Urban/Residential 8 10
Evergreen/Forestry 27 14
Grass Land 18 32
Roads and Railways | 35 41

Table 2 Comparison of 2008 to 2011 Amanzimtoti
Quantified Land Cover Classes.

V. CONCLUSION

This paper has compared a number of classification methods
and produced competitive results compared to ones found
in literature. Most notable result was a 80.91% classifica-
tion success achieved by the Multi-Support Vector Machine
method. The results vary compared to literature due to each
change detection system using a different dataset. It can be
concluded that on the dataset used, this system using a choice
of preprocessing and classification methods at the users will
can provide the relevant change over time from the dataset.
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Fig. 7. 3D graph of the Classification.

Further research would be to investigate the Change Detection
accuracy of these methods on images that contain more than
just the three visual bands.
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