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Abstract

In this thesis, a detailed and comprehensive study is presented on the Universal Mobile
Telecommunications System (UMTS) network planning problem. This problem has been
shown to be NP-hard. Therefore, approximate algorithms are necessary to build planning
tools. Three planning tools, based respectively on genetic algorithm, simulated annealing
and a novel cooperative method, are designed and implemented to solve the global
planning problem of UMTS networks.

Using the optimal solutions as references, numerical results are compared amongst
the proposed planning tools and a previously designed tool based on tabu search. The
cooperative method shows its superiority over the three other planning tools with 90
percent confidence that the true mean solution gap from the optima is within the interval
of [0.01%, 0.33%]. Moreover, this solution closeness to optima is not necessarily
accompanied with long computation time. These observations make the cooperative

method more appropriate for global planning of UMTS networks.
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Chapter 1

Introduction

Nowadays, the Universal Mobile Telecommunications System (UMTS) takes a very
important role in the wireless communication market. To offer a high-quality network and
stay ahead of the competition, network operators need to invest a large portion of their
budget in their network infrastructures. Network planning is then the key to reach a
delicate balance between network investment and performance in order to maximize the
return on investment (ROI).

The primary task of the overall network planning process is the topology planning,
which describes the network infrastructure and the required initial investment. Since the
planning of UMTS networks involves many tunable variables, efficient planning tools are
essential for a successful network planning.

In this thesis, we are interested in the global planning of UMTS networks, focusing
on the development of efficient automatic planning tools based on approximate
algorithms for the deployment of new UMTS networks. This first chapter starts by
presenting some background information that will be useful for the remaining chapters.
Then, the problem statement is exposed followed by the research objectives and the

proposed methodology. Finally, the main contributions of this thesis are outlined and we



conclude with an overview of the remaining chapters.

1.1 Background

In this section, we will introduce some concepts that will be useful to better understand
the remaining chapters. We will first describe the cellular network evolution and the

network planning process. Then, different planning techniques will be exposed.

1.1.1 Evolution of Cellular Networks

The cellular network industry has evolved phenomenally in the past few decades:
transmission technologies changed from analog to digital; various data services gained a
rapid growth to compliment the original single voice service; data transmission speed
rose tremendously; and network coverage increased from being national to being
international. People can now get regular phone and multimedia services without the
constraint of wires from landline networks. With these changes, cellular network
operators are now facing the challenges of the rapid growth of regular voice services, as
well as the fast expansion of wireless internet based multimedia services. This pushes fast
evolution of technologies, as well as the demand for more efficient networks.

As cellular networks evolve, the term ‘generation’ is used to differentiate significant
technology improvements. In fact, we saw the first generation (1G) of cellular networks
in the early 80’s followed by the second generation (2G) in the early 90’s. A few years
later, the third generation (3G) was launched. To date, researchers are already focusing on

the fourth generation (4G).

1.1.1.1 1G Cellular Networks

1G networks, started in the 1980s, brought out the boom of the mobile communication



development. The cell technology was used in 1G networks to provide radio signal
coverage and to enable users to move from one cell to another. Because of this, 1G
networks were also called cellular networks. With analog transmission techniques, 1G
networks could only provide limited services, such as voice and voice related services.
Standards like Nordic Mobile Telephone (NMT) used in Nordic countries and Eastern
Europe and Advanced Mobile Phone System (AMPS) used in the United States are
examples of 1G standards. User mobility was very limited due to standard incompatibility.
In fact, there was no concept of worldwide wireless communications, nor a coordination
of worldwide technical standards. Mobile users could not roam like users do nowadays.
At the same time, in standards like AMPS, each phone call occupied a separate radio
frequency during the call even when there was no conversation in process. This caused a

waste of the spectrum utilization, especially with the rapid growth of mobile users.

1.1.1.2 2G Cellular Networks

The increasing needs of the mobility in wireless communication require more network
compatibility. 2G networks, using digital signal transmission technologies, are built to
realize global compatibility with better services. Compression and multiplexing
technologies are applied on the digital signals to enhance spectrum utilization efficiency
and increase the network capacity. In addition to voice and voice related services, 2G
networks also provide mobile users with data services, such as short message service
(SMS).

Based on signal multiplexing techniques, 2G standards are divided into two groups:
Time Division Multiple Access (TDMA) based standards, such as Global System for
Mobile Communications (GSM), and Code Division Multiple Access (CDMA) based
standards, like CDMA. These digital signal transmission technologies greatly increase the

network capacity with the same available spectrum as in 1G networks.



The GSM standard was originally created by European Conference of Postal and
Telecommunications Administrations (ECPT) in 1982. Later, GSM responsibility was
transferred to the European Telecommunications Standards Institute (ETSI). GSM
networks were commercially launched in 1991, operating at either the 900MHz or
1800MHz spectrum. It is the most popular standard of mobile phone services, accounting
for the major part of the global wireless communication market. The popularity of the
GSM standard also makes the global roaming feasible between different mobile network
operators with roaming agreements. The CDMA standard, which is the competitor of
GSM, was pioneered by Qualcomm. It is also called CDMA 1S-95 (Interim Standard 95).

2G networks provide non-differentiated voice and data services in the circuit
switched manner, which delivers excellent voice services and low transmission rate data

services. However, 2G networks still do not fulfill the standard unification globally.

1.1.1.3 2.5G Cellular Networks

2.5G networks are a transition step between 2G and 3G networks. They enable faster data
transmission for 2G phones. Besides the circuit switched core network, 2.5G networks
have also implemented a packet switched core network. By such upgrades, 2.5G
networks provide partial benefits of 3G networks, such as higher data transmission speed
than 2G networks. The General Packet Radio Service (GPRS), with up to 180.4Kbps data
transmission speed in the downlink direction, is an example of 2.5G networks for GSM
operators. While CDMA2000 1xRTT (1 times Radio Transmission Technology) is an
example of 2.5G CDMA networks, which provides up to 307.2Kbps downlink data

transmission rate.



1.1.1.4 3G Cellular Networks

The growing needs for wireless internet access require a universal standard for wireless
communications. Comparing with 2G networks, which mainly provide voice services, 3G
networks are expected to support higher speed data services with rates up to 2Mbps.
There are two main standards in 3G networks: UMTS/W-CDMA (Wideband Code
Division Multiple Access) and CDMA2000.

UMTS networks, based on GSM, are the European version of 3G networks.
W-CDMA standard is taken in the air interface, using a pair of SMHz bandwidth carriers.
The first national customer UMTS network was launched in 2002. The CDMA2000
standard, based on CDMA 1S-95, is the American 3G variant. It is evolving to support
new services in a standard 1.25MHz bandwidth.

Both W-CDMA and CDMAZ2000 use coding schemes to differentiate users and base
stations. However, these two standards are still incompatible. There are several reasons
for this incompatibility. The most significant one, as stated previously, is that W-CDMA
takes a pair of SMHz bandwidth carriers, while CDMA2000 occupies a pair of 1.25MHz
carriers. CDMA2000 3x, the evolution of CDMA2000, will take three pairs of 1.25MHz
bandwidth carriers and construct a super channel structure.

Since GSM is, by far, the most popular 2G standard, UMTS are expected to get the
biggest market share as they are backward compatible with GSM networks. Therefore,
this thesis will focus on developing automatic planning tools for UMTS networks. Figure

1.1 summarizes the cellular network evolution from 2G to 3G.
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Figure 1.1: The cellular network evolution

From the network infrastructure point of view, UMTS networks are composed of
two parts: the Radio Access Network (RAN), also called the Universal Terrestrial Radio
Access Network (UTRAN), and the Core Network (CN). The RAN, which is based on
the W-CDMA technology, is composed of node Bs (node for Broadband access) and
Radio Network Controllers (RNC). Node B, formerly known as base station in 2G
networks, houses the radio transceiver and provides the interface between the radio link
and the network itself. The RNC, previously known as Base Station Controller (BSC) in
2G networks, provides connectivity between node Bs and the core network. It is also
responsible for the call and mobility management and takes the full charge of radio
resource management without involving the core network signaling. The CN includes
two domains: a circuit-switched (CS) domain and a packet-switched (PS) domain. On
one side, the CS deals with real-time traffic, like voice, and provides connectivity to the
Public Switched Telephone Network (PSTN). On the other side, the PS handles other
types of traffic, such as time non-sensitive services, and ultimately provides a connection
to the public IP network. The CN definitions are based on the 2G/2.5G network
specifications. In fact, the CN makes use of the existing GPRS infrastructure, such as the

Mobile Switching Center (MSC), the Gateway MSC (GMSC), the Home Location



Register (HLR) and the Visitor Location Register (VLR) for the CS domain, and the

Serving GPRS Support Node (SGSN) and the Gateway GPRS Support Node (GGSN) for

the PS domain. There is a network element, called Media Gateway (MGw), which is as

an intermediate node to provide connectivity between the access network and the core

network. A typical UMTS network infrastructure is provided in Figure 1.2.
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Figure 1.2: A typical UMTS network architecture [14]

1.1.1.5 3.5G/4G Cellular Networks

Starting from 2006, many countries began to upgrade their UMTS networks with High

Speed Downlink Packet Access (HSDPA), in order to enhance downlink data

transmission speeds up to 7.2Mbps. Further speed increases were achieved by using

Evolved High Speed Packet Access (HSPA+), in which the data transmission speed could

reach up to 42Mbps. In the uplink direction, the High-Speed Uplink Packet Access



(HSUPA) can be applied to improve data transmission speeds. These techniques are
usually called 3.5G.

The 4G standard has not yet been defined. It is characterized as ubiquitous, mobile,
and broadband [1]. The overall objective for 4G networks is to build an All-IP network.
This will enable all existing different wireless technologies to have a common platform to
communicate with each other. With guaranteed quality and security, the 4G networks are
expected to support speeds of 100Mbps to 1Gbps for wireless multimedia services. Using
the UMTS networks as an example, the fundamental difference between 3G networks and
4G networks is that the function of RNCs in 3G networks is taken by node Bs, a set of
servers and gateways. The investment in the 4G network infrastructure is supposed to be

less, while the data transmission speed goes higher.

1.1.2 Network Planning Process

Network planning is an iterative process composed of three main steps as shown in

Figure 1.3.

v

Define the network requirement

v

Network design process

v

“~ Network performance analysis

Final
Solution

Figure 1.3: The network planning process [2]



® Define the network requirement: The network requirement need to be defined before
planning the network. This is one of the most time-consuming step which includes
the clarification of traffic requirements, such as the traffic type, volume and
distribution; the equipment (network nodes and links) costs; the network design
parameters, such as technology specific requirements; the operational and utilization
constraints, and so on. For an existing network, these requirements can be collected.
However, for a completely new network, the unavailable data (such as the traffic
distribution) have to be predicted or generated.

® Network design process: This process involves exploring as many solutions as
possible to decide the node placement, the link connection, the node and link sizing,
as well as the traffic routing. Usually, due to the large number of possible
combinations, this task cannot be done manually. As a result, different planning tools
are developed and applied to help the network planners to make their decisions. A
network topology will be developed as the primary output of this process.

® Network performance analysis: Once the overall network topology has been
developed, it will then be evaluated according to certain criteria such as cost,
reliability, the network coverage, and capacity, etc. A good solution will be useful for
further network configuration refinements (fine tuning) either manually or by using
additional techniques.
The above three-step process can be repeated by changing the input information or

using different planning techniques to produce alternative network topologies. The one

with the best performance can be selected as the final solution.

1.1.3 Network Planning Techniques

In the early stages, network planning was solved manually. However, since network

planning involves several tunable parameters and a huge amount of computations,
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manual processes obviously limited efficiency and are prone to errors. Over the past
several decades, with the development of computer hardware and software, automatic
planning tools were developed in order to improve network planning accuracy and
efficiency. Automatic planning tools make use of a technique, called algorithm, to
perform those tedious work previously done manually. An algorithm is a well-defined
procedure for solving a problem in a finite number of steps [2]. After building a model,
represented by objectives, variables and constraints for characterizing the problem, the
algorithm follows predefined procedures to solve the problem using the representation in
the model.

Developing an efficient network planning tool, based on the algorithms, is an
ongoing concern amongst network planning researchers. There are many choices of
algorithms, where two main branches are generally classified: exact algorithms and

approximate algorithms.

1.1.3.1 Exact Algorithms

Exact algorithms search all potential solutions in the search space to obtain an optimum
solution for the problem. Constraints of the problem help to discard those infeasible
solutions. However, when the solution space is very large, exact algorithms will take too
much time for finding a solution, which makes them inefficient for large size problems.
In fact, for some problems, the CPU time may increase exponentially with respect to the
problem size. Moreover, even the computer memory may be insufficient. Linear
programming (LP) and integer programming (IP) are examples of exact algorithms.

Please refer to [3] for more details about exact algorithms.
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1.1.3.2 Approximate Algorithms

Approximate algorithms, also called heuristics, aim to provide relatively “good” solutions
in reasonable amount of computation time. Basically, it is a tradeoff between solution
quality and execution time. According to their needs, network planners can adjust the
parameters in approximate algorithms to make them focus on either finding better
solutions or finding faster solutions. There is a general class of approximate algorithms,
called meta-heuristics (please refer to [4] for detailed information on meta-heuristics),
which are usually used to solve combinatorial optimization problems. A combinatorial
optimization problem is a minimization/maximization problem with three elements: a set
of instances; a finite set of candidate solutions for each instance; and a cost function [5].
Before introducing the approximate algorithms, several concepts need to be
clarified:
e NP-hard problems: problems that can not be solved with an exact solution in
polynomial time;
e Neighborhood: a set of solutions obtained by applying a move or a
transformation to the current solution;

e Global optimum vs. local optimum: let X be the set of variable x, where x e X.

The global optimum minimizes/maximizes f (X) over all x € X, while the local

optimum is better than all solutions in its neighborhood as shown in Figure 1.4.
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Local
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Figure 1.4: Global optimum vs. local optimum

The following four approximate algorithms are commonly used to solve network
planning problems.
® Greedy Algorithm
A greedy algorithm is governed by the following rule: always find the local optimum in
the neighborhood of the current solution. As such, the greedy algorithm can also be
defined as a local search (LS) procedure. At each iteration, the greedy algorithm makes
greedy choice and keeps reducing the solution set into a smaller one. It usually commits
to certain choices too early to search the entire solution space. Typically, the greedy
algorithm fails to find the global optimum. Examples of greedy algorithms include
Kruskal and Prim algorithms (for finding the minimum spanning tree) and Dijkstra’s
algorithm (for finding the shortest path).

