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Abstract

An increase in the development of information industry and wireless communication
services shows an increase demand for spectrum resource. Spectrum is a limited
resource that needs to be managed properly to enable additional new services, without
spectrum, none of todays’ wireless communication will be true. The spectrum
occupancy map can be a powerful tool for developing a better knowledge on the
occupancy status of this scares resource.

Traditionally, spectrum measurement is based on drive test, which conveys
geographically measuring different spectrum bands with moveable vehicles equipped
with mobile spectrum measurement capability. Drive test cannot be conducted in all
regions due to constraints such as, buildings, road conditions, and inefficient
measurement tools. Therefore, the drive test is inefficient to get information on
spectrum occupancy status and it cannot offer a complete and reliable occupancy

information.

In this thesis, the performance of three spatial interpolation methods, namely Inverse
Distance Weight (IDW), Ordinary Kriging (OK) and Natural Neighbor (NN) are
evaluated to select which one is best method to develop spectrum occupancy map. The
experimental analysis is performed on sample data, collected from TCI 700-series
spectrum measurement unit, in the range of 137MHz-174MHz of VHF bands and
400MHz-470MHz of UHF bands for land mobiles in selected area of Addis Ababa. The
collected sample data is given for K-means clustering algorithm to classify
the occupancy status at different locations. The three interpolation methods are
employed for only UHF bands.

The prediction performance of the three algorithms is evaluated through cross

validation and Root Mean Square Error (RMSE). The obtained results showed that, OK
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with Gaussian model of semivariogram estimate with a prediction error of 0.807, while
IDW and NN estimate values 2.801 and 2.119 respectively. This show OK is more
accurate than IDW and NN.

Keywords: Spatial Interpolation, Spectrum, Kriging, Inverse Distance Weight, Natural
Neighbor, Land Mobile.
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Chapter I: Introduction

1.1 Overview

Spectrum is a limited resource that needs to be managed properly to enable new services and
applications. One of the services provided by spectrum is wireless communication. Nowadays
this communication service is fundamental for our daily activities; which may include mobile
phone calls, internet service, broadcasting services, and other communication services that we
can use on our mobile phones. The frequencies we use for wireless are the only portion of

what is called the electromagnetic spectrum.

The continuous increase in wireless systems, attractive applications and, subscribers growth
have created an increasing demand for this resource and motivated the search for new

strategies for efficiently utilizing and taking the greatest advantage of the radio spectrum [1].

Spectrum occupancy measurement and evaluation, in modern radio frequency (RF)
environments with increasing density of digital systems and frequency bands shared by
different radio services, become a more and more complex and challenging task for

monitoring services [2].

Despite the shortage of the radio spectrum, according to research reported in [3],
measurements on radio spectrum usage have revealed an unoccupied bands of spectrum that
belong to primary (licensed) networks. Prior knowledge about the occupancy of such bands
and the expected achievable performance on those bands can help secondary (unlicensed)

networks to devise effective strategies to improve utilization[3].

To deploy new and additional radio services, spectrum occupancy knowledge is mandatory. It
is a bit complex job for regulators to perform an occupancy measurement, and this is due
to additional interference signals, uncomfortable environment, and obstacles of

buildings. Since the radio environment is unpredictable, due to the characteristics of the



wireless environment we need to consider multiple parameters, to get a better insight and

knowledge on spectrum occupancy status.

Unlike in our country, Ethiopia, the statistics of spectrum allocation around the world show
that the radio spectrum has been allocated properly and the available spectrum for deploying
new services is quite limited; spectrum usage, allocation, usage, management, and utilization

on the other hand in our country is still a virgin area to explore.

To improve the spectrum occupancy knowledge and to provide well information of the
spectrum resource, we can build a spectrum occupancy map to understand the occupancy
status. The map can offer multi-domain environmental information, such as geographical
information, available services on an area, locations of spectrum usage, occupancy status, and

time of use of radio services.

In [4] spectrum occupancy map is suggested as a promising concept for storing radio
environmental information that can be used to enhance radio resource management in
wireless networks. In cellular networks, the radio environment map (REM) can be used to
improve the resource utilization, or to minimize the operational costs by replacing or at least
minimizing drive tests (MDT), for troubleshooting of interference for instance [4]. The concept
of collecting geo-located information on the radio environment and developing an occupancy
map using gathered information has also been investigated and developed further by many

other research groups.

The study in [5] suggests developing REM for constructing a dynamic spectrum map for each
frequency at each location of interest. The study also shows it is impractical to have
measurements at each location in the radio environment operation area, the map is used as an
advanced knowledge base to stores available multi-domain information on the entities in the

spectrum resource.



To enable REM, different interpolation algorithms are suggested in different literatures.
Among them, Kriging interpolation algorithm plays a vital role. The Kriging interpolation
algorithm has been widely used in geostatistics principle for spatial interpolation for its
accuracy. Kriging is an advanced geostatistical procedure that generates an estimated surface
from a scattered set of points with z-values. Kriging assumes that the distance or direction
between sample points reflects a spatial correlation that can be used to explain variation in the
surface. The Kriging tool fits a mathematical function to a specified number of points, or all
points within a specified radius, to determine the output value for each location. Kriging is a
multistep process; it includes exploratory statistical analysis of the data, variogram modeling,

creating the surface, and (optionally) exploring a variance surface [5].

1.2 Statement of Problem

Spectrum occupancy knowledge is needed both in spatial and temporal domains.
Traditionally, occupancy measurement is conducted through drive test in the operation
environment. However, drive test is limited to certain places as it is resource (i.e., time, man-
power and equipment) intensive; access to buildings and other places may not be possible;
and spectrum users have a dynamic and random usage patterns that are not known. Hence, an
alternative approach is to augment the drive test with interpolation techniques so as generate
spectrum occupancy map in locations where no measurement data is taken. Multiple spatial
interpolation techniques are available, and one of them is the Kriging interpolation algorithm.
The algorithm hasan advantage of measuring the error or uncertainty for each
estimated surface.

In the Ethiopian context, the spectrum allocation is static; i.e., each licensed spectrum band is
statically assigned to specific licensed service and its users and this allocation is not allowed to
change. Moreover, given the monopoly nature of spectrum utilization by limited government-
affiliated organizations and operator (in most frequency bands), knowledge of spectrum

utilization by the regulating authority, both in space and time domains, is limited. Hence, this



thesis intends to address this limitation by taking actual spectrum measurements on certain
frequency bands, apply spatial interpolation and draw meaningful conclusions regarding the

spectrum occupancy in spatial domain for the considered band.

1.3 Objective

1.3.1 General Objective

The main objective of this research is to develop a spectrum occupancy map using spatial
interpolation algorithm for a better understanding of the spectrum occupancy status of Land

mobiles frequency ranges for the selected area in Addis Ababa.

1.3.2 Specific Objectives

To achieve the above-mentioned general objective, the following specific objectives are

set:

e Review of related papers, journals, and books;

e Collect data in the spatial domain;

e Study interpolation algorithms;

e To build a semivariogram model to study the relationship between variables in
collected data;

e Study how collected data can be analyzed;

e To construct occupancy map using interpolation techniques through geo-located

measurements collected by monitoring machine.

1.4 Literature review

For this research, various literatures related to developing spectrum map are reviewed. A
study conducted in [5] proposes to apply Mobile Crowd sourcing (MCS) to collect the radio
information in the area of 150m? in 2.4GHz band and propose to apply Kriging interpolation

algorithm to predict the spectrum values in transmission power (dBm) of unmeasured



locations based on the measurement data collected at locations where measurement can be

taken.

They used the Kriging interpolation algorithm to understand the spatiotemporal correlation
between radio environment data, and the Kriging interpolation algorithm can be applied to
infer the missing radio environment information data [5]. To analyze the distribution of
sample points scattered in the sensing environment they propose to apply a variogram model
to show the spatial structure and distribution characteristics of the variables. To verify the
accuracy of the RME developed the authors compares Kriging, Inverse Distance Weight
(IDW), and Natural Neighbor (NN) spatial interpolation algorithms using RMSE value, and
among the three interpolation methods Kriging shows the least error (RMSE) value and it used

to develop REM.

The paper presented in [6] has revealed that measurements on spectrum usage have shown
there exists an unused spectrum bands of licensed users. Shepard’s interpolation algorithm is
used to estimate the spectrum usage distribution over the spatial domain; the authors use
secondary users to sense the operating environment for bandwidth range between 100 kHz-
2MHz for 50-1000 channels. The energy detection principle is used while sensing the
environment to find the set of free channels at (x:, yt) coordinate; after the spectrum usage is
known the authors attempt to evaluate the proposed method in three dimensions; which are
channel, usage distribution, measure the correctness of the predicted channel occupancy
vectors and predict key performance matrices (i.e. channel capacity, secondary network
throughput, spectral efficiency, and bit error rate) for secondary users who will share the free
bands[3][6]. They also develop a mathematical model to estimate the performance matrices
like spectral efficiency and bit-error rate. And based on prior knowledge of spectral efficiency
they also demonstrate how performance matrices like channel capacity, system throughput,

and spectral efficiency.