As stated above, the characteristic of the iterative improvement of the greedy
algorithm makes it easily being trapped into local optimum. Different methods have been
proposed to try to solve this problem, such as applying the greedy algorithm multiple
times with different initial solutions and then choosing the best result as the final
optimum. However, the proposed methods still do not guarantee to find the global
optimum. As the problem size increases, especially for NP-hard problems, the greedy
algorithm becomes even less feasible. Nevertheless, greedy algorithms are proven to be

useful for finding a “good” solution as an initial solution for further improvement
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methods [6]. A group of approximate algorithms is proposed in order to overcome the
drawbacks of greedy algorithms in this thesis.

® Tabu Search

The tabu search, denoted as TS, is derived from the best improvement local search,
aiming to find the global optimum. The tabu search uses the local search to iteratively
move from the current solution to a better one within its neighborhood. By allowing the
temporary solution degradation, tabu search avoids the search process being trapped into
the local optima. Two mechanisms, short term memory and long term memory, can be
used to keep track of attributes of solutions previously visited and guide the search
direction. The short-term memory contains a tabu list and the aspiration criteria. A tabu
list is a storage space for solutions being recently visited. In order to avoid cycling,
solutions in the tabu list are prevented to be revisited for a time period. This time period,
determined by the tabu size, defines how long a solution will be a member of tabu list. At
the same time, the aspiration criteria works to avoid missing good solutions in the tabu
list and to make them available for the search. Tabu search may also make use of a
long-term memory, which operates when there is no solution improvement for a given
number of iterations. To avoid some solutions/moves being selected more frequently than
the others, the occurrence frequency of solutions will be memorized in the long-term
memory. Solutions with occurrence frequency over a certain threshold will be penalized.
Tabu search may make use of one or both of these two memories to finally find a good
solution within an acceptable computation time. For more detailed information on tabu
search, please see [4] and [7].

® Simulated Annealing

Simulated annealing, denoted as SA, simulates the physical annealing process, which
starts from a high enough temperature T (the analog to a control parameter) and then the

temperature decreases according to a cooling schedule. During cooling process, which
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makes reference to the solution search process, solution transforms from current state to a
random new state in its neighborhood at every temperature T. New state selection is done
according to a certain probability, which allows temporary solution deterioration in order
to avoid the final solution being trapped into the local optimum. The control parameter, T,
guides the problem to its final state. If the temperature decreases too fast, the solution
will be trapped into the local optimum with higher cost function value. On the other hand,
if the temperature decreases too slowly, it will take too much time for finding the final
solution, which greatly decreases the algorithm efficiency. A well designed cooling
schedule for the temperature is the key to make the simulated annealing successfully find
the global optimum. For more information about SA, please refer to [4] and [8].
® Genetic Algorithm
The genetic algorithm, also known as GA, is a class of evolutionary algorithms based on
Darwin theory of natural selection. The main idea of the algorithm is to start with an
initial population. Then, some individuals from the population (called parents) are
selected in order to generate new individuals (also referred to as offspring). The choice of
the parents is based on the fitness of the individuals, which is evaluated by the objective
function. The higher the level of the fitness, the higher the probability that the individual
will be selected to produce offspring. Offspring are generated by applying different
recombination operators, such as crossover or mutation (or both). The new generated
offspring will then be integrated into the current population to create a new generation.
The whole process stops when some predefined conditions (such as the maximum
number of generations) are reached. As we can see, this process favors the “mating” of
the more fit individuals and allows exploration of the promising area in the search space.
Please refer to [9] and [10] for more detailed information about the genetic algorithm.
Tabu search, simulated annealing and genetic algorithm are common examples of

meta-heuristics. More details about these algorithms will be given in Chapter 3. After
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having presented the background information, we will now look at the problems that

could occur when planning UMTS networks.

1.2 Problem Statement

The primary goal of the UMTS network planning is to generate an optimum topology for
the network. To a great extent, it is decided by the node location selection. For a normal
cellular network, there is a huge amount of nodes to be installed. At the same time, a
great number of factors have to be taken into consideration for choosing proper node
locations, such as traffic distribution, network node features, network management issues,
and so on. Geographical factors also play an important role for node location selection in
wireless communication networks.

Many models and algorithms have been proposed to solve the UMTS network
planning problem. However, due to the problem complexity, most of them only focus on
a portion of the overall network. In fact, the whole planning problem is usually
decomposed into three subproblems: the cell planning subproblem, the access network
planning subproblem and the core network planning subproblem. Each of them has
already been proven to be NP-hard [11, 12, 13].

In order to find a solution for the whole UMTS network, these three subproblems
need to be solved sequentially. Unfortunately, such an approach doesn’t consider the
interconnections between the subproblems. In fact, the combination of the solution of
each subproblem may provide a local optimum. In other words, combining partial
solutions in order to obtain a solution to the global planning problem may provide
suboptimal solutions, rather than the optimal solution.

A different way of solving the planning problem of UMTS networks is to use a
global approach, where the three subproblems are solved simultaneously. Since all

interconnections among the subproblems are taken into consideration, a global approach
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has the advantage of providing the global optimum.

A mathematical programming model has been proposed for the global planning
problem of UMTS networks [14]. However, due to the complexity of the global planning
problem, it cannot be solved within a reasonable amount of time by a commercial solver,
such as CPLEX [15]. Approximate algorithms, aiming to provide relatively “good”
solutions in reasonable amount of computation time, are more suitable to build planning
tools. In fact, they are a tradeoff between solution quality and execution time.

Furthermore, the efficiency of the planning tool is problem dependent. A local
search algorithm and a tabu search algorithm have already been proposed in [14] and [16]
for solving the global planning of UMTS networks. However, besides these two
algorithms, other approximate algorithms, such as genetic algorithm and simulated
annealing, have been widely and successfully implemented for solving network planning
problems. For example, in [23], the simulated annealing was proposed to solve the
UMTS site selection problem, while in [25] the genetic algorithm was used to solve the
base station positioning problem. In [37], the performance of the simulated annealing, the
genetic algorithm and another approximate algorithm were compared when solving the
UMTS base station location planning problem. Therefore, it is interesting to investigate
how they will perform on the global planning of UMTS networks. Moreover, combining two
algorithms may also provide interesting results since different algorithms have different strength.

Based on the problem statement, we will now formulate the research objectives in

the following subsection.

1.3 Research Objectives
The main objective of this thesis is to develop efficient automatic planning tools based on
different meta-heuristics to solve the global planning problem of UMTS networks. More

specifically, we will address the following topics:
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Develop a first automatic planning tool based on the genetic algorithm;

Evaluate the performance of the previous planning tool by comparing its solution

with the optimal solution;

Propose a second planning tool based on simulated annealing;

Evaluate the performance of the second planning tool by comparing its solution

with the optimal solution;

Design a third planning tool based on a combination of tabu search and genetic

algorithm;

Evaluate the performance of the third planning tool by comparing its solution

with the optimal solution;

Compare the three previous planning tools with results obtained from the tabu

search algorithm.

1.4 Methodology

UMTS network planning can initially be viewed as a very involved task since a large

number of variables are tunable in both the UMTS network and the automatic planning

tool. In order to achieve the objectives stated in the previous section, we will firstly make

a thorough study on each heuristic. To simplify the planning process, a step by step

approach is proposed in Figure 1.5.

® Study meta-heuristics: The UMTS network planning problem is a NP-hard
combinatorial optimization problem. In this phase, two meta-heuristics, the genetic
algorithm and simulated annealing, are selected for study because of their capability
to solve this kind of problem.

® Algorithm implementation: C/C++ will be used to implement the planning tools.
Three planning tools are proposed to solve the global UMTS network planning

problem. The first one is based on the genetic algorithm, while the second one is
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using the simulated annealing and the third planning tool is a combination of tabu
search and genetic algorithm. The components in the algorithms are well-designed
aiming to find the best solution for this specific planning problem. A series of tests
are made in order to work out the optimal parameter settings.

Solution comparison with the optimal solution: In order to find the optimal solutions,
a commercial solver called CPLEX will be used. The solutions obtained from
CPLEX will be applied to evaluate the quality of the solutions obtained from the
genetic algorithm, the simulated annealing and the cooperation of the tabu search and
the genetic algorithm respectively in terms of the objective function value and the
CPU time.

Solution comparison with tabu search: Using the optimal solution as the reference,
the solution obtained from the three algorithms will be compared with the tabu

search in order to find out the most efficient planning tool.
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Study meta-heuristics: GA and SA
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Figurel.5: The proposed methodology

1.5 Main Contributions

The main contributions of this thesis can be summarized as follows:

® A detailed study/analysis on the genetic algorithm. A first automatic planning tool is
built based on the genetic algorithm and the performance evaluation is made with the
reference of the optimal solution;

® A detailed study/analysis on the simulated annealing. A second automatic planning
tool is developed based on the simulated annealing and the performance evaluation is
made with respect to the optimal solution;

® A third automatic planning tool is proposed based on the cooperation of the genetic
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algorithm and the tabu search. Performance evaluation is made with the reference of
the optimal solution;.

® A comparative study is made amongst the different algorithms in order to analyze the
advantages and disadvantages of each of them to make better use of the

meta-heuristic in solving the global planning problem of UMTS networks.

1.6 Thesis Overview

The remainder of this thesis is organized as follows: Chapter 2 presents a selective review
on the UMTS network planning problem. The three subproblems are explained in details
in this Chapter as well as the two approaches commonly used to solve the problem. Then,
Chapter 3 provides a brief description of the mathematical model used to represent the
global planning problem. Different meta-heuristics (genetic algorithm, simulated
annealing, tabu search and a combination) are also studied and implemented to build
planning tools for solving the global UMTS network planning problem. The simulation
results and analysis are presented in Chapter 4, where the solution quality and the CPU

time are compared with respect to CPLEX. Finally, conclusions are drawn in Chapter 5.
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Chapter 2

Related Work on the UMTS Network Planning

UMTS network planning has recently been a subject of great interest. It is a complex but
necessary step towards building an efficient network. Typically, a planned area is divided
into cells, where each cell is covered by a node B through radio interface. Then, node Bs
are connected to RNCs to construct the access network. Through such connections,
mobile traffic is sent to the network to get corresponding services. After that, a group of
RNCs is connected to a MSC/SGSN in a core network. Based on the service type, the
traffic, after being served, is further transmitted to external networks. In this case, a
“bottom-up” approach is an efficient network planning hierarchy. Therefore, the planning
of UMTS network can be divided into three planning areas [18, 19]:

e The cell planning for mobile terminals and node Bs;

e The access network planning for node Bs and RNCs;

e The core network planning for RNCs and core network elements.

The following sections will cover all three planning areas of UMTS networks in

terms of the different tools, methods and algorithms proposed so far.
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2.1 Sequential Approach

Solving the UMTS network topology planning problem is very complex. A popular way
to simplify the planning complexity is to decompose the problem into subproblems by
using, for example, a sequential approach. When using such an approach, three planning
subproblems are defined: the cell planning subproblem, the access network planning
subproblem and the core network planning subproblem. These three subproblems are
solved step by step to finally solve the whole planning problem as shown in Figure 2.1.
Besides the input to each subproblem itself, the output of the previous step turns out to be

the input for the next step, until the whole network problem is solved.

I

Input nput
Tnput Cell planning > Access network ) Core network Output
solution

planning > planning
subproblem subproblem subproblem

Figure 2.1: The sequential approach for UMTS network planning

Each subproblem has been extensively researched in previous studies. They will be

explained in details in the following subsections.

2.1.1 Cell Planning

Cell planning is a process to connect all mobile terminals through the air interface that
node Bs provide, as shown in Figure 2.2. As mentioned previously, UMTS networks
deploy the W-CDMA technique in the air interface. All mobile connections in a UMTS
network share the same frequency bandwidth. This makes simultaneous mobile
connections in the neighborhood the main cause for the noise level at the receiver of
mobile terminals. The coverage of a node B is not decided solely by the signal strength

level. In fact, traffic distribution, power control mechanism, transmission power limits
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and quality constraints may all be considered for the coverage prediction of a node B [11].
Furthermore, link direction has to be decided before the cell planning stage: the network
planner must choose to focus on uplink direction (from mobiles to node Bs), downlink
direction (from node Bs to mobiles) or both. Uplink direction is suitable for predicted
symmetric traffic, such as voice services. However, if the network is predicted to provide
more data services, such as web-browsing, where downloading is more prevalent than
uploading [20], downlink direction would be more appropriate for the consideration. The
studies on the fulfillment of cell planning with uplink direction, downlink direction and

both directions are shown in references [11, 21, 22] respectively.
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Figure 2.2: The scope of the cell planning

2.1.1.1 Cell Planning Objectives

From the operator point of view, the minimum investment with the best performance and
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long-term profitability is the ultimate goal for the network planning. For the cell planning,
this can be targeted into several objectives:

e Minimizing the network cost;

e Maximizing the coverage;

e Maximizing the capacity;

e Maximizing the signal quality;

e Minimizing electromagnetic field levels.

As we can see, the above criteria might be contradictory with one another. For
example, to maximize the coverage, the network planner may need to deploy extra node
Bs, thus increasing the network cost. In UMTS networks, all mobile terminals share the
same frequency bandwidth. It makes the UMTS network a self-interference network. The
coverage and capacity can be antagonistic to each other too.

The above concerns bring out a multi-objective planning strategy. Previous studies
proposed two ways to represent a multi-objective function. One way was to use a linear
combination of different objective criteria [23, 24, 25] to form a single objective function,
where different objectives were given a certain weight between 0 and 1. In the second
method, the problem was formulated by a set of decision variables (parameter
space/vector) and a set of objective functions (objective vectors). These objective
functions could be any of the above stated objective criteria [23, 24]. When there was no
solution that could improve one objective criterion without degrading the other objective
criteria, it could be said that the optimum solution was found. This method is referred to
the Pareto optimal solution. The objective functions in the set can also be assigned with a
weight correspondingly, known as weighting objectives, which is similar to the first
method. The weighted multi-objective functions give more flexibility to the network
planner by assigning higher (lower) weight to put more (less) emphasis on a given

objective.
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Besides the objectives that have been stated at the beginning of this section, some
other objective criteria were also proposed to evaluate the solution quality. In [24], a
downlink UMTS omni-cell planning problem was studied. Wu et al. built a model aiming
to maximize the transmission power, antenna height, and the assignment between mobile
terminals and node Bs. A combinatorial objective function was formulated with three
sections: minimizing the total cost of node Bs, minimizing the total emitted power by
active mobile terminals, and maximizing the total number of active connections. Two
constant weight parameters were applied on the second and third objective criteria. The
interference from inside and outside the cell, the maximum required power of mobile
terminals in a given cell and Signal-to-Interference Ratio (SIR) threshold at mobile
terminals were considered in the constraint set. Crainic et al. [17] dealt with cell planning
from the electromagnetic (EM) field level point of view. With the goal of minimizing EM
field level, the radio protection constraints, handover and downlink capacity constraints
were taken into considerations. Five objective functions, scaling five electrical field
levels, were formulated to model the field level as well as explore different solution

spaces.

2.1.1.2 Cell Planning Input

To solve cell planning problem, the following information is required as input [18, 28]:
traffic modeling; node B potential location information; node B model specification; and
node B coverage/propagation prediction.

® Traffic modeling

Mobile traffic distribution is a decision factor for the network topology planning. Since
the UMTS network provides both voice and data services, traffic distribution should be
differentiated based on the service type.

Several traffic models were studied in this subsection based on different design
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requirements. For the purpose of determining a network topology, traffic intensity model
is preferred [29]. In this model, mobile terminals were represented by the amount of
traffic (traffic intensity) requested from a given area during a fixed time interval, where
they were clustered or agglomerated to simplify the traffic description instead of
representing every single mobile terminal. These agglomerations were called traffic
nodes (TN) [30] or test points (TP) [28] for the purpose of measurement, such as signal
strength, quality of service, capacity requirement, and so on.

Classification of the area to be planned will also be done at this stage. It decides
what kind of area the planning will work on: dense urban, urban, suburban, rural, and so
on [19].
® Node B potential location information
Potential locations where node Bs can be installed need to be defined. In theory, node Bs
can be installed anywhere. However, constraints like geographical issues may make it not
possible in practice. Some locations are naturally good choices as potential sites, such as
the top of a building. However, some other locations cannot be installed with node Bs
because of, for example, block from other high-rise buildings. As a result, a discrete set
of possible locations should be provided.

Usually, the number of potential sites is more than the actual needed number of node
Bs. In [24], the potential sites were randomly generated with the uniform distribution
with a certain probability. In [19], the probability of whether a sub-traffic area would be
installed with a base station was decided by four factors: traffic density, building height,
terrain height and if there was a GSM site in the area. The bigger the probability is, the
more chance the base station would be installed in the analyzed area.
® Node B model specification
A series of parameters/features of available node B models need to be specified at this

stage [6]. One of the most important factors is the antenna type. Shall a directed or an
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omni-directional antenna be used? Antenna type decides the signal radiation degree,
which is then affecting the interference scope. Typical parameters that need to be
considered include the following: antenna height, tilt, azimuth, transmission power,
sensitivity, switch fabric capacity and the cost.

® Node B coverage/propagation prediction

The coverage/propagation prediction can be used to approximately estimate the number
of node Bs needed in a given area. In W-CDMA, since radio frequencies are shared by all
node Bs [31, 32], it is not enough to predict the coverage simply based on the signal level.
Traffic distribution, signal quality (usually measured by SIR) and power control also need
to be taken into considerations [28].

Gould [33] described some challenges that radio network design engineers would
face when planning urban areas. When dealing with radio frequencies, many aspects,
such as signal propagation, attenuation and interference must be considered. Signal
propagation parameters can be obtained using actual measurement, which is very
complex. That is why different models have been developed in the literature. From
experimental results and statistical data, Okumura [34] developed several practical charts
in order to predict signal propagation. Later, on the basis of Okumura curves, Hata [35]
proposed an empirical formulation for propagation loss. This model, called the Hata
model, is widely used in telecommunications networks. Other models such as COST 231
[36], extended the model proposed by Hata to the upper frequency band (1500 MHz< f <
2000 MHz).

As mentioned previously, the W-CDMA technique in the UMTS network air
interface constrains interference for mobile terminals mainly from the neighborhood
mobiles sharing the same frequency bandwidth. The transmission power of the mobile
terminal is limited. If far away from the node B and surrounded by the high level

interference, the mobile terminal may not be able to get the minimum acceptable SIR
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[28]. That is, cell coverage is heavily affected by the traffic distribution and interference.
On one side, a cell can cover a large number of users if they are relatively close to the
node B. On the other side, the cell will only be able to cover a few users if they are
located far away from the node B. This phenomenon makes reference to the cell
breathing effect. As shown in Figure 2.3, the cell breathing effect can be defined as the
constant change in the coverage area with respect to the amount of traffic. When a cell
becomes overloaded, the interference will increase and therefore, the cell size will
decrease. Users that are excluded from a cell will usually be redirected to neighborhood
cells. It is important to keep the transmission power of the node Bs and mobile terminals
at the minimum levels while ensuring adequate quality at the receiver [37]. Serious power
control mechanism has been adopted in the UMTS network. References [20, 21, 28, 38]

provide detailed studies of power control for the UMTS cell planning.

Coverage area

Figure 2.3: Cell breathing effect
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2.1.1.3 Cell Planning Output

Following a “bottom-up” planning scheme, cell planning is the first step in order to
connect subscriber traffic to the UMTS network, as shown in Figure 2.2. The general idea
behind the cell planning problem is to cover all mobile terminals in a given region with
the minimum number of node Bs. More precisely, the cell planning problem usually deals
with one (or more) of the following item(s):

¢ The optimal number of node Bs;

e The best locations to install node Bs;

e The types (or models) of node Bs;

e The configurations (height, orientation, tilt, power, etc.) of node Bs;

e The assignment of mobile terminals to node Bs.

2.1.1.4 Cell Planning Tools

The cell planning problem has been proven to be NP-hard [28]. As a result, most
planning tools are based on approximate algorithms.

Downlink omni-cell planning task solved by greedy algorithm, tabu search and
simulated annealing were presented in [24]. The result showed that the tabu search had
the best performance. In [39], the problem of locating node Bs was studied. Greedy
algorithm, genetic algorithm and a combination algorithm for total optimization (CAT)
were proposed to solve the problem, where CAT was superior in terms of the computation
time and solution quality. An integer programming formulation was proposed in [40] to
solve the node B placement problem in the uplink direction. Randomized greedy, reverse
greedy heuristics and the combined randomized add and remove algorithm were applied
to the cell planning problem. For medium to large size problems, randomized add and

remove algorithm showed its capability to find good solutions with an acceptable amount
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of computation time. Taking into account of fast power control, soft handover, and pilot
signal power, a model was built for node B location selection with the consideration of
both uplink and downlink direction [37],. In their paper, the simulated annealing,
evolutionary simulated annealing, genetic algorithm and greedy search were compared in
terms of the computation time and solution quality as a reference for heuristic selection.
In [41], on the basis of greedy algorithm search result, tabu search was used to optimize
the node B location and configuration problem in an uplink direction model. The genetic
algorithm, simulated annealing, tabu search and greedy algorithm were compared in [42]
for node B location selection. The power control, soft-handover (SHO) and common pilot
channel (CPICH) power were considered in the model. Tabu search demonstrated its
superiority in finding a good quality solution within reasonable computation time.

Different from only using one meta-heuristics, Crainic et al. [17] proposed to
cooperate two meta-heuristics, tabu search and genetic algorithm, in parallel to fulfill the
task of automatic planning. The model was designed to solve not only node Bs’ location
and emission power but also the antenna height, tilt and orientation. It was proven that
the tabu search was good at deep search of solution space but with relative small
configuration parameters. The genetic algorithm could explore the whole set of the
configuration parameters but with high computing cost. In the proposed method, the tabu
search worked independently on different parts of the solution spaces with different
objectives. The result from the tabu search would then be combined together as the initial
solution of the genetic algorithm. The result from GA would then further increase the TS
diversification. The result proved that this cooperative method was able to deal with the
high volume of configuration parameters to get an accurate planning.

Once we have the location and configuration of node Bs, the next step is the access
network planning. The output of the cell planning will be treated as the input for the

access network planning, along with some other input information.
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2.1.2 Access Network Planning

The access network is used to concentrate connections and trunk them to the upper level

core network [43], as shown in Figure 2.4.
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Figure 2.4: The scope of the access network planning

2.1.2.1 Access Network Planning Objectives

Currently, the objective of the access network planning focuses on two aspects: the
cost-based planning and the reliability-based planning.

® Cost-based planning objective

In [18], the equipment cost was composed of the RNC cost and the access concentrator
cost, represented as a stepwise function with respect to the expected traffic. The link cost
consisted of links between different node Bs, from RNCs to node Bs, from RNCs to core

networks nodes, as well as links between different RNCs for signaling messages and



32

handover traffic. The total link cost was a piecewise linear function of link length and a
stepwise function of expected traffic on the link. The access network cost was a tradeoff
between the sum of the equipment cost and link cost. Apparently, using high capacity
RNCs would decrease the total number of RNCs needed, however, at the cost of
increasing the link usage. The goal of the access network topology planning was to find
the minimal equipment and link cost while satisfying the traffic requirement.

The RNC type was not differentiated in [43]. Their objective function included the
cost of RNCs and links. The total cost of RNCs was calculated as a linear function of
RNC number. The total link cost was a step-wise function with respect to the link
capacity, with the consideration of inter-node B links, which were arbitrary in the model,
and links between node Bs and RNCs.

The handover, also called handoff, is the process where mobile terminals maintain
communication with the system when moving from one coverage area to another one.
Related studies appeared in [44, 45, 46, 47], where handover was differentiated into two
types: simple handover (two cells connected to a same switch) and complex handover
(two cells connected to two different switches). The decision-making process for
handover type is done at RNC. It takes 10-80ms, which is roughly two times the
air-interface capacity used by a mobile terminal under non-handover situation [20]. As we
can see, the handover is an important aspect when planning the radio access network
capacity. Thus, in [44, 45, 46, 47], when assigning cells to switches, the objective
function consisted of not only link cost, but also a virtual cost generated by the handovers.
In [44, 45, 46], the handover cost only included complex handovers and the cost of
simple handover was neglected. However, in [47], the handover cost was defined as the
cost from both simple and complex handovers.

Wu et al. [48] built a model to find the RNC locations and assigned node Bs to

RNCs. The objective function of their model contained hardware cost, including RNC
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cost and link cost, as well as the handover cost. Only complex handovers were taken into
consideration in this paper.

® Reliability-based planning objective

Besides building an access network with minimum cost, the reliability of a network is
also an important aspect that needs to be considered by network planners. Different from
wired networks, small failure in one part of the network may cause serious consequences
on neighbor networks. In fact, mobile terminals that are disconnected from a network will
try to re-connect to neighbor networks, thus increasing the target network load and
degrading their performance or even getting the networks down.

Since reliability comes with cost, network planners need to find a balance between
network investment and reliability/survivability. Szlovencsak et al. studied this tradeoff
by building a network with reasonable cost as well as an acceptable traffic loss. In the
first phase of their two-phase method, the objective function was a linear combination of
two types of cost [49]: structural cost (including RNC and node B cost as well as the link
cost) and penalty cost (caused by a network failure). The parameters in the cost function
could be adjusted to change the weight of reliability related penalty cost. Based on the
topology obtained from the first phase, the second phase tried to add new link in order to
increase reliability. The objective function of the second phase was composed of the cost,
node availability, and new added link length to finally find the lower cost solution. The
final result would match the required reliability with an acceptable cost.

Charnsripinyo et al., in [50], also proposed a two-phase method to design a network
topology with optimal cost. The first phase aimed to build a minimum cost network. The
objective function only contained the cost generated by links. The second phase objective
function consisted of the total cost of the new links needed to reach reliability

requirement.
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2.1.2.2 Access Network Planning Input

A lot of information is needed in order to plan the access network. Typical input
information can be summarized as follows:
e The physical location and type of the node Bs that are installed (can either be

given or obtained by solving the cell planning subproblem);

The traffic demand going through each node B (can either be given or obtained

from the cell planning subproblem);

The set of potential locations to install the RNCs;

The different types/capacities of RNCs (this can include the number of ports, the

switch fabric capacities, and so on);

The different types/capacities of links available to connect the node Bs to the
RNCs;

e The handover frequency between adjacent cells.

Wu et al. mainly focused on the constraint-based optimization model for the access
network design in [48, 51]. The limited traffic capacity and available ports of a RNC for
connecting node Bs were specified as corresponding constraints to reduce the problem

complexity.

2.1.2.3 Access Network Planning Output

Based on the cell planning result, the access network planning will work on clustering the
node Bs into RNC areas [18, 19]. It will deal with one or more of the following aspects:

e The optimal number of RNCs;

e The best location to install the RNCs;

e The type (or model) of RNCs;

e The link topology and type between node Bs and RNCs;
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e The link topology and type between RNCs;
¢ The link topology and type between node Bs.

2.1.2.4 Access Network Planning Tools

Most of the time, a star or a tree topology will be selected to build an access network. In a
star topology, all node Bs have their own link(s) directly connected to the RNC. A tree
topology is implemented when a node B provides connectivity for other node Bs to the
RNC. The topology built in [48] was a typical star topology. In their model, only link cost
between node Bs and RNCs was considered. Also, there was no notion of degree
constraint for the node Bs. More information about the star topology can be found in [14,
51].

In [43], Harmatos et al. utilized simulated annealing and greedy algorithm to build a
tree topology for the access network. The initial state (the number and locations of RNCs)
was randomly generated for the given node Bs. The simulated annealing algorithm was
used for finding the optimal state of the RNCs. Then, the greedy algorithm was applied
for determining the access links from the RNCs to the node Bs to build a minimum cost
tree. The tree construction was later proven to be the bottleneck of their planning
algorithm. In a later work of Harmatos et al. [52], an access network was built for only
one RNC using a new algorithm, which was closely related to the spanning tree problem.
This new algorithm was said to be capable of solving those multi-constrained capacitated
tree optimization problems with non-linear objective function. Afterward, Juttner et al.
[13] improved this tree topology planning with a two-step method. Firstly, the overall
UMTS access network was planned using a “global algorithm”, which was a combination
of the simulated annealing and the b-matching algorithms. Then, a “local algorithm”,
based on the branch-and-bound algorithm with Lagrangian lower bound, was applied to

plan or improve the single tree in the trees obtained from the previous step. Test results
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demonstrated further reduction of network cost.

Lauther et al. [18] handled the access network topology planning as a clustering
problem. Given the location of node Bs, they provided two methods to construct the
cluster. The first method was based on the tree generation and cutting. Multidimensional
binary search tree algorithm (or k-d tree) was applied to generate a proximity graph [3, 53,
54]. This proximity graph was then calculated using Prim’s or Kruskal’s algorithm to find
the minimum number of links needed to connect all nodes. Then linear tree partitioning
algorithm, proposed by Kundu and Misra [55], was used to cut the tree into subtrees
(clusters). RNCs were assumed to be located at the potential locations near the cluster
center (based on the traffic distribution). The second method made use of Kruskal-like
algorithm, starting by considering each node B as a cluster. At each iteration, two clusters
were merged and it kept doing this merge as long as the total cost could be reduced
during the merge.