In [7] K-means clustering algorithm is used to find appropriate locations for dedicated sensor
deployment to improve the REM construction performance significantly by utilizing user
distribution probabilities on the area for finding uncovered locations. In this study, the
dedicated sensors send their RSS measurement data to REM manager to predict the real
situation in terms of Received Signal Strength (RSS) in the study area. Here, the REM manager
collects each nodes location data and RSS value from the sensor nodes in the form of (x, y,
RSS) and construct radio interference map using this information. The authors use two
techniques to develop REM, spatial statistics based (direct) and transmitter location
determination based methods (indirect); and also they use Kriging and location estimation
based (LIVE) REM construction techniques to develop accurate REM. The authors finally
propose KARMA deployment algorithm for deploying new dedicated sensors to enhance the

construction of radio map.

Research conducted in [8] exploits a crowd-augmented spectrum mapping scheme to develop
spectrum mapping; in which the objective is to create a power spectrum density (PSD) map for
an area of interest, where each location on the map is associated with its corresponding PSD
value. The authors in this study present an iterative Bayesian decision framework to construct
an accurate representation of the spectrum map of the sensed geographical area. In this study,
Bayesian spatial prediction was utilized to address the limitations in a two-phase kriging
scheme by implementing the optimal predictor, whose prediction error can be accurately

assessed.

1.5 Methodology

The study approach began with a review of related literature on the construction of spectrum
occupancy map, followed by an examination of a measurement dataset of Addis Ababa's

selected area occupancy data.



The model selection is performed in spatial domain using spatial interpolation algorithm
methods. The interpolation algorithm predicts values for the unknown locations based on
values obtained in the neighboring locations. To study the spatial correlation between
measured data points, semivariogram model is used. It is used in wide range of
applications/areas like wireless signal coverage prediction, UMTS network coverage

prediction, developing spectrum utilization map and developing spectrum occupancy map.

The tools used are; Quantum Geographic Information System (QGIS) and ArcMap to develop
the spectrum map, interpolation algorithms to predict values for unmeasured locations, Excel
for preprocessing, spectrum occupancy measurement device to capture the geographical

locations of each spectrum data by longitude and latitude values and occupancy value.

1.6 Scope and Limitation

1.6.1 Scope of the Thesis

The scope of the research is developing spectrum occupancy map in spatial domain by using
interpolation algorithm for land mobile frequency bands of 137 MHz - 174 MHz in VHF bands
and 400 MHz - 470 MHz in UHF bands, in Addis Ababa for selected area.

1.6.2 Limitation

This research is limited to developing spectrum occupancy map in selected area in spatial
domain only. Time domain is not incorporated in this thesis; due to lack of having additional
spectrum measurement stations it is difficult to take measurement in as many different
locations as possible. The research does not cover all land mobile frequency ranges. In
addition, the age of the measurement device used to collect spectrum data is one challenge

which makes it difficult to make sure that the collected data is accurate.



1.6.3 Contribution

This research deals about developing spectrum occupancy map in selected area in Addis
Ababa. The main contribution of this research is to develop spectrum occupancy map for land
mobile frequency bands in spatial domain. Based on the knowledge of spectrum occupancy is
different locations spectrum usage status at various locations can be identified, unoccupied
land mobile frequency bands can be identified and this will help the regulator to have better

knowledge on occupancy status of land mobile frequency usage in the study area.

1.6.4 Thesis Layout

The research paper is organized as follows. Chapter two presents spectrum usage and
regulation trend in Ethiopia’s regulatory body, ECA and spectrum measurement activity. In
Chapter three, the basis of interpolation algorithms are presented. Chapter four, the
experimental analysis is presented, which describes the considered scenario, including data
collection and parameters, as well as the proposed system model for prediction of unknown
values through interpolation algorithms and evaluation. Chapter five, includes results,
discussion, and analysis of developed occupancy map. Finally, conclusions and

recommendations are included in Chapter six.



Chapter II: Spectrum and Spectrum Measurement System

2.1 Overview of Spectrum

Radio frequencies are a scarce natural resource, they must be used effectively and efficiently
by all wireless users to minimize wastage of this resource. National Frequency Plan (NFP) is a
key instrument in spectrum resource management providing information on which radio

communications services are permitted in each frequency band.

Radio spectrum is the range of frequencies used for a wireless applications
such as broadcast television and radio, cell phones, satellite radio and television,
wireless computer network, Bluetooth, Global Positioning System (GPS), police dispatch, and
countless other general and specialized applications that we use in every day activity. For the
most part, it is unreal for these applications to utilize the same frequencies at the same time

and location [9].

To help avoid wastage of this resource, the radio spectrum is curved up into different portions
of frequencies, and each portion is allocated to one or more service providers that, generally

speaking, may be able to co-exist with each other without interference [9].

2.2 Spectrum Measurement Systems
[

A variety of spectrum measuring systems has been proposed by various writers.

Research published in [10] presented the V-Scope spectrum measuring method, which uses
spectrum sensors on public transportation to gather and report spectrum occupancy by
sensing their received signal energy. They tested their technique on a single metro bus that
traveled across a mid-sized US city, collecting data at over 1 million places over a 120-square-

kilometer region for UHF television bands in between 512 MHz - 698 MHz. The authors were



able to handle a variety of locations, however extra interference from the measurement

environment was a big problem due to the bus's movement within the city.

Another spectrum measuring approach is discussed in [5], which uses MCS to conduct
spectrum measurements. In this approach, the authors organize mobile terminals to do the
measurements, which are carried out by mobile users. Mobile users will acquire spectrum data
by traveling around the designated areas with their phones. MCS has the benefit of being able
to measure and gather data in tiny spaces, however the issue with this technology is that

mobile devices are incapable of collecting huge amounts of data and have limited battery life.

Additional spectrum measurement technique is explained in [12], in which spectrum
measuring Sensor Nodes (SN) are placed in distinct geographic locations of demand. The SNs
use multidimensional views to gather and monitor electromagnetic data. The data is then
instantly uploaded to the clouds through wireless or cable transmission channels. The three-
way handshake protocol was used to communicate between clouds and SNs, which is based
on request and response. SNs submit a request to the clouds to create a connection in the
initial handshake, and the clouds react to SNs and establish a connection. In the second
handshake, SNs request that particular data packets be downloaded in order to configure the
state of the monitoring system. Clouds instantly reply to SNs and transfer data packets.
Finally, in the third handshake, SNs request the connection to terminate from the clouds. The

clouds react to it and the link will be terminated [11].

2.2.1 Spectrum Management and Monitoring in Ethiopia

The Spectrum management and monitoring department in ECA have two main bodies that are

responsible for managing and monitoring the spectrum resource namely;

e spectrum planning and licensing and

e spectrum monitoring

10



The first division, spectrum planning, is the core task in spectrum management, which is used
to show the road map of the current and future spectrum usages. It is also used to solve the
problem of spectrum scarcity, minimize harmful interference, enhance spectrum efficiency,
optimize spectrum usage, and increase the economic value of the spectrum. However, only
frequency planning can’t solve potential inefficient spectrum usage, proper frequency
assignment and monitoring have to be maintained. Right frequency assignment for the right
radio service is expected, according to ITU's recommendation. Frequency assignment in
Ethiopia is based on traditional system, first come first served, which shows that dynamic

spectrum access is not implemented yet.

Secondly, spectrum monitoring division has the responsibility of monitoring the radio
spectrum. Spectrum monitoring consists of many activities such as measuring occupancy,
identifying and geo-locating interference, checking spectrum users whether they are using
radio spectrum according to the license agreement, and follow principles of RF systems or not.
Additional functionalities of spectrum monitoring includes, ensuring EMC compliance,
identifying unauthorized frequency users, and supporting administrative decisions by
reporting radio spectrum monitoring data.

The two departments in collaboration perform many tasks regarding to spectrum

management between them and some of the activities are listed below [9].

Create policy for spectrum usage across the country.

Bind national frequency resource and with the policy created.
Allocate frequency according to NFAT.

Develop policy that will help us to use international frequencies.
Develop efficient spectrum usage strategies.

Develop frequency tariff and formula for national frequency usage.

AN NN VU N NN

Perform frequency monitoring to minimize the interference between operators and

primary users.

11



Provide license for spectrum owners.
Claim bid for national frequency bands.

Allocate signal and call sign for radio communications.

D N N NN

Perform coordination on allocated frequency bands of satellite and radio

communication channels.

2.2.2 Spectrum Monitoring Experience in Ethiopia

Spectrum monitoring is carried out in industrialized nations utilizing various measuring
techniques. Air-based monitoring, which uses drone technology to collect data on spectrum
occupancy, fixed type monitoring, which uses fixed sensors to collect data on spectrum
occupancy, portable type monitoring, which uses portable measuring tools, and mobile station
type monitoring, which uses vehicles equipped with spectrum measuring stations to drive
across the city. Because of the availability of this measuring equipment's, measurements can
be performed 24 hours a day, seven days a week, and throughout all spectrum bands at all

places in need.

In comparison to industrialized countries, Ethiopia uses just one technology for spectrum
measuring, which is a mobile station-based monitoring system. Due to its great size, this
measuring technology cannot be used in all areas where measurements are required. The
above-mentioned technologies for spectrum monitoring are not accessible in Ethiopia.

In Ethiopia, the use of radio spectrum is regulated by Ethiopia Communication Authority
(ECA), which was established in 2019 as a regulatory authority body to regulate the
communications services in Ethiopia.

However, due to a lack of measuring equipment and qualified man-power in our nation,
spectrum measurements are rarely done on a regular basis. Measurements are carried out on a
regular basis for the chosen region of interest. Spectrum monitoring is done for two reasons:

one, to analyze the occupancy, and the other, to mitigate interference. The monitoring

12



experience is restricted to only specific bands of spectrum due to a shortage of measurement
equipment, which includes Radio Access Network (RAN) bands, broadcast bands, and land

mobile bands.
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Chapter III: Basis of Spatial Interpolation Techniques

3.1 General Introduction

Spatial interpolation technique is a method designed to predict the RSS value at unknown
geographical points using known values at neighboring locations [12]. The estimation of
values at unknown locations is based on a theoretical foundation of the Tobler’s first law of
geography. Which is, ‘Everything is related to everything else, but near things are more
related than distant things’. Meaning that adjacent measuring points are more similar than

those measuring points that are far away from each other [13].

There are two main groupings of interpolation techniques: deterministic and geo-statistical.
Both methods rely on the similarity of nearby sample points to create a surface. Deterministic
techniques use mathematical functions that form weighted averages of nearby measured
values to create the surface, while geo-statistical techniques use both mathematical and

statistical methods [14].

Interpolation techniques include Ordinary Kriging, Inverse Distance Weight (IDW), Nearest
Neighbor (NN), Spline, and Spline with Barriers. IDW, spline, and NN are classified as
deterministic techniques, whereas OK is classified as a geostatistical interpolation approach.

The next sections give basic information on the interpolation methods used in this study.

Different interpolation methods give their best results when the data to be used is normally
distributed. So we need to check the statistical behavior of the data using data exploration

techniques [15].
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3.2 Exploratory Data Analysis

Exploratory Data Analysis refers to the critical process of performing initial investigations on
data to discover patterns, to spot anomalies, to test hypothesis and to check assumptions with
the help of summary statistics and graphical representations. It can also be defined as, an
approach using descriptive statistics and graphical tools to better understand data. It is used
mainly to maximize insight into a dataset, detect outliers and anomalies, and test underlying

assumptions. It is a robust first step before the application of other statistical methods[16].

The goal of exploratory data analysis (EDA) is to create a comprehensive description of the
data as well as to discover general insights about the data [17]. Data exploration is the process,
which is important to examine the data characteristics of data in different ways. It is an
important step in spatial interpolation work to study the characteristics of the data to be used.
The different techniques that can be used for such analysis are Histogram, Normal QQPlot,

Trend Analysis, and Spatial Autocorrelation [17] [18].

3.2.1 Histogram

Histogram provides a univariate (one-variable) description of the data. The tool displays the
frequency distribution for the dataset of interest and calculates summary statistics [17]. The
frequency distribution is a bar graph, which shows how often observed values fall within
certain intervals or classes. The tool offers descriptive statics such as median, mean, skewness,
kurtosis, variance, standard deviation, coefficient of variation, minimum and maximum
values. Coefficient of skewness, which is a measure of the symmetry of a distribution. And
kurtosis is based on the size of the tails of the distribution and provides a measure of how

likely the distribution will produce outliers [15].
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3.2.2 Spatial Autocorrelation

Spatial autocorrelation can help us to understand the degree to which one object is similar to
other nearby objects. Moran’s I (Index) measures spatial autocorrelation between data samples
based on both feature locations and feature values simultaneously [19]. Before creating the
interpolation model, we need to make sure that the data is spatially auto-correlated. To do so, I
use ArcMap to perform a Global Moran’s I test on the data to determine whether the data have
spatial autocorrelation. Moran’s I can be classified as positive, negative, and no spatial auto-
correlation. Positive spatial autocorrelation is when similar values cluster together on a map.
Negative spatial autocorrelation is when dissimilar values cluster together on a map and no

spatial autocorrelation is when Moran’s I value is 0 [15].

3.3 Deterministic Interpolation Techniques

Deterministic interpolation techniques are based on the surrounding measured values or on
specified mathematical formula that determines the smoothness of the resulting surface [17].
Deterministic interpolation techniques create surfaces from measured points, based on either
the extent of similarity (e.g., Inverse Distance Weighted) or the degree of smoothing (e.g.
Spline, radial basis functions) [17]. Inverse Distance Weighted, Spline, Nearest Neighbor and
radial basis functions are some types of deterministic interpolation techniques. For this thesis,
Kriging is selected to predict occupancy status for unmeasured location due to

its valid prediction and less error.

3.3.1 Natural Neighbor

Natural neighbor interpolationis a method of spatial interpolation, developed by Robin
Sibson [20]. It is a simple method of multivariate interpolation in one or more dimensions. The

method is based on Voronoi tessellation of a discrete set of spatial points. This has advantages
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over simpler methods of interpolation, such as nearest-neighbor interpolation, in that it

provides a smoother approximation to the underlying "true" function [20][21].

For a given set of points in space, a Voronoi diagram is a decomposition of space into cells,
one for each given point, so that anywhere in space, the closest given point is inside the cell.
The Natural Neighbor method uses Thiessen or Voronoi polygons to define areas of influence
around each input (i.e. measured) data point. Thiessen polygons have boundaries that define
the area that is closest to each point relative to all other points. This property is
mathematically defined by the perpendicular bisectors of the lines between all input data
points. In this case, every un-sampled location is thus assigned the value of its nearest

measurement point. [5][22].

The basic equation is:

n

G = ) () 31

i=1

Where, G(x) is the estimate at x, wi are the weights and f (xi) are the known data at (xi). The
weights, wi, are calculated by finding how much of each of the surrounding areas is "stolen"

when inserting x into the tessellation.

Sibson weights
Alx
ww = A6 3.2
! A(x)

Where, A(x)is the volume of the new cell centered inx, and A(xi)is the volume of the

intersection between the new cell centered in x and the old cell centered in x:.
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Laplace weights

d{_Xi_ :-l
Wily) = =8
E L(xg)
k=1 90%

Where, [(xi) is the measure of the interface between the cells linked to x and x: in the Voronoi

3.3

diagram and d(x:), the distance between x and x:i.

3.3.2 Inverse Distance Weight

Inverse distance weighting (IDW) is a deterministic type of interpolation technique for
multivariate interpolation with a known scattered set of data points. It implements an
assumption that things that are close to each other are more alike than those that are farther
apart. To estimate the value for any unmeasured location, IDW will use the measured values
surrounding the prediction location. Measured values closest to the prediction location will
have more influence on the predicted value than those farther away. Thus, IDW assumes that
each measured point has a local influence that decreases with distance. The predictor of IDW

is formed as a weighted sum of the data[17][18].

In [17] the general formula of IDW interpolation method is stated in Equation (3.4).

N

2(50) = ) Aia(s) 3.4

I=1

Where: Z (so) is the value which is predicted for a location so; N is the number of measured
sample points surrounding the predicted location; A; are the weights assigned to each

measured point; Z(si) is the known value at the location s:
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The weight of known points against the prediction locations will exponentially decrease as the
increase in their distance[12]. The weight is calculated using Equation (3.5).

d—P
A= —— 3.5

ip
N —F
, dju
1=1
Where: p is the power exponent; dio is the distance between the prediction point S3 and the

known sample data point s;.

According to equation 3.5 as the distance, dio between point’s increases the weight decreases
by a factor of p. P controls the influence of the distance among sample points on the
interpolation results. The power variable decides how the surrounding points affect the
estimated values. A lower power results in higher influence from distant points. Therefore,
IDW is an interpolation method that takes the distance between a predicted point and sample
points as the weight. The sample points are weighted by the inverse of their distance to the

predicted point[23][24].

3.4 Geostatistical Interpolation Technique

Unlike the deterministic interpolation technique, the Geostatistical interpolation technique
estimates the value of unknown locations based on statistical models that include
autocorrelation (statistical relationships among the measured points). Geostatistical techniques
create surfaces that incorporate the statistical properties of the measured data[25].
Geostatistics includes a number of methods and techniques to analyze the variability of
spatially distributed or spatially structured variables. Because geostatistics is based on
statistics, these techniques produce not only prediction surfaces but also error or uncertainty

surfaces, giving an indication of how good the predictions are [17][18].
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3.4.1 Kriging Interpolation

Kriging is an interpolation technique based on the methods of geostatistics. Kriging was
developed by Krige (1951), from whom the name kriging was derived, and Matheron (1963) to
accurately predict or reserves from the samples taken over a mining field [25]. Kriging utilizes
the variogram, which does not depend on the actual value of the variable (data), rather its
spatial distribution and internal spatial structure [24]. It is a powerful interpolation technique
that uses complex mathematical formulas to estimate values for unknown points based on the
values obtained at known points. There are several types of Kriging: Ordinary, Universal,
CoKriging, and Indicator Kriging[26]. For this thesis work the common type, Ordinary Kriging

is selected.

3.4.1.1 Ordinary Kriging (OK)

Ordinary Kriging is similar to IDW in a way that it weights the surrounding measured values
to derive a prediction for each location. However, the weights are based not only on the
distance between the measured points and the prediction location but also on the overall

spatial arrangement among the measured points [5][13][25].