Providing network reliability is not a trivial issue in wireless communication,
especially in 3G network, which is expected to support high-speed multimedia services
with guaranteed quality of service (QoS). Network reliability/survivability need to be
incorporated with the network infrastructure. It is known that a tree topology does not
provide reliability in case of a failure. Szlovencsak et al. [49] proposed a two-phase
method to build an economical and reliable network. The first phase was based on the
minimum cost tree proposed in [43, 52], which was using the simulated annealing
algorithm to modify (add or remove links while keeping tree topology) the trees
considering the reliability issues. The first phase solution was good enough for the
planning with less strict reliability requirement. The second phase would add redundant
links between the node Bs to secure the weakest part of the network. Both greedy and
randomized methods were proposed for this phase. The randomized method was finally

preferred to select which node Bs would be connected.
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Instead of using tree topology, Charnsripinyo and Tipper [50] proposed a two-phase
method to build a mesh topology for access network, aiming to finding the minimal
network cost, as well as satisfying QoS and survivability requirements. A shortest-path
routing algorithm with link-cost metric was presented in both phases to minimize the

routing cost.

2.1.3 Core Network Planning

The core network is the center of the whole network. It fulfills main functions of UMTS
networks and provides access to external networks, as shown in Figure 2.5. In the core
network, real time services, like voice, are routed to the PSTN, while high-speed data
traffic is directed to the public IP networks. Besides traffic switching, the core network
also provides QoS, mobility management, network security, and billing [56]. In the
sequential approach, the core network planning is the final but not trivial step because of

its nuclear position in the whole network.
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Figure 2.5: The scope of the core network planning

2.1.3.1 Core Network Planning Objectives

The objective of core network planning is to build a cost-efficient network while
respecting the QoS [56]. Not many studies have been dedicated done on the UMTS core
network planning problem. This can be explained by the fact that this subproblem is
similar to wired network planning problems.

Harmatos [12] formulated the objective function with a linear combination of
equipment and link costs. The equipment cost was composed of hardware cost,
installation cost, and port/interface cost. It was applied for RNCs, MGws, and transport
nodes, which represented core network nodes. Link cost included the cost of links
between different RNCs, RNCs and MGws, MGws and transport nodes, as well as
between different transport nodes. In the objective function, the link cost was represented

by a step-wise function of link capacity and a piece-wise linear function of link length
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between repeaters.

Ricciato et al., working on GPRS network, focused on finding the optimal
assignment of RNCs to SGSNs on the basis of measured data [57]. The objective was set
to balance the number of RNCs per SGSN and minimize the inter-SGSN routing, which
was represented by minimizing the peak number of RNCs that could be connected to
SGSN, and minimizing the number of corresponding complex handovers. A parameter

was used to tune the weight of these two objectives.

2.1.3.2 Core Network Planning Input

Based on the output of the access network planning (UTRAN topology and
corresponding traffic distribution), the following inputs are used to plan the core network:
e The physical location of the RNCs (can be obtained from the access network
planning or measured from real data);
e The traffic demand (volume and type) going through each RNC (can be obtained
from the access network planning or measured from real data);
e The potential location of core network nodes;
e The different types/capacities of core network nodes;
o The different types/capacities of links available to connect RNCs to core network
nodes.
The location and the load of each RNC have a direct influence on the core network

topology planning.

2.1.3.3 Core Network Planning Output

The core network planning mainly deals with the assignment of RNCs to MSCs/SGSNss.

The output of the core network planning can be generalized with the following items:
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e The best location of nodes (MGw, MSC and SGSN etc.);
e The optimal number of nodes;

e The type/characteristic of nodes;

e The link topology and link type between RNCs (optional);

e The link topology and link type between RNCs and the core network nodes.

2.1.3.4 Core Network Planning Tools

Because of a greater routing diversity and reliability, a mesh topology will usually be
used in the core network [58].

In [12], Harmatos divided the planning problem into two steps: based on a randomly
generated initial solution, they first used the simulated annealing to decide the location of
MGws, links between MGws and RNCs, as well as links between MGws and core
network nodes. On the basis of the topology obtained from the first step, the second step
aimed to find the optimal path for the traffic. In this step, the simulated annealing and
simulated allocation (SAL), proposed by Pioro in [58], were applied and compared to
find the cost optimal routing path for the required traffic. The result showed that the
simulated annealing was good for small size problems, while SAL is superior for large
size problems.

Ricciato et al. [57] implemented an integer linear programming (ILP) model to solve
the linear combination of two objective functions. They first obtained the optimal
solutions for the primary objective. Then the solutions obtained from the first step,
together with other original problem constraints, worked as the constraints to solve the

secondary objective.
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2.1.4 Sequential Approach Summarization

As stated before, the goal of using a sequential approach to solve the UMTS network
planning problem is to reduce the problem complexity. In fact, we end up with three
different subproblems, where solving each one of them is easier than solving the whole
problem. As a result, more details can be considered for each subproblem.

The sequential approach also has drawbacks. The major disadvantage of this
approach is that each subproblem is considered independently from one another, which
easily leads the overall planning to a local optimum. Most of the time, the combination of
subproblem optima does not provide an optimal solution to the global problem. Moreover,
there is no integration strategies being developed yet to incorporate all partial solutions in
order to obtain a global solution. Integration techniques are very difficult to be developed
because we need to have a global view of the network.

A different way of planning the UMTS network is to use a global (also called

integrated) approach.

2.2 Global Approach

As mentioned previously, a sequential approach breaks down the whole network planning
problem into three subproblems and solves them in sequence. A global approach,
however, considers at least more than one subproblem simultaneously. Since
interconnections between the subproblems are taken into consideration, the global
approach has the advantage of providing solutions that are closer to the global optimum.
In Figure 2.6, all three subproblems are considered simultaneously. As a result, the
optimal solution can be obtained at the expense of computational complexity. As stated in
section 1.2, all three subproblems are NP-hard. Consequently, the global planning
problem of UMTS networks is also NP-hard.
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Figure 2.6: The global approach for UMTS network planning

The network planning objective in a global approach is more general than its
counterparts in sequential approaches due to the fact that the global approach deals with
two or three subproblems together. Existing studies mainly focus on minimizing the
network cost, while satisfying network performance requirements. There are three
research directions: the UTRAN planning, the access and core network planning, and the
whole network (the cell, the access network and the core network) planning.

Zhang et al. [19] proposed to use a global approach to solve the UTRAN planning
problem, aiming to position node Bs and RNCs, decide the number of the nodes, and the
link connections between them with the minimal network cost.

Chamberland and Pierre [59] focused on GSM access and core network planning
subproblems. With given locations of base stations, nodes of access network and core
network were located, along with node types. The interconnections between the access
network and the core network, as well as link types were also decided. They designed an
automatic planning tool based on tabu search to find the minimum cost. With certain
modifications, the network model and implemented algorithm proposed in this paper can
also be applicable to the UMTS network.

St-Hilaire et al. [14] developed a mathematical programming model for global
planning of UMTS network in the uplink direction. Within an acceptable amount of time,
a local search heuristic was implemented to find a good solution for the node location,
link connections between network nodes, and the type of the network nodes and links. In

their later work [16], a planning tool based on the tabu search is proposed to solve this
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global planning problem with improved performances.

2.3 Section Remarks

The primary task of network planning is the topology planning, which demonstrates the
network node placement and the link connection. A well designed network topology
provides operators a proper investment budget on the network infrastructure and a good
basis for further network configuration refinement.

There are two main branches commonly applied on the UMTS network planning
problems: the sequential approach and the global approach. In the sequential approach,
the planning problem of the overall UMTS network is divided into three subproblems:
the cell planning subproblem, the access network subproblem and the core network
subproblem. Thus, the overall network planning problem is solved by tackling the three
subproblems sequentially.

Since each subproblem is relatively easier to solve than the whole network planning
problem, the sequential approach can be time efficient. Moreover, more details can be
considered in each subproblem. However, since each subproblem is considered
independently, the combination of the optimal solution of each subproblem might not be
able to construct an optimal solution for the overall network planning problem.

A global approach consists of solving more than one subproblem simultaneously,
where all interactions among the subproblems are taken into consideration. As a result,
the global planning gains the advantage of finding solutions that are closer to the global
optimum. If all three subproblems are considered simultaneously, the global optimal
solutions can be obtained. However, since each subproblem has already been proved to
be NP-hard, we can easily assume that the global planning problem is also NP-hard. In
fact, the global approach becomes much more complex than the sequential approach due

to the consideration of subproblem interactions. This urges the development of efficient



automatic planning tools to finally build a cost-effective network.
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Chapter 3

Network Model and Planning Tools

As mentioned previously, meta-heuristics are usually used to solve combinatorial
optimization problems. In this chapter, we will firstly describe the mathematical model
for the global planning problem of UMTS networks. This model will be used to evaluate
the quality of the proposed planning tools. Then, the next two subsections provide the
detailed design strategy of the new planning tools based on genetic algorithm and
simulated annealing respectively. A planning tool based on tabu search will also be
briefly described in the following subsection for performance comparison purpose.
Finally, a novel planning tool based on the cooperation between genetic algorithm and
tabu search is designed in order to obtain better solution quality for the network planning

problem.

3.1 Exact Mathematical Model

In the UMTS network topology planning problem, finding out the network topology
while minimizing the cost is the ultimate goal. Several constraints are used to define the

solution space (or guarantee the feasibility of potential solutions), which will be explored
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during the search process of the implemented meta-heuristics. The model for the global
planning problem has already been studied and proposed in [14]. However, for the sake
of completeness, the model is summarized in Figure 3.1. It is only formulated in words

for readability reasons.

Obijective function: min( €, & C,(x))
Subject to:
* Uniqueness constraints
 Assignment constraints
* Equipment capacity constraints
* Link capacity constraints
* Traffic flow conservation constraints

Figure 3.1: The UMTS network planning model

As we can see, the objective function is composed of two items: the cost of nodes

(C,) and the cost of links and interfaces (C, ). These two items are represented by

equations 3.1 and 3.2 respectively.

Cy =2 D %" 370, > %" +370, > %"+ b, > x," (eq. 3.1)

teT, ieS, teT, jes, teTy keS; teTy leS,

C = z Z Z alzijmvlzijm 4 Z Z z azzjkaz3 km zz za24j|mvz4j|m (eq.3.2)
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In these equations, Si, Sp, Sz and Sy are respectively the set of potential sites to install
the node Bs, the RNCs, the MSCs and the SGSNs. Ty, T,, T3 and T4 are sets of node B
types, RNC types, MSC types and SGSN types. Similarly, M1z, M2z and Mys are
respectively the set of link and interface types that can be used to connect node Bs to

RNCs, RNCs to MSCs and RNCs to SGSNs. Variables a (@12, a3, a24) and b (by, by, b,
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bs) respectively represents the cost of a given link type between two locations and the
cost of a given type of network equipment. Finally, V (V12, Va3, V24) and X (X1, X2, X3, X4) are
two decision variables. The first one corresponds to the number of links of a given type
between two locations and the second one simply indicates if a piece of equipment of a
given type is installed (or not) at a given location.

As shown in Figure 3.1, the solution space is defined by a series of constraints. The
uniqueness constraints limit the number of node that can be installed at each potential site
to one. The assignment constraints state that each TP must be covered by one node B
(while respecting the minimum receiving power and SIRpi), each node B must be
connected to one RNC which must be linked to one MSC and one SGSN. The constraints
for the equipment capacity guarantee that the total volume of outgoing traffic is smaller
than the switch fabric capacity and the total number of outgoing links is smaller than the
total number of available interfaces on the node. Link capacity constraints make sure that
the total traffic on all the links between two locations is smaller than the total capacity of
these links. Finally, the traffic flow constraints ensure that for each node installed, the
total outgoing traffic will be equal to the total incoming traffic. For more details about the
mathematical model and the mathematical formulations of the constraints, please refer to
[14].

The previous mathematical model has been shown to be NP-hard. As a result,
approximate algorithms are expected to build network planning tools. In the following
subsections, planning tools based on genetic algorithm, simulated annealing, tabu search

and a new cooperative method will be described.

3.2 Planning Tool Based on Genetic Algorithm

The genetic algorithm is a well-known meta-heuristic and is frequently used to solve
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network planning problems [25, 26]. It is a class of evolutionary algorithm as it is an
analogue of the natural selection from Darwin’s theory.

The genetic algorithm starts the reproduction process by generating an initial
population. This initial population represents a subset of possible solutions to a particular
problem. Each individual in the population is then evaluated by the given objective/cost
function to obtain a corresponding fitness. For maximization (minimization) objective
function, the higher (lower) the objective function value is, the higher (higher) the
individual fitness will be. The parent individual selection is based on the individual
fitness. The higher the fitness level is, the higher the probability that the individual will
be selected to reproduce. By applying different recombination operators such as
crossover or mutation (or both), offspring are generated. This reproduction process shares
some characteristics from both parent individuals. Finally, offspring will be integrated
into the current population to create the next generation by either replacing the whole
current population or part of it. This reproduction process favors the “mating” of the more
fit individuals, such that the promising search areas are explored. With a good design, the
genetic algorithm will usually converge to “acceptably good” solutions to the problem
“acceptably quickly” [62]. The whole process stops when the predefined conditions are
reached. There are several basic components in the genetic algorithm. The following
subsections provide a close look at each of these components to find a good design

scheme for the global UMTS network planning problem.

3.2.1 Initial Population
As mentioned previously, the initial population is a group of potential solutions for the
problem. There are two factors that need to be taken into consideration for the initial

population: the population generation and the population size.
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3.2.1.1 Initial Population Generation

The first step of applying the genetic algorithm on a particular problem is to decide the
population representation scheme. There are two classes of encoding schemes: the binary
encoding scheme and the non-binary encoding scheme. The choice of the encoding
scheme depends on the problem.

In the binary encoding scheme, the decision variable is represented by 0 or 1. For
example, in the UMTS network planning problem, the binary code could be used to
indicate if the corresponding site is installed with a network node or not. Figure 3.2 is an
example of 0-1 binary encoding scheme, where 1 means the corresponding site is

installed with a network node and | is the solution string length [63].

Column (site) 1 2 3 4 5 I-1 I

Bit string 0 1 1 0 1 . 0 1

Figure 3.2: The binary encoding scheme

However, in some other problems, it is not efficient or suitable to use the binary
encoding scheme. For instance, in the UMTS network planning problem, different types
of network nodes are available for each site. In face, we need to decide not only if a
network node will be installed on a specific site, but also which node type will be
selected. For example, if three types of nodes are available for each site, then the value
for each site will be chosen from four defined values: 0, 1, 2, and 3 (0 means there is no
piece of equipment installed). Figure 3.3 is a solution string example for a UMTS
network with five potential node B sites, three potential RNC sites, two potential MSC

sites, and two potential SGSN sites.
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node Bs RNCs MSCs SGSNs
1 2 2 1 3 2 0 1 0 2 2 0
node B RNC MSC SGSN
type 1 type2 type0 type2
(not installed)

Figure 3.3: A GA coding scheme for UMTS network planning

Genetic algorithm is stochastic in nature [63]. For non-binary encoding, random
values uniformly distributed between 0 and 3 must be generated. Once we have this
structure, it is easy to evaluate the feasibility and the cost of a given solution.

Some studies proposed to seed the genetic algorithm an initial population with
known good solutions, which might be obtained from other heuristic methods. As a result,
this would speed up the search and hopefully find a better solution. However, some other

studies argued that this could lead to premature convergence with a poor solution [64,

65].

3.2.1.2 Population Size

After deciding an appropriate way to generate the initial population, the next step deals
with the population size. A population is a group of potential solutions for the problem.
On one side, if the population size is too small, the search space will not be sufficient and
will lead the search to premature convergence. On the other side, if it is too big, the
search will be inefficient and the solution will not be found within a reasonable
computation time [66]. Choosing an appropriate population size is always a trade-off
between solution quality and execution time.

Intuitively, for a given solution string length, there should exist a corresponding
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optimal population size. Goldberg [67] proposed in his early research work that the
population size should increase as an exponential function of the string length. Some
empirical results indicated that a population size of 30 is adequate in many cases [68, 69].
The later research work of Goldberg and his colleague showed the linear dependency
relationship between the population size and solution string length [70].

Based on the assumption that all values are presented in the initial population,
Reeves [71] worked on finding the minimum size for a meaningful search, which meant
that every point in the search space should be reachable from the initial population by

crossover only. For binary strings, with string length of |, the minimum population size

(N) can be expressed as: N = ‘1+log(—| /InP,")/log?2 |, where PZ* takes the value of

99.9%, which means that the calculated minimum population size N will provide the
meaningful search with the probability of 99.9% [71]. For the non-binary / g-ary
alphabets (q possible values for a position in a string, where q>2) encoding scheme, the
derived expressions can be converted numerically into graphs for specified confidence

levels. Figure 3.4 gives an example for 99.9% confidence level.
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Figure 3.4: Solution string length vs. the minimal meaningful population size [71]

After building the initial population, each solution string (individual) in the
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population will be evaluated by the given objective functions (i.e. eq. 3.1 and 3.2) in
order to find the fitness. Based on the fitness of each individual, the more fit individuals
will be selected as parents to reproduce and finally form the next generation of

population.

3.2.2 Selection

Genetic algorithm is a population-based search method [72]. The search process starts by
selecting better individuals from the initial population according to the individual fitness
and reproducing them to generate offspring. The offspring will be improved generation
by generation in terms of fitness.

During the iterative searching process, the selection plays a critical role as it
determines the search direction. There are two factors that need to be considered during
the selection process. The first one is the selection pressure, which is the degree that the
better individuals are favored to. The second concept is the convergence rate [73]. On one
hand, high selection pressure will speed up the convergence rate over the search process,
which will increase the premature chance and lead to a sub-optimal solution. On the other
hand, low selection pressure will slow down the convergence rate. It will make the search
process take a longer time to find the solution or it may not be able to find a solution
within an expected computation time. There are a number of selection methods. The

following subsections will briefly introduce several popular selection methods.

3.2.2.1 Proportional Selection

A typical example of the proportional selection method is the roulette-wheel selection.
Giving a maximization objective example, the circumference of a wheel is divided into a

number of parts (the number equals to the population size). The length of each part is
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proportional to the proportion of the objective function value of an individual with
respect to the sum of objective function values all individuals [26]. The individual landed
on when the wheel is spun will be selected for reproduction. This process will be repeated

until the parent individuals with predefined number are selected.

(t)

Let { le, Xz(t),..., Xy denote the population of size N at generation t and f(Xi(t))

be the fitness of individual Xi(t) , wWhich is corresponding to the actual objective function

value of Xi(t) in the roulette-wheel selection. Then, the probability of selecting

individual I at generation t is given by equation 3.3 [72]:

: ")
px ) = m (eq. 3.3)

f=1

Since the roulette-wheel selection is based on the actual value of the objective
function of an individual, “super” individuals will have more opportunity to be

reproduced.

3.2.2.2 Tournament Selection

In tournament selection, firstly a group of individuals is randomly chosen from the
ranked population. Then, the individuals in this group (tour) are ordered based on their
ranks. The best individual in the group will be selected to reproduce. The process will
stop when the parents with the expected number are chosen. In tournament selection, the
tournament size influences the selection pressure. Usually, the tournament size, denoted q,
is set to 2. Then, the best one will be selected to reproduce in this 2-individual tour.
Increased selection pressure can be provided by simply increasing the value of g, because,

on average, the individuals selected from a larger group will have better fitness than from
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a smaller group [73].
For the g-tournament selection, the probability of selecting individual i at generation

t is given by equation 3.4 where the best individual has the lowest index (i) [72].

p(xi“))=$(<N ST - (N —i)) (eq. 3.4)

3.2.2.3 Linear Ranking Selection

In linear ranking selection, individuals are ordered according to their fitness. Each
individual is assigned a rank according to the objective function value. For example, the
worst individual in the population of size N will have the rank value of 1, while the best

individual gets rank N [74]. The probability of selecting individual i at generation t is

given by equation 3.5, where max+min=2, 1<max<2, p(Xi(t)) >0 for (i=1, 2,..., N),

and Z.N: | p(Xi(t)) =1 for each generationt [72].

. (max—min)(rank (x Dy-1)

N1 ) (eq. 3.5)

PO = (m

The performance comparison of the three selection methods is presented in Tables
3.1 and 3.2 in terms of solution quality and convergence rate respectively where N is the
problem size [72]. Table 3.1 shows that the linear ranking selection and the tournament
selection are superior to proportional selection in terms of average fitness. Table 3.2
provides the standard deviation of the convergence time of the three selection methods.

The linear ranking selection has the best convergence rate, which is 3-4 times the

convergence rate of the tournament selection. The tournament size of =2 for the



tournament selection and max=1.1 for the linear ranking selection are recommended.

Table 3.1: Comparison of solution quality (greater is better) [72]

. unit Proportional Tournament Linear ranking
selection selection selection
10 x107? 6.277 £1.159 6.476 £1.093 6.459 £1.095
20 %107 8.394 £1.317 9.368 £1.018 9.384 +1.065
30 x107 2.608 +£0.291 2.858 +£0.235 2.850 +0.230
40 %107 1.143 £0.115 1.231 £0.098 1.229 +0.095
50 x107* 5.958 +£0.504 6.416 £0.496 6.412 £0.499
Table 3.2: Comparison of convergence time [72]
" _— Proportional Tournament Linear ranking
selection selection selection
10 x10° 2.778 £0.928 1.510 £0.924 0.524 £0.239
20 x10° 8.274 £3.504 3.953 £3.850 0.917 £0.334
30 x10° 13.097+5.434 6.254 +6.072 1.603 +0.537
40 x10° 19.443+5.350 8.052 +£8.001 2.456 +0.529
50 x10° 27.611+£9.206 12.713+1.696 4.038 +£0.959
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After the parent individual selection, the next task is to reproduce them by applying

two operators: crossover and mutation.

3.2.3 Crossover

Integer or binary valued recombination strategies are usually termed as crossover

methods [26]. Different representations need different forms of crossover. For the UMTS
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network planning problem, for example, linear crossover will be applied.
The linear crossover operator can be represented as a binary string/mask m e {0,1}',

where | is the string length [10]. For example, a two-point crossover for the string with

|=6 can be represented as: 1 1 0 0 O 1. Then, one offspring from string a

(a, a,, &, a,, &, a,) and string b (b, b,, b,, b,, b;,b, ) is calculated using the
following operation: m®a@® m®b, where M is the complement of m and @, ®

denote the component-wise addition and multiplication respectively. As a result, the

offspring will be composed of the following components: (a,, a,, b,, b,, by, a,).

There are three main linear crossover methods: one-point crossover (1X), m-point
crossover and the uniform crossover (UX). Davis compared the three crossover methods
and concluded that the uniform crossover outperforms the other two methods [75]. In
uniform crossover, by generating the pattern of 0’s and 1’s stochastically (using a
Bernoulli distribution), we obtain the uniform crossover mask like 1 0 1 0 0 1. Bernoulli

parameter p can either be defined as p=0.5 or bias one parent by choosing an appropriate

value of p .

3.2.4 Mutation

There are two modes for the recombination operator to generate new individuals:
crossover — AND — mutation or crossover — OR — mutation. Some studies insist that
— AND — mode will finally find better solutions, while others believe that the search
process should always do something, either the crossover or the mutation, but not both
[10].

If — AND — mode is applied, the next step will be mutation. A mutation operator

can be generated by using a Bernoulli distribution. An operator against a string such as 0
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1 000 I, means that the value of positions 2 and 6 will be changed. For the binary
encoding scheme, the position value is changed either from 1 to 0 or vice versa. For the
non-binary encoding, changing a position value will be accompanied with deciding the
new value. This decision can be either stochastic or sequential.

There is a crucial parameter for the mutation operator: mutation rate. Some
practitioners suggest the optimal mutation rate of 1/1, where | is the string length. It
means to randomly mutate one bit per string. Other researchers believe that this fixed
mutation rate is too small to be efficient, especially when the GA has converged. Since
crossover works on combining good individuals at the initial search stage, the role of
mutation is not apparent. With the progress of the GA search, the crossover operator
becomes less productive, while mutation begins to take more responsibility for the search
process. In fact, when the search starts to converge, mutation becomes the main factor for
the search. This means that the adaptive crossover and the mutation rate will outperform
the fixed rate for these two operators. Davis [75] proposed the use of the adaptive
crossover and the mutation operator fitness to improve genetic algorithm search

efficiency.

3.2.5 New Generation Construction

Once operators like selection, crossover and mutation are applied to some individuals in
the population, new offspring can be generated. We have already seen that considerable
efforts have been spent to obtain a good solution. If we simply replace the whole parent
population with a newly generated population, good ones in the parent population will be
thrown away with no opportunity of further reproduction. To avoid this, some studies
worked on finding an appropriate way to construct the new generation of the population.
One of them is the steady-state reproduction [75], where the number of offspring to be

generated is an important parameter in order to have a steady-state reproduction. In the
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steady-state reproduction, n offspring are generated through the reproduction operations
(as mentioned above). Then, the generated offspring will replace the worst n individuals
from the parent population. Instead of generating a full size (N) new population, the
number of offspring that needs to be generated will be decided first. The steady-state
reproduction can be done in three steps [75]:

e Generate n offspring through reproduction;

e Delete the n worst individuals from the parent population;

e Evaluate and insert the children into the parent population to construct a new

generation.
Typically, practitioners generate and insert just one or two offspring at a time [75].

It is important to note that the steady-state reproduction doesn’t really perform better
than replacing the whole previous generation if the offspring that are going to be
integrated to the parent population are duplicated to the parent individuals. Davis [75]
proposed the steady-state without duplication to solve this problem. The child individuals
that are duplicates with current parent individuals will be discarded, so that the
population members will always be different from each other. According to Davis’s study,
the overhead caused by duplication comparison is negligible compared to the time spent
in optimization. In many optimization problems, there will be a set of complicated
constraints for the problem. The infeasible children probably are generated from two
feasible parents. Usually, the infeasible individuals can be ignored to prevent them to be

inserted to the population.
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Figure 3.5 is the proposed genetic algorithm to solve the global planning problem of
UMTS networks. Individuals in the initial population are randomly generated. Each
individual can be represented as a one-dimensional array, where each element of the
array represents the status of a given location (i.e. whether or not a network node is
installed and which type of node is installed).

Once an individual is feasible and not duplicated, the next step is to evaluate the
“quality” of the solution by computing its cost. The latter is obtained by using equations
3.1 and 3.2. New members/solutions will be generated until the given population size is
reached. The population size is set to 50.

The following step is to rank all individuals from the population according to their
cost function values. The individual with the lowest cost will have the highest rank (such
as 50) or the highest fitness. Individuals will be selected using the linear ranking selection,
with max=1.3, as the parents to reproduce.

Crossover and mutation are both taken as reproduction operators. The uniform
crossover with the crossover rate of 0.5 is applied without the bias of one parent. Since
mutation takes more charge of increasing diversity rather than crossover when the
solution space starts to converge, the mutation rate is set to 1/l (i.e., only one position
value is changed) for the first three quarters of generations and 1/2 (i.e., half of position
values are changed) for the remaining generations.

Steady state reproduction is applied to construct new generations, where the number
of new generated offspring takes the value of 2. After calculating the cost, new offspring
are integrated to the parent population to form the next generation. The search process
will stop when the maximum number of generations (set to10,000) is reached.

It is important to point out that all the parameters mentioned above were selected

after several trials. The best results were obtained with these parameters.
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3.3 Planning Tool Based on Simulated Annealing

Annealing is a technique from statistical mechanics [76]. In the annealing process, a solid
material is initially heated over the melting point. At this point, the solid material turns
into liquid with randomly dispersed particles. Then the material is cooled down. During
the cooling process, the material structural property highly depends on the cooling rate. If
the material is cooled properly into low energy states and is controlled to stay in each
state for certain duration, all particles re-crystallize to a more ordered state. Finally, the
solid stable state is reached with the most ordered state and the minimum energy.
However, if the material initial temperature is too low and/or if the material is cooled too
fast, there could be imperfection in the crystals with higher energy.