In OK, the information on spatial locations allows us to compute distances between
observations and to model autocorrelation as a function of distance. In OK, an unknown value
Zu at point u is estimated as a weighted linear combination of n known data samples.

Therefore, the predictor of OK is formed as a weighted sum of the data, as follows[18][25].

2= Zw,.z,. 3.6
i=1

Where: Zi is the measured value at the in location; Zu is predicted value for location u; Wi is an
unknown weight for the measured value at the in location; u is the prediction location; n is the

number of measured values.
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OK is same type of predictor like IDW. However, in IDW, the weight, A; merely depends on
the distance to predict for unknown locations. In OK, the weight, Wi, depends not only on the
distance, also on the spatial relationship among the measured values around the prediction
location. Predicting numerous locations may give some values which could be below the real
values and some above, so the sum of weights Wi must be equal to 1 in order to guarantee that
the prediction of the unknown measurement is unbiased[24][27].

n

1
i=1
To estimation the values of unknown locations using Equation (3.6), OK follows the following

procedures.

Procedure 1: Calculate the empirical semivariogram: OK quantifies the basic principles of Tobler’s
tirst law of geography as a spatial autocorrelation. The empirical semivariogram is a means to
explore this relationship. Pairs that are close in distance should have a smaller measurement
difference than those farther away from one another. This assumption is represented by the

empirical semivariogram model [15].

Procedure 2: Fit a model: a line that provides the best fit through the points in the empirical

semivariogram cloud graph.

Procedure 3: Create the matrices: to determine the kriging weight. The equations for OK are
contained in matrices and vectors that depend on the spatial autocorrelation among the

measured sample locations and prediction location [15].

Procedure 4: Make a prediction: using weights of the measured values, which are found from the

above step, determine a prediction for the unknown locations using Equation (3.6).
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In general, geostatistical analysis of the above four steps can be summarized into two major
steps: a) semivariogram (autocorrelation) analysis, b) Kriging estimation (prediction) and

mapping [5][25].

3.4.2 Semivariogram Modeling

Semivariogram modeling is a key step between spatial description and spatial prediction.
Before creating semivariogram modeling, we have to talk about semivariogram. The
semivariogram is a measure of how similar are the points in the space when they are farther
apart [15]. In geostatistics examined and quantified, the autocorrelation is called spatial

modeling, also known as structural analysis or variography [15][17][18].

Semivariograms’ Spatial modeling begin with a graph of the empirical semivariogram
computed as Equation (3.5). Empirical semivariogram provides information on the spatial

autocorrelation of datasets.

3.4.2.1 Creating the Empirical Semivariogram

Semivariogram is a graph that allows analyzes the spatial behavior of a variable on a defined
area, resulting in the influence of data at different distances [17]. According to the geostatistics,
as the distance hij between two points i and j increases, the correlation between them is
expected to decrease (i.e., Cov(zi, zj) < Cov(zi, zk) if hi,j < hi k) [13][28]. The semivariogram is a
plot of semivariance as a function of distances between the observations (h) and is denoted by

y(h) 13].

Assume that the value of the sample data point x in the studying area is Z(x) and the sample
data value of point x+4 is Z(x +h). To create an empirical semivariogram, we need to determine
the squared difference between the values for all pairs of locations. When these are plotted,

with half the squared difference on the y-axis and the distance that separates the locations on
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the x-axis, it is called the semivariogram cloud. Semivariogram can be computed using the

following equation for all pairs of locations separated by distance h [5][29].

E[Z¢) — Z{mﬂ]z
2

y(h) = 3.8

Where: y(h) is the semivariogram functions ; h the distance between x and x+h; Z(x) and Z(x

+h) are the values of the random variable Z of interest at locations (x ) and (x + h).

E [ ] is the statistical expectation operator; h is the distance between each pair of locations in
the x y coordinate system. Euclidean distance is used to calculate the distance between two

locations as shown in Equation (3.6)[18].

hy; = J(Xi —Kjf + (Yi—l’j)z 3.9

3.4.2.2 Binning the empirical Semivariogram

Sometime the averaged semivariogram is called an experimental semivariogram. Which
contains a set of discrete data points of distance and semivariance. It provides useful
information for interpolation, optimizing sampling and determining spatial patterns. It is clear
that the number of semivariogram samples is proportional to the available pairs of locations

[15]. Its computational formula is expressed in Equation (3.7).

N{h)

1 2
y(h) = MZ{z{xj]—Z(xj +h)} 3.10

Where: Z(xi) is the value at location xi , Z(xi + h) is the value at location xi +h , and N(h) is the
number of pairs of points of observations of the values of attribute Z(xi), Z(xi+h) separated by

distance h ; the plot of Y(h ) against h is known as the empirical semivariogram [5].
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3.4.2.3 Fitting a model to the empirical semivariogram

The empirical semivariogram provides information on the spatial autocorrelation of datasets.
However, it does not provide information for all possible directions and distances. For this
reason, and to ensure that Kriging prediction have positive Kriging variances, it is necessary to
fit a model that is, a continuous function or curve to the empirical semivariogram. Abstractly,
this is similar to regression analysis, in which a continuous line or curve is fitted to the data
points. The fitting model is obtained by plotting the empirical semivariance y(h) versus the lag

distance (separation distance of the pairs)[15] [12][29].

Once each pair of locations are plotted after being binned, a model is fit through them. Range,
sill, and nugget are commonly used parameters to describe the models as shown in Figure

(3.1). The definition and explanation of the parameters are presented as follows.

The range (a) is the distance at which semivariance stops increasing. Range indicates the

distance from which samples are spatially independent of each other.
The nugget is the value at which the semi-variogram (almost) intercepts the y-value.

The sill is the value at which the model first flattens out and is the maximum semivariance

found between pairs of points.

V(Si,Si)
1
A
1
1
1
Partial 1
Sill :
| } Sill
1
1
1
1
N ; Range 1
o { - - “\:J
@ : g
0 Distance

Figure 3- 1 Semivariogram parameters (Range, Sill, and Nugget)[19].
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Types of Semivariogram models

The Geostatistical Analyst provides the following functions to choose from to model the
empirical semivariogram: Circular, Spherical, Tetraspherical, Pentaspherical, Exponential,
Gaussian, Rational Quadratic, Hole Effect, K-Bessel, J-Bessel, and Stable. The selected model
influences the prediction of the unknown values. That are used in the Kriging method to help
interpolate data accurately [17][29]. Though the most frequently used models in geostatistical

calculations are the spherical, the exponential and the Gaussian.

3.4.3 Spatial prediction using Kriging

After computing autocorrelation of the data (see the above section) and using the
spatial information in the data to compute distances and model the spatial autocorrelation,

now make a prediction using the data with the fitted model. Weights are calculated using the

following simultaneous Equation (3.8) [18][25].

Wl\ /'J"(hm) ---T(fli.n) 1\ /}/(h’l.u J\

= v(hea) - v(Ren) 1| v(Raw 3.11
Wn . .

1 \1 1 o/\i/

Where: Y(hi, j) is a semivariogram which is a function of distance; hi,j is the distance between

the known points i and j; hi,u is the distance between known points i and unknown points u

and A is the Lagrange multiplier to minimize the kriging error.

Ordinary kriging assumes that the mean is constant in the local neighborhood of each
estimation point. As a result, the expected value of estimation error at an unknown point p is

zero (i.e., E(Zu- zu) = 0)[25][29].
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Chapter IV: Experimental Analysis

In this chapter, the experimental process conducted to do this research will be discussed. The
main topics that will be discussed are data collection procedures, data preprocessing and

interpolation.

4.1 Data Collection

A geotagged spectrum occupancy data is needed to train the interpolation algorithms for
occupancy estimation at unknown locations. So, the first task is collecting data using spectrum
monitoring device in the working environment of land mobile frequency users. The data
collected using TCI the frequency monitoring station is an occupancy data with geographical
location. The key parameters obtained are GPS location coordinates, spectrum occupancy in
percent (%), frequency range (Starting and ending), bandwidth resolution and duration of

time.

Data is collected from the study are shown in Figure 4-1 below. Measurement was taken from
29 different places for 30 minutes starting from 9:00 AM-9:00 AM, due to the shortage of
additional measurement devices, measurement is taken separately at each location, not

simultaneously.
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Frequency Range

9
(137 MHz - 174 MHz) Location § £ _| g |Scheduletime
(400 MHz — 470 MHz) 2 2 c% c:f
7 £ € ¢
M m §
@)
Longitude | Latitude 09:00:31 AM-09:30:00 AM
1. 137.000 9.01099 | 38.76118 25Khz 45 09:00:31 AM-09:30:00 AM
2. 137.025 9.01031 | 38.76844 25Khz 42 09:00:31 AM-09:30:00 AM
3. 137.050 9.01085 | 38.77469 25Khz 0 09:00:31 AM-09:30:00 AM
4. 137.075 0.01414 | 38.78141 25Khz 52 09:00:31 AM-09:30:00 AM
5. 137.100 9.01566 | 38.78694 25Khz 78 09:00:31 AM-09:30:00 AM
6. 400.000 25Khz 100 | 09:00:31 AM-09:30:00 AM
9.01099 | 38.76118
7. 400.025 25Khz 84 09:00:31 AM-09:30:00 AM
9.01031 | 38.76844
8. 400.05 9.01085 | 38.77469 25Khz 62 09:00:31 AM-09:30:00 AM

Table 4-1 Sample data collected from Spectrum monitoring station.

e Megenagnax

er‘ghy H?teléﬁ 2O

Figure 4-1: Study area Satellite Image.