Firstly proposed by Kirkpatrick et al. [8], simulated annealing analogizes the
annealing process, which is also the reason that this algorithm is called “simulated
annealing”. Simulated annealing is a powerful algorithmic approach for general
combinatorial minimization problems. It makes use of the cost function to evaluate the
solution (state) quality during the solution search process (annealing). The temperature is
the analogue of the control parameter guiding the solution search to find the global
optimum. If the temperature decreases too fast, the final solution may be trapped in a
local optimum with higher energy level. Meanwhile, if the algorithm convergence rate is
too fast, the final solution may also be trapped in a local optimum. Therefore, gradually
lowering the temperature in a well-controlled way and accepting temporary deteriorations
are necessary approaches for finding the final solution that significantly approaches the
global optimum in polynomial time. The deteriorations are controlled by the
configuration parameters to guarantee their acceptances. Table 3.3 shows the mapping

relationship between physical annealing and simulated annealing (cost-oriented) [77]:
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Table 3.3: Physical annealing vs. simulated annealing [77]

Physical Annealing Simulated Annealing
Material States Feasible Solutions
Material Energy Cost Function Value
Material State Changes Neighboring Solutions
Temperature Control Parameter
Material Frozen State Heuristic Solution

The annealing process starts at a high enough temperature point. Along with the
cooling phases, the solid will reach the thermal equilibrium at every temperature T, where
no further state improvement is expected with high probability, characterized by the

Boltzmann distribution as shown in equation 3.6 [78], where Z(T) is a normalization

E
factor, Kg is the Boltzmann constant and exp(-k_.l.) is the Boltzmann factor.
B

P{E=E}=

E
2T * exr)(—k?) (eq. 3.6)

When the well-controlled decreasing temperature approaches zero, the Boltzmann
distribution will concentrate on the minimum energy state with non-zero probability.

In 1953, Metropolis et al. [79] proposed Monte Carlo method (also called
Metropolis algorithm) to generate a solid state sequence, which simulates the solid state
changing to the thermal equilibrium at a fixed temperature T. Given the solid current state
(current positions of all particles), a particle is randomly chosen to do a small random
perturbation. The energy difference (AE ) between the current state and the new state will

be calculated. If the new state has a lower energy (AE <0), the current state will change
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to the new state. Otherwise (AE > 0), this acceptance probability of the new state will be
evaluated by the Boltzmann factor. The evaluation rule is also called Metropolis criterion
[78]. Following the rule, solid state will finally transit to thermal equilibrium. For the
whole process, the distribution of state acceptance probability approaches Boltzmann
distribution [78].

Simulated annealing can be treated as a sequence of Metropolis algorithms along
with decreasing temperature T. Thus, lowing the temperature T in a well-controlled way,
global optimum can be obtained by randomly sampling the neighborhood and accepting
the deteriorate solution according to Metropolis criteria. There are three key processes of
simulated annealing, which affect the quality of the final state: the state initialization,

state transformation/perturbation and temperature cooling schedule.

3.3.1 State Initialization

Simulated annealing starts with a random non-optimal initial state/solution. The same
coding scheme as in genetic algorithm can also be used in simulated annealing.
Improving the algorithm efficiency is always an interesting topic. Instead of randomly
generating an initial solution, some studies proposed to start the algorithm with a good
quality initial solution. An easy way to obtain relatively good solutions is to use a local
search heuristic. This strategy is called the two-stage simulated annealing (TSSA) [80],
which is proven to be able to improve the final solution quality, as well as decrease the
computation time. Please see [80] for more information on TSSA. Obviously, the initial
solution must be feasible. In this thesis, TSSA is applied by implementing a greedy

algorithm to obtain a good initial solution.
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3.3.2 State Transformation/Perturbation

Based on the initial solution, the SA search process will transform/perturb the current
state into a new state in its neighborhood. This transformation is also known to be the
Markov chain transformation, because the current state only depends on the previous
state. There are two common algorithms used for choosing another state j from the
neighborhood of the current state i: Metropolis algorithm and Glauber algorithm [81].

In Metropolis algorithm, if the difference of the cost functions between two states

(AC; =C(j)—C(i)) is smaller than or equal to zero (i.e. a better or same quality solution

is found), the acceptance probability of state j for the next state is set to 1. On the other
side, if the difference is greater than zero (i.e. a worse solution is found), then the
acceptance probability of the new state will be decided according to the Metropolis
criterion. The latter is a two-step process that works as follows:

Step 1: Generate a random number €[0,1);

AC,
Step 2: If the generated random number is less than exp(— = 1), then set the

acceptance probability to 1. Otherwise, reject the solution.

In summary, the Metropolis algorithm will accept all downhill moves (better
solutions) and part of uphill moves (worse solutions) according to the Metropolis criteria
to avoid being trapped into the local optimum. Glauber algorithm, on the other side,
evaluates the acceptance of all new states (downhill and uphill moves) according to a
certain decision criteria [81]. As we can see, the Metropolis algorithm is greedier than the

Glauber algorithm. For more information of Glauber algorithm, please refer to [81].

3.3.3 Cooling Schedule

As we can see from the decision criteria, such as Metropolis criteria, the acceptance
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probability of uphill moves strongly depends on the temperature T. Initially, when T is
very large, a big percentage of uphill moves will be accepted. This guarantees the
diversity of the search space. With the decrease of the temperature, the acceptance of the
uphill moves decreases. Finally, when the temperature decreases to a certain value, no
uphill moves will be accepted. Through the controlled uphill moves, simulated annealing
can avoid the solution being trapped in a local optimum and hopefully find the global
optimum.

A well-designed cooling schedule is the key for a successful simulated annealing.
Several aspects need to be defined for the cooling schedule [78]: the initial temperature,
the decrement rule of temperature, the termination condition, and the number of iterations

at each temperature (i.e. the length of the Markov chain).

3.3.3.1 Initial Temperature

Since the Metropolis algorithm will iteratively visit the states/configurations at a given
fixed temperature with a certain probability, there is a chance to miss the best state. To
reduce this chance, the initial temperature (Tp) has to be set high enough to be able to
visit almost any neighborhood state. At the same time, it cannot be set too high.
Otherwise, the search will become completely random and will not act as the defined
simulated annealing algorithm. Finding an appropriate starting temperature is a crucial

step.

Kirkpatrick et al. [8] proposed to choose a high value of T, and set the acceptance

ij

decision criteria of the worse solution as X, = exp(— ). Then a number of moves will

AC,

be made. After that, the initial temperature can be calculated according to TOZW.
0



66

Define the acceptance ratio X as the ration of the number of accepted moves over the total

number of moves. Given an empirical fixed value X, = 0.8, double the value of T, if

X < X, . Keep doing this until acceptance ratio X > X,. X, =0.9 is suggested by Das

et al. [81].

3.3.3.2 Decrement Rule of Temperature

Once we got the initial temperature, the temperature decrement rule needs to be decided.
According to Das et al. [81], two basic types of cooling schedules are commonly used.
The first one is called the exponential cooling schedule, which was first proposed by
Kirkpatrick et al. [8]. It is given by equation 3.7, where « is a constant and takes the

value of 0.95 empirically.
Tk+1 :a*Tka(kZOa 1527 ) (eq 37)

Some empirical studies said that « should take the value ranging from 0.8 to 0.99 [8].

The higher value of «, the longer the search process. Therefore, a better solution can be
obtained. Instead of the constant ratio (T,,,/T,) of the temperature, some studies

proposed a fixed number of decrement steps, say K. Then the calculation of temperature

T, atstepk (k=1, ..., K) is shown in equation 3.8 [83, 84] :

K-k
T, =%*To (eq. 3.8)



67

3.3.3.3 Termination Condition

It is usual to set the final temperature to zero as the stop criteria. However, this might
cause longer execution time of the algorithm. In practice, when the temperature
approaches zero, the acceptance ratio of worse move usually already reaches zero.
Therefore, the stop criterion can either be a suitable final temperature or when the
equilibrium is reached. At this point, the state probability distribution approaches the
Boltzmann distribution.

C, =T,
C,*T,

Das et al. [81] suggested that if is less than a value, such as 107, the

search process should be terminated. C, and C, are respectively the final and initial

value of the cost function while T, and T, are the final and initial value of temperature

respectively.

3.3.3.4 Iterations at Each Temperature

To obtain the thermal equilibrium at each temperature T in the cooling sequence, a
sufficient amount of transformation/perturbation iterations should be done. A constant
number of iterations at each temperature is one of the choices. Lundy [85] proposed a

scheme with one iteration at each temperature T. The temperature is lowered at a very

slow speed according to equation 3.9, where f 1is a suitable small value.

T
T= m (eq. 3.9)
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3.3.4 Performance Improvement Strategies

The simulated annealing gains its popularity because of its ability to solve NP-hard
combinatorial minimization problems. However, when the temperature becomes low,
many moves may be rejected before the search process actually moves to the next state.
This leads to a long computation time, which is an obstacle for the application of
simulated annealing. Many efforts have been done to overcome this drawback. There are
mainly two effort directions. The first one focuses on a parallel implementation of
simulated annealing [5]. The other one works on optimizing the cooling schedule. In this
thesis, cooling schedule optimization will be used to improve the algorithm efficiency [5,
86, 87, 88].

Various adaptive cooling schedules have been proposed to improve the performance
of simulated annealing [88]. One significant branch of them is Lam schedule, proposed
by Lam et al. [5] in 1988. As already mentioned, to finally get the material in the
minimum energy state, the material has to approach the thermal equilibrium at each
temperature point, which needs infinite temperature decrement [5] or infinite
computation time. By applying the Lam schedule to “cool down” the temperature, the
balance between the final solution quality and the computation time was reached, where
the temperature changing rate is also called Lam rate. The simulation results showed that
the computation could be sped up to 24 times of the general schedule. Please refer to [5]
for details of Lam schedule.

However, in Lam schedule, the user cannot predict the total number of moves for the
whole search process and when the process should end. Swartz et al. [89] observed Lam
schedule results from a large amount of experiments and worked out a default number of

total moves with a high probability to find the optimum solution as shown in equation

3.10, where N, is the number of variables that needs to be solved.
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4/3

total _moves =1500 N (eq. 3.10)

Swartz also summarized that the acceptance ratio (defined as the ratio of the number
of accepted moves over the total number of moves) and the new/remaining moves in Lam

schedule follow the pattern shown in Figure 3.6 [86].
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Figure 3.6: Pattern of acceptance ratio vs. new moves completed in Lam schedule [86]

Figure 3.6 is, in fact, the Lam rate changing process, where three periods were
presented. The effect of the Lam schedule was the basis of the Swartz schedule. Without
changing the effect of Lam schedule, Swartz et al. [89] simplified the temperature update
schedule in the Lam schedule and obtained almost the same solution quality, as well as
the same acceptance ratio curve as shown in Figure 3.6. Firstly, the acceptance rate starts
at almost 100% and decreases in exponential pattern. During this period, about 15% of

the total moves are finished. Then the acceptance rate stabilizes at about 44%. With this
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desired value of 0.44, the temperature decreases most rapidly, while satisfying the
equilibrium condition. About 50% of total moves are done at this period. After that, the
acceptance rate decreases again following an exponential pattern until the end of the
whole process.

Based on Swartz’s research results, Boyan [88], in 1998, further simplified the

temperature update strategy as shown in equation 3.11, where the cooling rate «

(a €{0.9999,0.99999,0.999999}) was recommended.

T, =T*a' (eq. 3.11)

Boyan schedule keeps using the Metropolis criteria to decide if a worse solution will

be accepted. In Metropolis criteria, assuming a constant ACj; | the smaller the

temperature T is, the smaller the acceptance probability will be. Since Boyan schedule is
based on Swartz’s modified Lam schedule, to follow the pattern in Figure 3.6, when
acceptance rate is greater than Lam rate, i takes the value of +1 (decrease the
temperature), and -1 (increase temperature) otherwise. For more information about the

Boyan schedule, please refer to [88].
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Figure 3.7: Simulated annealing algorithm

Figure 3.7 is the designed simulated annealing algorithm for the global UMTS network

planning problem. Instead of randomly generating an initial solution, TSSA is used to get
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the search process a better and feasible start point. The initial temperature, T,, is set to

be 10 times the highest cost of candidate network nodes, which is 5,000,000. Equations
3.1 and 3.2 are used to evaluate the solution quality during “annealing”.

Based on a series of literature review and several experiments, the Boyan schedule is
used to schedule the temperature cooling process. The total number of moves, proposed

by Swartz et al., is given by equation 3.10. The decrement rate « =0.999, together with

the initial temperature T, =5,000,000, has been proved to be able to provide the best

solutions. One iteration at every temperature T is implemented in the search process.

3.4 Planning Tool Based on Tabu Search

In this section, we briefly present the tabu search algorithm, as proposed in [16], for the
global planning problem of UMTS networks. The latter will only be used for comparison
purposes.

Tabu search is an adaptive search technique [82], using the best improvement local
search as the basic ingredient. By allowing temporary solution degradation, tabu search
avoids the search process being trapped into the local optimum. Two mechanisms, the
short term memory and long term memory, can be applied to keep track of attributes of
previously visited solutions and guide the tabu search process. The main steps of the tabu

search algorithm, as proposed in [16], are outlined in Figure 3.8.
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Step 1 Initial solution
Find an initial solution using a basic local search algorithm as
proposed in [14].

Step 2 Tabu Search
Repeat Steps 2.1 to 2.2 for certain iterations
Step 2.1 Explore the neighborhood
2.1.1 Determine the best move, while taking into
consideration the tabu moves and the aspiration
criteria. The cost of the solution is the total cost
of the network.
2.1.2 Determine the number of iterations (according to
a uniform distribution) for which the chosen site
is tabu
Step 2.2 TS best solution update
If the cost of the current solution is less than the cost of
the best solution found so far, update this best solution.

Step3 Multi-start

Step 3.1 Update the solution
If the cost of the current solution is less than the cost of
the best solution found so far, update this best solution.

Step 3.2 Stop condition
If the number of start is smaller than the maximum
allowed number of starts, go to step 2. Otherwise, return
the best cost found so far.

Figure 3.8: Tabu search algorithm as proposed in [16]

As shown in Figure 3.8, the tabu search algorithm initiates the search process based
on the local search result, which provides tabu search a good start point. Then, the
potential solutions in the neighborhood are explored. 100 search iterations in total are
defined for tabu search. At each iteration, the neighbor with the lowest cost, while
considering the tabu moves and the aspiration criteria, will be chosen to be the current
solution. This solution will then be memorized as tabu for a given number of iterations,
which is randomly generated between 5 and 9.

A multi-start tabu search is proposed in [16], where the number of the multi-start is

set to 2. Since the duration of a solution staying in the tabu is randomly determined, the
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multi-start scheme may help the tabu search find different solutions for each search
process.

At each iteration during the overall search process, the current solution will be
compared with the best solution found so far in order to keep the best solution up to date.
When the whole search process ends, the best solution over the whole search process will

be the final output.

3.5 Planning Tool Based on the Cooperative Method

Amongst the three planning tools presented in the previous sections, an outstanding
characteristic of the genetic algorithm is that it is a population-based algorithm. Since
many potential solutions are visited at each generation, it is capable to explore a
comparatively wide area solution space. On the other side, both simulated annealing and
tabu search start the search process based on a single initial solution. The simulated
annealing search process randomly moves to a new solution with respect to the
acceptance criteria while the tabu search always finds the best solution in the
neighborhood of the current solution while considering the tabu list. Tabu search is well
known for its capability of intensive solution search with good performance [17]. To
improve the performance of the planning tool and make better use of the superiority of
different meta-heuristics, a cooperation between the tabu search and the genetic algorithm
is proposed to solve the global planning problem of UMTS networks. Figure 3.9 is the

implementation flow chart for the cooperative method.
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Figure 3.9: Cooperative method

In this cooperative method, at first, the genetic algorithm finds a group of solutions,
using the same process as stated in section 3.2. After that, the tabu search and genetic
algorithm search the solution space alternatively. A randomly chosen individual from the
last generation of the genetic algorithm is used as the initial solution for the tabu search.

The solution obtained from the tabu search is then integrated to the last generation of the
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genetic algorithm. As a result, a new generation is formed and the genetic algorithm can
keep searching the solution space based on it. This alternative search process will stop
when two consecutive cycles of .the algorithms do not have solution quality improvement
(count=2) or the maximum cycle iteration number (tsgalter = 3) is reached. A randomly
chosen solution from the last generation of the genetic algorithm in the cycle will be sent
to the tabu search to make the last solution search.

In the TS-GA cycle, the maximum generation number in the genetic algorithm is
decreased to half of the one in the original genetic algorithm (5,000) and the multi-start is
set to 1 in tabu search. Each time an algorithm finishes the search process, the final result
will be compared with the best solution found so far and update it if necessary. Finally
the best solution of the overall solution search process will be returned.

In the next chapter, simulation results based on these algorithms will be presented

and analyzed.
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Chapter 4

Experiment Design and Result Analysis

In this section, we will firstly outline how the simulations were developed, the simulation
environment and the data used to run the simulations. Results are then presented and

followed by a complete analysis.

4.1 Experiment Design

In our simulation, only the uplink direction is considered. The latter is very important
when the amount of traffic is balanced between the uplink and the downlink direction. To
model the traffic, the notion of test point is used. Each TP represents the traffic from
several co-located mobile users in a given area. The behavior of the signal propagation is
simulated by the model proposed in [25].

Three node B types, three RNC types, three MSC types and two SGSN types are
available for the network design. Their features are respectively presented in Tables 4.1
to 4.4. Moreover, OC-3 and OC-12 links can be used to connect the node Bs to RNCs.
DS-3 links are used to connect RNCs to MSCs and gigabit ethernet (GE) links are used to
connect RNCs to SGSNs (see Table 4.5). The costs of various types of interfaces (ports)

are also presented in Table 4.5.



Table 4.1: Node B characteristics

Type 1 Type 2 Type 3
Capacity (circuits) 100 200 400
Capacity (Mbps) 120 240 480
Number of interfaces 1 2 2
Sensitivity (dBm) -90 -100 -110
Cost (3$) 20,000 30,000 50,000
Table 4.2: RNC characteristics
Type 1 Type 2 Type 3
Switch fabric capacity (Mbps) 2000 5000 10,000
Number of node B interfaces 10 20 40
Number of MSC/SGSN interfaces 15 30 60
Cost ($) 50,000 90,000 120,000
Table 4.3: MSC characteristics
Type 1 Type 2 Type 3
Switch fabric capacity (circuits) 100,000 200,000 300,000
Number of interfaces 50 100 150
Cost ($) 200,000 350,000 500,000
Table 4.4: SGSN characteristics
Type 1 Type 2
Switch fabric capacity (Mbps) 20,000 40,000
Number of interfaces 16 32
Cost ($) 40,000 60,000

78



79

Table 4.5: Links and interfaces characteristics

Type Capacity Link cost ($/km) | Interface cost (3$)
DS-3 2688 circuits 2,500 1,500
0OC-3 155Mbps 1,500 2,000
0C-12 622Mbps 4,000 4,500

GE 1Gbps 4,000 2,000

As mentioned previously, each meta-heuristic has several tunable parameters and
components, which will eventually have impact on the quality of the final solution. Here
are the selected parameters and our implementation of those components for the proposed

meta-heuristics:

Genetic algorithm:
e Maximum number of generations: 10,000;
e Population size: 50;
e Selection: Linear ranking selection with max=1.3;
e Crossover: Uniform crossover with crossover rate of 0.5;
e Mutation rate: 1/1 for the first 3/4 generations and 1/2 for the rest;

¢ Steady-state reproduction with 2 offspring generated.

Simulated Annealing:
e Initial solution: Two-stage simulated annealing. A basic local search is used to
find an initial solution;
o Initial temperature: 5,000,000, which is 10 times the value of the highest
candidate equipment cost;

e Fixed number of total moves: 1500% N_*'°;
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e Acceptance/rejection criteria: Metropolis criteria;
e Cooling schedule: Swartz and Boyan modified Lam schedule, with a cooling

rate of 0.999.

Cooperative method:
¢ QGenetic algorithm with maximum number of generations of 5,000;

e Tabu search with 100 iterations and multi-start=1.

These parameters and component realization were selected based on many trials.

The best results were obtained from those empirical values.

4.2 Result Analysis

In this section, we present the experiment results to assess the performance of the

proposed algorithms. Four instances of 42 different problem sizes were randomly

generated within a 4km® area. Table 4.6 shows the 42 problem sizes. The first column

in the table represents the problem number. Column 2 shows the number of TPs that need
to be covered. The next four columns present respectively the number of potential node B
locations, the number of potential RNC locations, the number of potential MSC locations
and the number of potential SGSN locations. The 42 problems are divided into six groups.
Each group has seven different problems and the number of TPs increases from 10 to 40.
The number of node Bs increases from 10, 20 and 30 for group 1, 2 and 3 respectively, as
well as for group 4, 5 and 6. The first three groups have 5 potential locations for RNC,
MSC and SGSN. Finally, the next three problem groups have 10 potential locations for

these three equipments.



Group 1

Group 2

Group 3

Group 4

Group 5

Group 6

<

NN

N

<

N\

<

N/

<

Table 4.6: Problem sizes

Prohlem Mumber Mumber MNumiher MNumber Mumber
numbers of TPs of node Bs of RINCs of MSCs of SGSINs
1 10 10 5 5 5
2 13 10 5 5 5
3 20 10 3 5 3
4 25 10 5 5 5
5 30 10 5 5 5
[ 35 10 5 5 5
7 40 10 5 5 5
H 10 20 3 5 3
9 15 20 5 5 5
10 20 20 5 5 5
11 25 20 5 5 5
12 30 20 3 5 3
13 35 20 5 5 5
14 40 20 5 5 5
15 10 30 5 5 5
16 135 30 3 5 3
17 20 30 5 5 5
12 25 30 5 5 5
19 30 30 5 5 5
20 35 30 3 5 3
21 40 30 5 5 5
2 10 10 10 10 10
23 13 10 10 10 10
24 20 10 10 10 10
25 25 10 10 10 10
26 30 10 10 10 10
27 35 10 10 10 10
28 40 10 10 10 10
20 10 20 10 10 10
30 15 20 10 10 10
31 20 20 10 10 10
32 25 20 10 10 10
33 30 20 10 10 10
34 35 20 10 10 10
35 40 20 10 10 10
ki 10 30 10 10 10
37 15 30 10 10 10
33 20 30 10 10 10
39 25 30 10 10 10
40 30 30 10 10 10
4 35 30 10 10 10
42 40 30 10 10 10
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The computing platform used to obtain the results is a Linux PC with a 3 GHz CPU
and 1024 MB RAM.

Table 4.7 shows the results for the first instance of the 42 problems, referred to as
problem set 1 hereafter. The first column shows the problem number which corresponds
to the first column of Table 4.6. The following two columns contain the results obtained
by solving the mathematical model as proposed in [14], where CPLEX 10.1.1 is
employed to find the optimal solutions. These values are used to assess the performance
of the proposed algorithms. A CPU time limit (TL) of 30 hours is set for CPLEX. This
means that if CPLEX cannot find the optimal solution within 30 hours, it will return the
best solution found so far. Also, since the problem is NP-hard, even the memory of the
computer may be insufficient. In this case, CPLEX will return the best solution found
before it runs out of memory (OM). Columns 4 and 5 provide, respectively, the best
results and the corresponding CPU time obtained with the tabu search. Column 6 shows
the gap (expressed as a percentage) between the solution value obtained with the tabu
search and the value of the optimal solution. The following three columns show the best
solutions, the corresponding computation time as well as the gap for the genetic
algorithm. The next three columns are the results for the simulated annealing algorithm.
Finally, similar information for the cooperative method is provided in the last three
columns. The results for the other three instances (problem set 2, 3 and 4) are presented

in Appendix Al, A2 and A3.
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From all four problem sets (168 different problems), 126 problems gained optimal
solutions by using CPLEX (75%). The tabu search was able to provide the optimal
solutions for 82 different problems (48.81%). The genetic algorithm found 2 optimal
solutions (1.19%) and simulated annealing obtained the optima for 11 different problems
(6.55%). The cooperative method, which combines the tabu search and the genetic
algorithm, showed the superiority to all three other meta-heuristics. In fact, 63.10% of the
total problems (106 out of 168) had obtained the optimal solutions.

The comparison in terms of the solution quality amongst CPLEX, tabu search,
genetic algorithm, simulated annealing and the cooperative method for problem set 1 is
provided in Figure 4.1. Please refer to Appendixes B1l, B2 and B3 for the solution

comparison for problem sets 2, 3 and 4.
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Figure 4.1: Solution comparison (problem set 1)

Figure 4.1 shows six groups of solutions. Using CPLEX solutions as the reference,
we can say that the four planning tools are able to find solutions that are relatively close

to the optimal solutions. We can also notice that for each group of problems, solutions of
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the five planning tools increase with the increase of the TP number. This complies with
the fact that if more mobile users are present, more equipment will be needed in order to
cover all the users.

Figure 4.2 shows a clear graph for the 3rd solution group (problem 15 to 21).
Solutions from all planning tools increase as the TP number increase from 10 to 40. Table
4.8 shows the result for problem 18. As we can see, TSGA found the optimal solution. TS
returns a higher solution than the optimal one, but lower than the GA and SA, which
return the similar results. In fact, for the 4 problem sets, TSGA shows its superiority over

the other three planning tools. This can be shown from the statistical comparison in Table

4.9
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650000 s GA
600000 i’S*GA
S 550000 + ? —e— CPLEX
Z 500000 /
@)
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Figure 4.2: Solution comparison for problem 15 to 21 (problem set 1)
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Table 4.8: Solution of problem 18 (problem set 1)

Problem number 18 (2000 25 30 5 5 5)

Algorithms | CPLEX TS GA SA TSGA

Cost ($) 449794 | 463676 | 489855 | 489852 | 449794

Table 4.9 shows the statistical results over the four problem sets. The first three
columns represent the minimum, the maximum, and the average solution gaps. The
average solution gaps were computed only if CPLEX was able to find the optimal
solutions. The last two columns are respectively the standard deviation and confidence
interval (C. I.) for the average solution gaps. It shows cooperative method has 90 percent

confidence that the true mean solution gap is within the interval of [0.01%, 0.33%].

Table 4.9: Solution gap comparison (over four problem sets)

. Min. gap Max. gap Ave. gap Std. dev. 90-percent C. I.
Algorithms
(%) (%) (%) (%) (%)
TS 0.00 9.82 0.71 1.55 0.71£0.23
GA 0.00 12.68 3.31 3.52 3.311£0.53
SA 0.00 25.61 4.59 441 4.59+0.67
TSGA 0.00 9.82 0.17 1.06 0.17£0.16

The comparison in terms of the CPU time amongst CPLEX and the four planning
tools for problem set 1 is provided in Figure 4.3. Appendixes C1, C2 and C3 are
corresponding information for problem sets 2, 3 and 4. The statistical comparison of CPU

time over four problem sets are presented in Table 4.10.
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Figure 4.3: CPU time comparison (problem set 1)

As we can see from Figure 4.3, the four algorithms can provide relatively good
solutions in a reasonable amount of time. In fact, the CPU times of four algorithms
increase at a constant rate with respect to the problem size. We can also notice that most
problems were solved within 10,000 seconds. Even if CPLEX is faster for small size
instances, its CPU time is almost increasing exponentially with respect to the problem
size. It is important to note that a time limit of 30 hours was used for CPLEX. The results
in Table 4.7 implies that the required CPU times for problems 19, 21, 35, 38, 40, 41 and
42 may be much longer for CPLEX to find the optimal solution. This behavior is as
expected since, as mentioned before, the global UMTS network planning problem is
NP-hard. Finally, the small variation in the CPLEX execution time can be explained by

the fact that CPLEX is using the branch and bound algorithm.



Table 4.10: CPU time comparison (over four problem sets)

. Min. CPU Max. CPU | Ave. CPU Std. dev. 90-percent C. I.
Algorithms
(sec) (sec) (sec) (sec) (sec)

TS 12 1415 297 332 297150

GA 53 1376 290 214 290+ 32

SA 9 14765 3060 3063 3060+ 464
TSGA 73 4202 923 864 923+ 131
CPLEX 3 108000 35425 44339 35425+ 6711
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From the solution gap comparison shown in Table 4.9 and the CPU time comparison
provided in Table 4.10, we can summarize that the tabu search and the genetic algorithm
are able to use less CPU time to generate better solutions than simulated annealing. At the
same time, the cooperative method can provide a significant solution quality
improvement. In fact, an average gap of 0.17% is obtained which is roughly an
improvement of 76% over the gap obtained from the tabu search (0.71%). The
computation time of the new method increases slightly, but stays within an acceptable
range with 90 percent confidence that the true mean CPU time is within the interval of
[792, 1054] seconds as shown in Table 4.10.

The main idea behind these algorithms is to find an acceptable tradeoff between the
quality of a solution and the computation time required to find the solution. During the
simulation process, we noticed that, based on the same initial solution, tabu search may
search different solution space with the hope to find a better solution by increasing the
number of multi-start. This obviously increases the computation time, however, without
certainty of working out a better result. Similar for the genetic algorithm, with the
increase of the total generation number, the solution quality increases. However, after a
certain number of generations, the rate of solution quality improvement decreases. To

achieve a small amount of solution quality improvement, the total number of generations
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needs to be greatly increased, which corresponds to a significant growth of the
computation time.