27




Figure 4-2: Study area measurement points.

4.2 Data Preprocessing

Data preprocessing is a step that describes any type of process performed on raw data to
prepare it for another procedure. This process can contain tasks like parameter selection,
integration of data from multiple sources, classification and handling of missing data. In this
research, only parameter selection and classification are used as data preprocessing. Details of

tasks performed for the selected preprocessing modules will be explained below.

4.2.1 Parameter selection

The collected data have many parameters and contains information that is not significant for
this thesis, it needs to be preprocessed before using it as an input for an interpolation
algorithm. The data collected from the TCI frequency monitoring station (700 series) have
more than 10 parameter features. Out of these features, four of them namely, Latitude,
Longitude, Average occupancy (%), Bandwidth, and Center frequency are selected. The

selection of parameters is based on referring to related works [5] [25] [29].
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Geotagged data

Selected Parameter

Description

Measurement Locations

Longitude and Latitude information

Occupancy

Average occupancy in each location

Table 4-2 Description of selected parameters.

No. Frequency Latitude Longitude | Average Occupancy (%)
1. 137.000 9.01099 38.76118 45

> 157.025 9.01031 38.76844 42

5 157.050 9.01085 38.77469 0

4 157.075 9.01414 38.78141 52

> 157.100 9.01566 38.78694 78

6. 400.000 9.01099 38.76118 100

7 400.025 9.01031 38.76844 54

5. 400.05 9.01085 38.77469 72

4.2.2 Classification

For this research, the K-means clustering algorithm is used to classify the collected data
samples into different classes according to their occupancy distribution with their respected
occupancy rate. Classification is needed because occupancy among different locations varies,

so to study the occupancy status among each center frequencies in the measurement area

Table 4-3 Sample selected feature data.

classification algorithm is used to group the data.
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Data clustering techniques are descriptive data analysis techniques that can be applied to
multivariate data set to uncover the structure present in the data. Clustering is an
unsupervised form of classification, as the clusters are formed by evaluating similarities and

dissimilarities of intrinsic characteristics between cases. It does not require a training dataset.

The two widely known types of clustering methods are partitioning clustering
and hierarchical clustering. K-means clustering, where k represents the desired number
of clusters, is a type of partitioning clustering. In k-means clustering, each cluster is
defined by the centroid (or mean) of the data points in the cluster, grouping is based on
iterative relocation of data points between clusters. The goal here is to produce groups of
cases/ variables with a high degree of similarities with in each group and a low degree of

similarities between groups [30][31].

For this research, the classification algorithm is applied on each occupancy data of the VHF
land mobile band frequency range (137 MHz - 174 MHz) and UHF land mobile band
frequency range (400 MHz - 470 MHz).

4.2.3 Test Point Selection

After parameter selection and classification tasks are completed, the collected data sets are
portioned in to training and testing sets with 80% and 20% respectively. The 80% partition of
the data is randomly selected with the probability of 0.8% and for testing with 0.2%. I select 24
measurement points for training and 5 points for testing the interpolation algorithm. The test
points are used to validate the performance of interpolation algorithms that are used in this

research.

4.3 Prediction Subsystem

This section describes the occupancy prediction task that will be performed by interpolation

algorithms. After the data preprocessing and parameter selection task is completed, the next
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pace is to predict the value for the known locations using spatial interpolation algorithm to
develop an occupancy map. Three main points are discussed in this section below: data
exploration, development of occupancy prediction map and evaluation of the interpolation

algorithm performance.

4.3.1 Data Exploration

Before using the interpolation algorithm, we have to check the data to have a normal
distribution and need to be autocorrelated. Since some spatial interpolation modeling works
best when the distribution of the data is close to normal, it is necessary to check for normality
before performing interpolation [15][17]. For this thesis, I explored the distribution and

autocorrelation using geostatistical analyst tools in ArcGIS.

4.3.1.1 Normality Check
The histogram is used to check the normal distribution of the data. The shape of the histogram
looks bell-shaped, the skewness of the data close to zero and the mean and median values are

very close. This indicates the distribution of spectrum occupancy data is close to normal as

shown in Figure 4-3.

Histogram n

Frequency 10 Count :29 Skewness  :-0.21091
12 IMin....... :17.21 |Kurtosis. .. :3.7277
Max : 24.667 | 1-st Quartile : 20.427
0.8 Mean | :21.088 |Median : 21.246
0.72 Std. Dev. : 1.6218 | 3-rd Quartile : 21.657
0.48
0.24
|
ol — |
1.72 1.8 1.87 1.04 2.02 2.09 247 224 232 239 247
Dataset-10”
Tip: Click or drag over bars to select Add to Layout

Figure 4-3: Histogram distribution.
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4.3.1.2 Spatial Autocorrelation

To examine the spatial autocorrelation in the spectrum occupancy data, the Global Moran's I statistic

test is used. Moran's Index is 0.56 with a Z-score of 3.693, indicating that the data is spatially

autocorrelated, as illustrated lrl Figure 4-4. o o rrelation Re port

Moran's Index: 0.550246
z-score: 2533541
p-value: 0,003221

Segreificance Lewel Critical Walee
[z-scora)
= -2.58
2.58 - -1.9&
1.6 = ~1.65
~1.63 - 1.675
163 - 1.96
1L.9¢ - 2.38
= 2.58

i

Given the z-score of 3.69364106227, there is a less than 1% likelihcod that this dustered
pattern could be the result of random chancs,

Global Moran's I Summary
Moran's Index: 0.560245
Expected Index: -0.035714
Variance: 0.026033
Z-sCoore:  3.693541

p-value: 0.0002Z1

Figure 4-4: Spatial autocorrelation result for Spectrum occupancy data.
4.3.2 Spatial Interpolation Process

The spatial interpolation technique is used once the spectrum occupancy data has been investigated. In
this work, three interpolation techniques are investigated: NN, IDW, and OK. Each algorithm uses

various procedures to estimate the occupancy value for unknown :locations. The details of each

procedure as explained below.
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4.3.2.1 IDW Method

IDW employs a straightforward distance-based method. The factors that define the distance
(d) between measurement points for weight computation in Equation 3-2 are the power
exponent (p), neighbor to include (Ntol), and include at least (IatL). The IDW method follows

two procedures: parameter estimation and prediction using IDW.
Parameter Estimation using cross-validation

The Cross-validation approach is used to identify the best parameter values. Parameter

combination that has the least RSME value is chosen to estimate the value of z(u).
Determine the optimum value of p

‘Minimizing the prediction error (RMSE), which is measured via cross-validation, yields the
optimal P value. The optimal power P is the exponent of the distance, and the lowest RMSE
value is calculated. Weights are proportional to the inverse distance raised to the power P,
according to Equation 3-2. To achieve the best P-value, the P-value is modified from 1 to 3

without changing any other settings.

The influence of the power exponent P on the interpolation precision values is seen in Tables
4-4 and 4-5 below. The result indicates that when the P value increases from 1 to 3, the RMSE
value also increases with it. When P is changed from 1 to 2, however, it has less of an impact

on the RMSE value. As a result, 2 is picked as the best P value.

Power Exponent (p) | P=1 P=2 P=

RMSE 2.12 2.08 2.24

Table 4-4: Prediction error of power exponents for UHF classification.
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Power Exponent (p) | P=1 P= P=

RMSE 7.37 7.29 8.2

Table 4-5: Prediction error of power exponents for VHF classification.

Determine the optimum number of Maximum and Minimum neighbors

P remained fixed while Ntol and latL were adjusted from 10 to 20 and 2 to 10, respectively, to
identify the optimum number of neighbors to include (Ntol) and include at least (IatL). Tables
4-6, 4-7, and 4-8 compare the prediction errors across different parameter combination values

using the P value of 1, 2, and 3 correspondingly.

Ntol Ntol=10 Ntol=15 Ntol=20

IatL 2 5 10 2 5 10 2 5 10

RMSE | 2.19 2.19 2.19 2.093 2093 |2.093 |214 2.14 2.14

Table 4-6: Prediction error of Ntol and IatL with P=1 for UHF classification.

Ntol Ntol=10 Ntol=15 NtoI=20

IatL 2 5 10 2 5 10 2 5 10

RMSE | 2.17 2.17 2.17 2081 |2.081 |2081 |2106 |2106 |2.106

Table 4-7: Prediction error of Ntol and IatL with P=2 for UHF classification.

Ntol Ntol=10 Ntol=15 Ntol=20

[atL 2 5 10 2 5 10 2 5 10

RMSE | 2146 |2.146 |2.146 |2.148 |2.148 |2.148 |2.158 |2158 |2.158

Table 4-8: Prediction error of Ntol and IatL with P=3 for UHF classification.
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The variables P and Ntol were kept constant while determining the optimal value for IatL; as
demonstrated in the above tables, when the latL value changes, the RMSE value does not
change. Because IatL has no effect on the interpolation procedure' accuracy, an arbitrary
number between 2 and 10 is chosen. As a result, 5 is chosen as the optimal number for
minimum neighbors (IatL). RMSE decreases as Ntol increases from 10 to 15 while keeping the
variables P and IatL constant. However, as Ntol rises from 15 to 20, RMSE rises as well. As a

result, 15 is picked as the optimal number for maximum neighbors (Ntol).

In summary, with an RMSE value of 2.081, the best values for IDW interpolation process

parameters are P=2, Ntol=15, and IatL=5.
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Figure 4-5: Weight of neighbors.
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The prediction map is shown in Figure 4-6, which is a contour map of the spectrum
occupancy. It displays the value in each region divided by contour lines that indicate the

occupancy values, with each line passing through locations with the same occupancy value.
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Figure 4-6: Prediction map by IDW-contour map.

Evaluating the accuracy of prediction

The cross-validation tool was used to assess the accuracy of the prediction map created by
IDW. For the occupancy training dataset, the prediction error of IDW is provided in two plots:
predicted and error plots, as illustrated in Figures 4-7-a and b, respectively. The measured vs.
predicted plot shows the measured vs. projected value, whereas the IDW error plot shows the
error vs. measured. IDW has an optimal error of prediction with a value of RMSE=2.081, as

seen in the figure.
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4.3.2.2 OK Method
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Figure 4-7: Error plot of IDW
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The OK method makes a prediction for locations in the study area based on the

semivariogram model and the spatial arrangement of measured values that are nearby and

finally creates a continuous surface or map of the phenomenon. The OK method has followed

the four procedures to estimate the unknown zu at u location: Semivariogram computation,

searching neighbors around the predicted point, calculate the weight, and create a coverage

map [15].
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Semivariogram computation

Modeling the measured occupancy data is the initial stage. Semivariogram/covariance
modeling was used to model the occupancy data. As illustrated in Figure 4-§,
the semivariogram fitting model was generated by graphing the
empirical semivariogram versus distance. When the dataset is large, the number of pairings of

locations increases quickly, as seen by the empirical semivariogram cloud.
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Figure 4-8: Empirical semivariogram cloud

The computation of the semivariogram fitting model gets harder when the dataset is big. As a
consequence, the semivariogram cloud's points were grouped into distance classes ("bins") in
order to determine the semivariogram fitting model for the target region [18]. Red dots in
Figure 4-9 are the binned values. Figure 4-9 shows the binned data as red
dots. Semivariogram/covariance points are grouped (binned) to create red dots. The average
points are shown by blue crosses, which are produced by binning
empirical semivariogram/covariance points that lie inside angular sectors. Binned points
indicate local fluctuation in semivariogram/covariance values, whereas average

values shows smooth semivariogram/covariance value variation [15].
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Figure 4-9: Exponential semivariogram model for the selected area.

Select the fitting semivariogram model

Cross-validation is used to find the optimal parameter value. For the interpolation procedure,
the parameters with the lowest RMSE value are chosen. Computing the RMSE value for the
selected models yielded the best model that suited the points in the semivariogram cloud, as

shown in Table 4-9 below. The RMSE values of the three chosen models are compared.
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Model Nugget Partial Sill Sill Range RMSE
Gaussian 4.162 5.384 9.546 0.02 0.798
Spherical 1.972 7.279 9.251 0.019 0.851
Exponential 1.015 9.304 10.319 0.028 0.871

Table 4-9: Prediction Error of Semivariogram models

The RMSE of the Gaussian model is lower than the RMSE of the Spherical and Gaussian
models, as seen in Table 4.9. As a result, given occupancy data, the Gaussian model is chosen
as the best-fitted model. A model should be fitted to the observed data points once the
empirical variogram has been calculated. The Gaussian fitting variogram model was chosen as
the best suited model for the measurements of the occupancy data as shown in Figure 4.14,
based on the parameter selections listed in Table 4.9. The values of parameters such as nugget,

range, and partial sill are determined by the semivariogram model used.

Determine the optimum number of Maximum and Minimum neighbors.

The next procedure is to determine the optimum number of neighbor points (maximum and
minimum) by using the searching neighborhood. The neighborhood search size defines the
neighborhood shape and the number of points within the neighborhood that will be used in
the prediction of an unmeasured location [17]. Include at least (IatL) is the minimum number
of neighbors surrounding the estimated point u, whereas neighbor to include (Ntol) is the

maximum number of neighbors. The parameters with the lowest RMSE are chosen.

Ntol Ntol=10 Ntol=15 Ntol=20

IatL 2 5 10 2 5 10 2 5 10

RMSE | 0.807 |0.807 |0.807 |0.803 |0.803 |0.803 |0.801 |0.801 |0.801

Table 4-10: Kriging Prediction Error

Keeping the number of Ntol constant while selecting the optimal number of IatL; the RMSE

value did not change when the number of IatL was increased from 2 to 10, as shown in Table
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4.10. As a result, any value in the middle can be picked, and 5 is chosen as the best number
for IatL. By raising the number of Ntol from 10 to 20, the optimum number of Ntol was found,

and the RMSE value decreased.

As a result, the Gasussian semivariogram model with Ntol = 20 and IatL = 5 is chosen as the

parameter combination for OK interpolation.

OK uses Equation 3.10 to estimate the weights of zu's neighbors after determining the values
of the parameters. The weights for the observed locations were calculated using the
titted semivariogram model and the data configuration inside the designated neighbor. Figure

4-10 shows the weights of all neighbor points as well as the value of zu.
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Figure 4-10: Weight of neighbors-Kriging.

The weights and values of the known measured points are used to estimate the unknown
value, zu, for the prediction location u. To construct a model of the continuous surface, this

process is repeated for each spatial point.
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Evaluating the accuracy of prediction

The accuracy of the prediction map is evaluated as the final stage in Ordinary kriging. The
cross-validation tool was used to assess the accuracy of the prediction. As illustrated in Figure
4-11, the projected plot of OK shows the measured vs. predicted value. OK has an optimal

error of prediction, as shown in the figure, with an RMSE value of 0.801.
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Figure 4-11: Predicted vs measured plot of OK.
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4.4 Performance Evaluation of Different Interpolation Techniques
4.4.1 Cross-validation
To determine which model makes the best accurate predictions, cross-validation is performed.

The RMSE of OK 0.807, IDW 2.081, and NN 2.11 was determined by cross-validation. Figures
4-12 and 4-13 illustrate the RMSE comparison between OK and IDW and OK and NN,

respectively.
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Figure 4-12: Cross-validation of OK and IDW
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Figure 4-13: Cross-validation of OK and NN.

4.4.2 Statistical Method

Test points are used to compare the findings obtained. Each map's prediction values for the
test points are retrieved, and the difference between them and the actual value is calculated.
To compare the accuracy of each interpolation method, the RMSE value is utilized. Table 4.11

shows that OK with a prediction error of 0.807 RMSE is more accurate than IDW 2.081 and NN

2.119.
Interpolation Method | OK IDW NN
RMSE value 0.807 2.081 2.119

Table 4-11: Prediction Error of Interpolation methods.
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Chapter V: Result and Discussion

5.1 Result

The primary goal of this work is to create a spectrum occupancy map in the space domain,
using Addis Ababa as a case study. The occupancy prediction maps generated by the chosen
interpolation method, as well as their evaluation outcomes, are presented in this chapter. The
root-mean-square error is computed for each interpolation technique to pick the optimum
model to build an occupancy map. Different interpolation methods, IDW, OK, and NN, are

used to establish the spectrum occupancy prediction model.

As shown in Table 5.1 below, the RMSE of IDW with parameters P=2, NtoI=9 and IatL=4, 2.801,
OK with Gaussian semivariogram model, Ntol=11 and latL=4, 0.807 and NN 2.119. This shows

that OK is more preferable that IDW and NN for occupancy prediction.

Parameter Values Interpolation RMSE
P=2, Ntol=9 and latL=4 IDW 2.801
Gaussian model, Ntol=11 and IatL=4 OK 0.807
Ntol=9 and latL=4 NN 2.119

Table 5.1: The statistic errors in the process of occupancy interpolation.
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Figure 5-1: Prediction error for IDW, OK and NN in UHF bands.
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Figure 5-2: Prediction error for IDW, OK and NN in VHF bands.

The kriging spatial interpolation technique is used to produce a spectrum occupancy
prediction map for the specified area based on occupancy data gathered from spectrum
measurement stations, as illustrated in Figure 5-3 below. The prediction map's red color shows
areas with greater occupancy rates, while the lighter colors suggest areas with lower

occupancy rates.
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Figure 5-3: Contour map for UHF band of clusterl.
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Figure 5-4: Contour map for UHF band of cluster2.
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Figure 5-5: Contour map for UHF band of cluster3.
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Another benefit of OK is that it generates a standard error map, which depicts the level of
uncertainty associated with the projected values. Areas that are close to where the
measurement is taken have less prediction errors than those that are far away, as illustrated in
Figure 5-6 below. The light color implies a low prediction error, whereas the dark red color

suggests a large forecast error.
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Figure 5-6: OK standard Error Map.

5.2 Discussion

In general, the interpolated surfaces created with the OK interpolation technique show that the
OK performs better than the other two interpolation methods utilized in this thesis. However,
the primary goal of this research is to create a spectrum occupancy map and compare the
results of various interpolation methods using statistical criteria. As a result, the statistical

approach RMSE would be used to analyze the interpolated.

The OK technique is 28.75 percent more accurate than IDW and 38 percent more accurate than
NN, according to the findings, with an RMSE score of 0.807. The OK technique takes into
account the impacts of the distance parameter as well as the semivariogram model as a

parameter. As a result, the kriging model's interpolation impact is superior than that of IDW
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and NN. The OK interpolation is more approximate to the occupancy prediction data in terms
of interpolation outcomes. OK's map appears to be smooth, indicating that the interpolation
result is good. Based on the research above, the OK interpolation approach is determined to be

the best interpolation model for this type of data.

As a result, based on the gathered sample data from the spectrum measurement station, the
OK method with gaussian semivariogram model with maximum neighbor 11 and minimum
neighbor 4 variables can be selected as an ideal model for spectrum occupancy map

prediction.
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Chapter VI: Conclusion and Future Work

6.1 Conclusion

In this thesis work, an optimized and accurate spatial interpolation techniques for spectrum
occupancy map development for the case of land mobiles in the range of 137 MHz-174 MHz
for VHF bands and 400 MHz-470 MHz for UHF bands is proposed by combining IDW, OK
and NN interpolation algorithms. Spectrum occupancy data was collected using TCI 700-series
spectrum measurement station from the selected study area in Addis Ababa city. After data
was collected K-means clustering algorithm is used to identify the occupancy distribution

status in both VHF and UHF bands.

The purpose of this thesis to develop a spectrum occupancy to maximize the know how
knowledge on spectrum occupancy status of land mobiles ranges using interpolation
algorithms, which creates occupancy map, using certain measurement points and reduce the

time consuming and labor intensive data collection approach.

The result obtained shows that, all the proposed occupancy prediction algorithms in this
paper are cable to produce occupancy prediction map. However, based on the Gaussian model
of semivariogram with an optimal number of neighbors OK used is 28.75% more accurate that
IDW and 38% more accurate than that of NN with acceptable error of 0.807 RMSE value. OK
can predict the missing occupancy data for those locations in which measurement was not
taken and it generates accurate predicted information for unmeasured locations than IDW and

NN.
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6.2 Future Work

The study considers the city of Addis Ababa’s’ selected area for the research. However, a
similar approach can be followed for different coverage areas, even as big as the whole
country. In this research only space domain is incorporated, it would be better if time domain
is considered to study the spatio-temporal occupancy status. Only three spatial interpolation
algorithm are discussed here; but there are other interpolation methods that are not
implemented here, such as spline, and Global polynomial interpolation from deterministic
types and Universal Kriging and CoKriging from geostatistical interpolation types, could be

applied in the future studies for occupancy map development.
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Appendix

Analysis of Land Mobile Spectrum Occupancy using Spatial Interpolation

Algorithms.
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Abstract

An increase in the development of information
industry and wireless communication services
shows an increase demand for spectrum resource.
Spectrum is a limited resource that needs to be
managed properly to enable additional new
services, without spectrum, none of todays’ wireless
communication will be true. The spectrum
occupancy map can be a powerful tool for
developing a better knowledge on the occupancy
status of this scares resource. Spatial interpolation
techniques are commonly employed for creating
continuous data (raster data) from a distributed set
of data points over a geographical region. In this
paper, the comparison between three spatial
interpolation techniques Ordinary Kriging (OK),
Natural Neighboring (NN) and Inverse Distance
Weighting (IDW)) is done. The goal is to determine
which method creates the best spectrum occupancy
map for measured occupancy data in Addis Ababa,

Ethiopia. These maps show spatial variation in the
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spectrum usage. OK method results smoother map
and lesser error than IDW and NN.

Keywords: Spatial Interpolation, Ordinary Kriging,
Inverse Distance Weight, Natural Neighbor.

1. Introduction
Spectrum is a limited resource that needs to be
managed properly to enable new services and
applications. One of the services provided by
spectrum is wireless communication. Nowadays this
communication service is fundamental for our daily
activities; which may include mobile phone calls,
internet service, broadcasting services, and other
communication services that we can use on our
mobile phones.

The increase in wireless

continuous systems,

attractive  applications and,  subscribers growth
have created an increasing demand for this resource
and motivated the search for new strategies
for efficiently utilizing and taking the greatest

advantage of the radio spectrum [1].

According to research reported in [3], measurements

on radio spectrum usage have revealed an



unoccupied bands of spectrum that belong to
primary (licensed) networks. Prior knowledge about
the occupancy of such bands and the expected
achievable performance on those bands can help
secondary (unlicensed) networks to devise effective

strategies to improve utilization[3].

To  deploy and additional radio

new

services, spectrum occupancy knowledge is
mandatory. To improve the spectrum occupancy
knowledge we can build a spectrum occupancy map
to understand the occupancy status. The map can
offer multi-domain environmental information, such
as geographical information, available services on

an area, locations of spectrum usage, occupancy

status, and time of use of radio services.

In [4] spectrum occupancy map is suggested as a
promising concept for storing radio environmental
information that can be used to enhance radio
resource management in wireless networks. In
cellular networks, the radio environment map
(REM) can be used to improve the resource
utilization, or to minimize the operational costs by
replacing or at least minimizing drive tests (MDT),
for troubleshooting of interference for instance [4].
The concept of collecting geo-located information on
the radio environment and developing an
occupancy map using gathered information has also

been investigated and developed further by many

other research groups.

2. Related Work
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A study conducted in [5] proposes to apply Mobile

Crowd sourcing (MCS) to collect the radio
information in the area of 150m?2 in 2.4GHz band
and

propose  to  apply Kriging interpolation

algorithm to predict the spectrum values in
transmission power (dBm) of unmeasured locations
based on the measurement data collected at
locations where measurement can be taken. They
used the Kriging interpolation algorithm to
understand the spatiotemporal correlation between
radio environment data, and the Kriging
interpolation algorithm can be applied to infer the

missing radio environment information data [5].

Research conducted in [8] exploits a crowd-
augmented spectrum mapping scheme to develop
spectrum mapping; in which the objective is to
create a power spectrum density (PSD) map for an
area of interest, where each location on the map is
associated with its corresponding PSD value. The
authors in this study present an iterative Bayesian
decision framework to construct an accurate
representation of the spectrum map of the sensed
geographical area. In this study, Bayesian spatial
prediction was utilized to address the limitations in
a two-phase kriging scheme by implementing the

optimal predictor, whose prediction error can be

accurately assessed.

3. Description of the Study Area

A geotagged spectrum occupancy data is needed to
train the interpolation algorithms for occupancy

estimation at unknown locations. Data is collected



using TCI 700 series frequency monitoring station
and an occupancy data with geographical location is
obtained in the range of VHF land mobile bands
between 137MHz to 174MHz and UHF land mobile
bands of 400MHz to 470MHz. The key parameters
obtained are GPS location coordinates, spectrum
occupancy in percent (%), frequency range (Starting
and ending), bandwidth resolution and duration of

time.

Figure 1: Study Area

4. Methodology

Spatial interpolation technique is a method designed
to predict the RSS value at unknown geographical
points using known values at neighboring locations
[12]. The estimation of values at unknown locations
is based on a theoretical foundation of the Tobler’s
first law of geography. Which is, ‘Everything is
related to everything else, but near things are more
related than distant things’. Meaning that adjacent
measuring points are more similar than those
measuring points that are far away from each other

[13].

No. | Frequency
Range Location o Schedule
5
(137 MHz - g time
°
S~
174 MHZ) cg E ;\E\
(400 MHz — § = bt
E g
470 MHz) ° 2
S &
~ 5
]
o}
Longitude | Latitude 09:00:31
AM-
09:30:00 AM
1. 137.000 25Khz 45 09:00:31
AM-
9.01099 | 38.76118 09:30:00 AM
2. 137.025 25Khz 42 09:00:31
AM-
9.01031 | 38.76844 09:30:00 AM
3. 137.050 25Khz 0 09:00:31
AM-
9.01085 | 38.77469 09:30:00 AM
4 400.000 25Khz 100 09:00:31
AM-
9.01099 | 38.76118 09:30:00
5. 400.025 25Khz 84 09:00:31
AM-
9.01031 | 38.76844 09:30:00
6. 400.05 25Khz 62 09:00:31
AM-
9.01085 | 38.77469 09:30:00 AM
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Table 1: Sample data collected

Three methods are examined in this study: IDW,
OK and NN, which represent two kinds of
interpolation methods - deterministic and
geostatistical methods.

The experiment method includes four steps: (1)
determining the parameters of IDW such as the
Neighbors to Include and the Include at Least of
IDW method, and NN (2) determining the
semivariogram model and the parameters of OK
and CK methods, (3) choosing appropriate
training and testing data ratio and (4)

comparing the three methods for the occupancy

interpolation results of the RMSE value.




4.1 IDW Method

IDW is a deterministic method for spatial
interpolation based on similarity or smoothness
within a research area. It employs a straightforward
distance-based method. The assigned values to
unknown points are calculated as a weighted
average of the values available at the known
points. The weight increases as the distance
decreases from the known points. The general

equation can be expressed as
N

2(50) = ) 2a(s) 2
I=1

Where: Z (so) is the value which is predicted for a
location so; N is the number of measured sample
points surrounding the predicted location; & are the
weights assigned to each measured point; Z(si) is the
known value at the location si The weight of known
points against the prediction locations will
exponentially decrease as the increase in their
distance[12].

The weight is calculated using

Equation (2).

ST o @)
=1 '©
Where: p is the power exponent; di0 is the distance

between the prediction point s; and the known

sample data point s;.

The power exponent p controls the influence of the

distance among sample points on the interpolation
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results. Greater p values means that the assigned
values of the unknown points are more affected by
their closest known points. dio is the distance
between the prediction point so and the known
sample point si. The weight of the standard known
point against the predicted point will exponentially

decrease with the increase in their distance.

Power Exponent | P=1 P=2 P=3

RMSE 2.12 2.08 2.24

Table 2: Interpolation precision of different power

exponents.

4.2 OK Method

OK is an interpolation technique based on the
methods of geostatistics. It utilizes the variogram,
which does not depend on the actual value of the
variable (data), rather its spatial distribution and
internal spatial structure [24]. It is a powerful
interpolation  technique that uses complex
mathematical formulas to estimate values for
unknown points based on the values obtained at

known points.

Ordinary Kriging is similar to IDW in a way that it
weights the surrounding measured values to derive
a prediction for each location. However, the weights
are based not only on the distance between the
measured points and the prediction location but also
on the overall spatial arrangement among the
The calculation

measured points [5][13][25].

equation of the OK method is expressed as Equation

(3):



(3)

nm
7 = E Wz,
i=1

4.2.1 Semivariogram Modeling

The semivariogram is a measure of how similar are
the points in the space when they are farther apart
[15]. In geostatistics examined and quantified, the
autocorrelation is called spatial modeling, also
known as structural

analysis or variography

[15][17][18].

Semivariogram is a graph that allows analyzes the
spatial behavior of a variable on a defined area,
resulting in the influence of data at different
distances [17]. According to the geostatistics, as the
distance hi,j between two points i and j increases, the
correlation between them is expected to decrease
(i.e., Cov(zi, zj) < Cov(zi, zk) if hi,j < hik) [13][28].
The semivariogram is a plot of semivariance as a
function of distances between the observations (h)

and is denoted by y(h} [13].

E[Z{x] — z(x+h)]2
2 4)

y(h) =

Where: the

v(h) is
semivariogram functions; h the distance between x
and x+h; Z(x) and Z(x +h) are the values of the
random variable Z of interest at locations (x ) and (x
+h). E[]is the statistical expectation operator; h is

the distance between each pair of locations in the x y

coordinate system. Euclidean distance is used to
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L = J(Xi - Xj)z +(vi— Yj)z

calculate the distance between two locations as

shown in Equation (5) [18].

(5)

After computing autocorrelation of the data and
using the spatial information in the data to compute
distances, now a prediction will be performed using

the data with the fitted model. Weights are

calculated wusing the following simultaneous
Equation (6) [18][25].
w1 Y(ha) o v(hen) 1 (haw)

h.) : () : (6)

. = ¥ hn.l - Y hn.n 1 ‘]",(hn.u)
Wn . .

1 1 1 0 1

4.3 Natural Neighbor

Natural neighbor interpolationis a method
of spatial _interpolation method of multivariate

interpolation in one or more dimensions. The

method is based on Voronoi tessellation of a discrete

set of spatial points. This has advantages over
simpler methods of interpolation, such as nearest-

neighbor interpolation, in that it provides a

smoother approximation to the underlying "true"

function [20][21].

For a given set of points in space, a Voronoi diagram
is a decomposition of space into cells, one for each
given point, so that anywhere in space, the closest

given point is inside the cell.


https://en.linkfang.org/wiki/Spatial_interpolation
https://en.linkfang.org/wiki/Voronoi_diagram
https://en.linkfang.org/wiki/Nearest-neighbor_interpolation
https://en.linkfang.org/wiki/Nearest-neighbor_interpolation

Thiessen polygons have boundaries that define the
area that is closest to each point relative to all other
points. This property is mathematically defined by
the perpendicular bisectors of the lines between all
input data points. In this case, every un-sampled
location is thus assigned the value of its nearest

measurement point. [5][22].

The basic equation is:

Go= Y o)

Where, G(x) is the estimate at x, wiare the weights
and f (xi) are the known data at (xi). The weights, wi,
are calculated by finding how much of each of the
surrounding areas is "stolen" when inserting x into

the tessellation [5][22].
Sibson weights is given by:

Alx;) (8)
A(x)

wi.lxl =

Where, A(x) is the volume of the new cell centered
inx, and A(xi)is the volume of the intersection
between the new cell centered in x and the old cell

centered in x:.
Laplace weights is given by:

o Zn— (9]
L (xg0)
k=1 9i%k

Where, I(xi) is the measure of the interface between

the cells linked toxandxiin the Voronoi
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diagram and d(xi), the distance between x and x:
[5][22].
4.4 Cross Validation

Cross-validation is used to evaluate the accuracy of
the three interpolation methods. First, we can
assume that the value of a station is unknown and is
estimated by the value of its neighboring stations,
then calculate the deviation between actual
observed values and estimated values. Root-mean-
square error (RMSE) are adopted to assess the

accuracy of the interpolation

Where Zi is the actually observed value of Station I;
Zi is the estimated value and n is the number of
stations for testing. RSME indicates the deviation

between interpolated values and the actual values.

(10)

RMSE =



https://en.linkfang.org/wiki/Measure_(mathematics)
https://en.linkfang.org/wiki/Voronoi_diagram
https://en.linkfang.org/wiki/Voronoi_diagram

For the three interpolation methods discussed above, the search radius is the most important factor that
influences the accuracy as it limits the number of input sample points that are used to calculate each interpolating
unit. The two parameters that will influence the search radius are: Neighbors to Include (hereinafter referred to
as Ntol) and Include at Least (hereinafter referred to as latL). Known points far away from the unknown points

are meaningless for prediction, so Ntol determines the number of interpolation known points to include for

Ntol NtoI=10 Ntol=15 NtoI=20

IatL 2 5 10 2 5 10 2 5 10

RMSE | 2.19 2.19 2.19 2.093 2.093 2.093 2.14 2.14 2.14
Table 3: P =1 and accuracy comparison between different Ntol and different IatL.

Ntol Ntol=10 Ntol=15 NtoI=20

IatL 2 5 10 2 5 10 2 5 10

RMSE | 217 217 217 2.081 2.081 2.081 2.106 2.106 2.106
Table 4: P =2 and accuracy comparison between different Ntol and different IatL.

Ntol Ntol=10 Ntol=15 NtoI=20

IatL 2 5 10 2 5 10 2 5 10

RMSE | 2.146 2.146 2.146 2.148 2.148 2.148 2.158 2.158 2.158

Table 5: P = 3 and accuracy comparison between different Ntol and different IatL.

analysis, whereas latL is the minimum known points to include and should be smaller than Ntol.

Model Nugget Partial Sill Sill Range RMSE
Gaussian 4.162 5.384 9.546 0.02 0.798
Spherical 1.972 7.279 9.251 0.019 0.851
Exponential 1.015 9.304 10.319 0.028 0.871

Table 5: OK interpolation errors of the three functions

5. Results and discussion

The

interpolation of

spectrum occupancy at

unknown points was estimated using different

techniques available in ArcGIS software.

The

interpolation is carried out using IDW, OK and NN.

The performance analysis of these interpolation

techniques were performed based on the Root Mean

Square

Error

(RMSE)

interpolation algorithms.
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produced by




9

9

Parameter values | Interpolation | RMSE
P=2, Ntol=9 and IDW 2.801
latL=4

Gaussian model, OK 0.807
Ntol=11 and latL=4

Ntol=9 and latL=4 | NN 2.119

Table 6: Statistical errors in the process of
occupancy interpolation.

From the result, it can be seen that IDW and NN
produces the largest error of 2.801 and 2.119
respectively. The Geo-statistical Kriging method
produces less RMSE value of 0.807. The interpolated
surface produced by the Kriging method is smooth
and realistic compared to the surface created by
IDW and NN. So based on the RMSE value
produced and the interpolated surface created, it can
be concluded that Kriging is the best suitable
approach to develop smooth spectrum occupancy

map for the study area.
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6. Conclusion

In this thesis work, an optimized and accurate

spatial interpolation techniques for spectrum
occupancy map development for the case of land
mobiles in the range of 137 MHz-174 MHz for VHF
bands and 400 MHz-470 MHz for UHF bands is
proposed by combining IDW, OK and NN
interpolation algorithms. Spectrum occupancy data
was collected using TCI 700-series spectrum
measurement station from the selected study area in

Addis Ababa city.

The result obtained shows that, all the proposed
occupancy prediction algorithms in this paper are

cable to produce occupancy prediction map.



However, based on the Gaussian model of

semivariogram with an optimal number of
neighbors OK used is 28.75% more accurate that
IDW and 38% more accurate than that of NN with
acceptable error of 0.807 RMSE value. OK can
predict the missing occupancy data for those
locations in which measurement was not taken and

it generates accurate predicted information for

unmeasured locations than IDW and NN.
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