In the cooperative method, the improvement of the solution quality can be explained
by the meaningful information exchanged between the tabu search and the genetic
algorithm. Comparing to the pure implementation of each meta-heuristic, the proposed
cooperative method makes use of the superiority of both the tabu search and the genetic
algorithm. The genetic algorithm is a population-based algorithm. It is capable to explore
a wide solution space during the search process. The result from the genetic algorithm
obviously provides the tabu search a good search basis. Then, the tabu search keeps track
of this input solution attribute to do an intensive search and find a better result. After that,
this better result is integrated into the last generation of the genetic algorithm. Based on
this new formed population, the genetic algorithm will be directed to a more promising
solution space. This iterative information exchange affects both meta-heuristic search
process and finally better results can be obtained. The most significant point is that this
great improvement of the solution quality is not necessarily accompanied with a sharp
increase of the computation time as its counterparts in the implementation of the
independent meta-heuristics. Such observations make the cooperative method be the most
efficient planning tool among those competitors.

In the real world planning, UMTS networks can be very large. Using CPLEX to
solve the UMTS network planning problem will be time-consuming. As a result, the
proposed algorithms are more appropriate in this situation. The new designed cooperative
method with the best solution quality and reasonable computation time is especially

recommended for solving the UMTS network planning problem.
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Chapter 5

Conclusions and Future Work

The primary goal of the UMTS network planning is the topology planning. To help
network operators gain a long term profit, efficient planning tools are necessary in order
to reach a delicate balance between network investment and performance. Since the
global UMTS network planning problem has been shown to be NP-hard, approximate
algorithms (based on meta-heuristics) must be used to find the balance between the final
solution quality and the computation time. The efficiency of the algorithm is problem
dependent. An appropriate selection and design of the meta-heuristics is the key for the
success of a planning tool.

In this thesis, we used two independent meta-heuristic algorithms (genetic algorithm
and simulated annealing) and applied them to our specific problem. On top of that, we
also proposed a cooperative method based on the tabu search and the genetic algorithm.
These three algorithms aim to solve the global planning problem of UMTS networks.
More especially, they consider simultaneously the cell, the access network, and the core
network planning subproblems.

During the simulation, four instances of 42 different problem sizes were randomly

generated and solved with the proposed algorithms. In order to assess the performance of
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those algorithms, we compared the results with the optimal solutions obtained from a
commercial solver named CPLEX. The results demonstrate the genetic algorithm and the
simulated annealing are able to find solutions with 90-percent confidence that the true
mean gap is within the intervals [2.78%, 3.84%] and [3.92%, 5.26%] from the optimal
solutions respectively. Even if these results are relatively good, they are not better than
the algorithm based on the tabu search which returns solutions with a mean gap in the
interval of [0.48%, 0.94%] with 90-percent confidence. However, when combining the
tabu search and the genetic algorithm in a cooperative manner, average solution gap has
90-percent confidence to be in the interval of [0.01%. 0.33%] from the optima.
Comparing to the exact algorithm, the main advantage of these proposed algorithms is the
speed up in terms of CPU execution time. Therefore, larger instances of the problem can
be tackled with the new proposals.

This research work has successfully shown that the proposed algorithms are able to
find good solutions within reasonable computation time for the global planning problem
of UMTS networks. Nevertheless, some aspects of it could be further improved. In our
simulation, the user traffic distribution is randomly generated for this network planning
project. There will be a certain difference from the real world network planning.
Furthermore, besides the network infrastructure costs, the operational costs, like
maintenance, reparation, rental, etc., are also important aspects concerned by the network
operators. Unfortunately, at this time, our algorithms do not consider these costs. Another
limitation is that CPLEX is not very efficient for solving medium/large size problems. As
we saw from the simulation results, several problems were not solved within the time
limit. As a result, it is difficult to evaluate the quality of the proposed algorithms for
medium/large size problems since there is no comparison value.

Some future works of this project may consist of investigating the parallel

implementation of these meta-heuristics and performance analysis between the parallel
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and the cooperative implementation. The performance comparison of different planning
tools can also be made under fair amount of computation time. Another avenue could be
a comparative study amongst the proposed algorithms for larger size problems. We could
also implement the algorithms for the downlink direction or even both directions
simultaneously. Finally, building a network cost model with the consideration of different
operational costs, and modifying the model to satisfy the network expansion planning

problem may be potential research directions as well.
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CPLEX TS GA 54 TSGA
o cost CPU cost Ch Cap cost CPU Gap cost CPU Gap cost CPU Gap
) (sec) ) (sec) | % (€] (sec) ¥ (€] (sec) b ) (sec) %
1 333864 9 388864 17 0.00 389256 647 0.10 411991 44 595 388864 31 0.00
2 0622 9 410622 26 0.00 426212 5 3.0 436474 400 373 410622 119 0.00
3 435407 g 435407 31 0.00 436207 92 0.1s 438397 475 0.69 455407 168 0.0a
4 513864 7 513864 49 0.00 513864 137 0.0a 5553208 1037 TH6 513864 276 0.0a
5 525085 2047 525085 58 0.00 537153 238 230 555548 kil 580 525085 327 0.00
4] 534430 243 SE20E 73 259 535616 299 022 550546 931 302 534430 392 0.00
T S61163 128 561256 15 002 562574 330 025 ST4283 1075 234 Sh1163 437 0.00
2 300924 7 AND9EE 26 426 411029 103 513 A000ZE 23 426 300984 235 0.00
9 407811 424 407811 123 0.00 410418 146 064 407811 1242 0.00 407811 3da 0.00
] 425379 62 444593 160 4.52 425385 221 0.0 453350 1443 293 425379 441 0.00
11 431962 1417 431962 219 0.00 452906 244 020 504909 174 476 431962 640 0.00
12 473975 4229 479372 283 ooz 502389 387 439 511055 2292 6,70 419315 1027 0.07
13 512540 102000 515735 426 - 530653 552 - 523899 2747 - 515735 1119 -
14 | 529916 10000 529645 461 - 531097 519 - 559560 3325 - 529645 1320 -
15 403903 56 405305 240 0.0 424037 163 3.0 410873 1997 0.43 408905 461 0.0a
16 A0E523 410 402523 39 0.00 416062 259 185 447523 3130 955 02525 el 0.00
17 424782 456 AA5TEE 557 023 442450 300 558 451078 3326 £.19 A24752 1076 0.00
12 445063 4127 444020 669 022 da641 1 492 450 Aa6531 4260 4582 445912 1349 019
19 433021 102000 A03ET 1121 - S3TGTE 2325 - 533342 5205 - 423021 1924 -
20 506824 102000 511040 1255 - 514380 226 - 521678 50 - 511040 2320 -
21 491093 102000 421300 | 1382 - 543607 1376 - 521617 8248 - 491093 2654 -
22 403254 343 A08254 33 0.00 409330 54 0.26 408572 175 0.08 A08254 101 0.00
23 403077 126 408077 40 0.00 426516 72 4.52 458318 10286 12.31 408077 133 0.00
24 | 433538 1825 433538 50 0.00 450526 87 392 443446 11280 229 433538 174 0.00
25 473810 74591 478810 63 0.00 430747 114 0.40 496119 1428 362 478810 254 0.00
26 479195 39972 479195 i 0.00 515676 153 161 513886 1797 724 479195 368 0.0a
27 515532 10547 515532 g1 0.00 535996 166 397 519701 1765 0.&1 515532 347 0.00
28 SHEI62 42228 SHEIEL 102 0.00 604261 272 644 ST062E 742 0.42 SHEI6ED 518 0.00
20 353291 1265 353201 &7 0.00 353023 82 018 355224 3552 0.55 353332 255 001
30 3RT632 3003 327632 132 0.00 3E0455 116 0.47 407767 3445 519 387632 390 0.00
31 422820 3415 423009 159 oo7 424566 182 0.41 424086 3079 030 423044 a1l 0.0s
32 Aa0447 102000 4a0500 191 - 472000 210 - 457976 3587 - AE05E 659 -
33 463437 102000 AaE479 239 - 420189 241 - 43TT8E 41635 - AGEA4T9 891 -
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35 574211 58073 574211 397 0.00 576845 387 0.4 624149 6414 3.0 574211 1273 0.00
36 379051 634 379051 197 0.00 415448 150 260 390306 5664 297 379051 528 0.00
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38 444434 108000 458324 440 - 475813 326 - 463633 1342 - 443620 1559 -
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Average 340 092 321 273 3640 477 224 0.11
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CPLEX TS GaA SA TSGA
# cost CPU cost CPU Gap cost CFU Gap cost CPU Gap cost CPU Gap
& (sec) & (sec) kd & (sec) Y &) (sec) i &) (sec) Y
1 S52ERE 11 S52ERE 12 0.00 355463 56 0.3 357520 g 131 352E8E = 0.00
2 A0E42T 7 408427 18 0.00 A47748 157 063 41758 443 3.51 A0E42T 135 0.00
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4 488583 28 465583 7 0.00 459103 128 0.11 A2RT4E 656 430 448583 224 0.00
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11 479210 1a 424318 152 1.07 496178 241 3.54 519005 1271 530 424318 1A 107
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la 408732 502 405732 280 0.00 40555 239 1268 | 409563 2029 020 408732 TS 0.00
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22 443549 T4 444007 33 0.10 444457 58 0.20 444363 1103 0.18 443549 o8 0.00
P 414579 207 414879 41 0.00 417971 Ta 0.75 da3a0d 1033 1nm 414579 122 0.00
24 424113 ae02 424113 51 0.00 424717 86 0.14 443805 1308 464 424113 17 0.00
5 498500 4815 495945 55 0.0z 530252 157 6.31 500175 127 028 43200 245 0.00
26 513931 54488 513931 i 0.00 515754 125 0.35 553276 2342 66 513931 338 0.00
N 538627 1234 538627 i 0.00 538804 165 0.03 530027 1681 oo 538627 315 0.00
28 564573 102000 | 564573 ol - 565330 198 - 574063 2134 - 564573 454 -
an SEET44 450 380613 87 022 390654 81 0.49 425166 3014 063 BRI 236 0.01
30 408350 18y 405350 121 0.00 431148 119 5.58 453590 3164 1108 408350 353 0.00
31 452081 102000 | 482081 180 - 420245 187 - 473302 2985 - 452081 542 -
32 458618 102000 | 458618 207 - AEDEEE 210 - 426684 3o - 454093 013 -
5 487500 108000 | 497005 312 - SdaddT 288 - 517715 4248 - AI2ET5 1006 -
34 518445 610946 523591 355 0.o9 540545 3la 5.00 al2ra4 4830 16.246 518465 1086 0.00
35 590650 61917 590850 435 0.00 592048 453 0.24 612919 5603 3 590650 1500 0.00
36 378741 131 378741 193 0.00 6252 149 o.00 A08063 5809 174 378741 485 0.00
3 407638 5134 432340 328 361 408978 229 0.33 444273 &758 500 A07e3E g7 0.00
38 41371 10857 413717 435 0.00 448185 290 532 427500 ey 341 41457 1144 0.1e
m 453245 108000 | 478255 584 - 506795 382 - 506903 1473 - 453245 1600 -
40 470419 102000 | 467943 THe - 519727 479 - 427405 0359 - 457943 1920 -
41 517045 23427 532959 1104 | 290 526195 [ 1.59 536917 | 10068 366 518150 2487 0.04
42 51911 ey 519121 1214 | 000 520604 624 2.02 570362 | 12962 g7 523035 3353 0.03
Average 285 0.41 2809 335 3387 534 o045 0.07
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CPLEX TS GA 5S4 TSGA
# cost CPU cost CPU Gap cost CPU Gap cost CPU Gap cost CPU Gap
&) (sec) &) (sec) % &) (sec) ¥ (&3] (sec) bl (] (sec) ¥
1 IERTIS 14 IERTIS 12 0.00 301551 15 072 409007 o 521 3RETIS a1 000
2 409394 235 409304 20 0.00 415034 o2 138 425503 400 393 409304 135 0.00
3 454072 435 454072 26 0.0a 421074 124 3.66 454608 522 0.12 454072 222 0.0o
4 AB2456 &7 422456 32 0.0 420159 144 139 422477 327 0.00 422456 242 0.0o
5 516559 54 516559 38 0.00 516559 169 0.00 516539 619 0.00 516559 207 000
é 532663 44 534030 43 0.26 534030 195 0.26 569026 Q0 683 532663 387 0.00
7 580382 30 5B0382 51 0.0a 582513 326 037 582583 1240 038 580382 558 0.0o
2 387305 K] 387305 55 0.0a 423960 111 044 AN6E28 247 502 387395 24 0.0o
a 433132 327 433132 an 0.0 430649 169 150 451538 1128 435 433132 382 0.0o
10 | 413642 495673 413642 104 0.00 435643 194 532 445554 1433 1255 | 413642 408 0.00
11 | 444835 471 444435 133 0.0a 447803 270 07 445010 1668 031 444635 a7 0.0o
12 | 497182 105000 501322 227 - 406976 3a0 - 505181 207 - 406892 1013 -
13 | 495200 31323 405270 223 0.01 300576 403 109 523793 2467 371 405503 1049 0.06
14 | 530249 32618 530249 335 0.00 542316 430 341 559082 ABAE 561 530249 1274 000
15 | 404007 224 404007 152 0.00 414144 191 251 427580 1951 50 404007 520 0.00
16 | 328883 123 388883 214 0.0a 328804 234 0oz 408854 2600 519 388683 758 0.0o
17 | 405432 1443 414402 273 221 427052 320 533 431956 3474 6.54 405438 1146 0.0o
12 | 442262 102000 440262 533 - 452519 462 - 420046 4475 - 440262 1716 -
19| 48301% 26662 423018 567 0.00 505154 535 439 502644 5407 387 423018 026 0.00
20 | 507022 105000 507022 256 - 521452 [{lat] - 552147 7174 - 507022 2755 -
21 | 521103 105000 520731 1028 - 539363 a7 - 550807 2074 - 520731 2007 -
22 | 402354 514 402354 33 0.00 451567 i} 1058 402471 214 003 402354 a5 000
23 | 407155 2098 407155 44 0.00 444853 [ala] 026 428048 1054 535 407155 153 0.00
24 | 423372 30086 448337 49 590 424673 78 03t 453886 1254 ) 423372 149 0.0o
25 | 497960 47354 407960 59 0.0a 502586 109 093 490500 1328 031 407960 229 0.0o
26 | 543675 105816 543875 20 0.0 550962 123 134 553481 1214 120 343675 300 0.0o
27| 514479 G063 514479 20 0.00 517902 135 0a7 530702 1542 492 314479 301 000
28 | 500474 20769 500474 23 0.0a 602202 400 302 505719 2308 500474 638 0.0o
29 | 373408 1901 378408 79 0.0a 420558 an 11.14 | 407434 3402 187 373408 238 0.0o
30| 32A6E0 4704 326620 109 0.0 300301 113 094 387305 3662 0.1% 326620 345 0.0o
31 422824 36192 422824 174 0.00 454531 161 150 459504 3201 268 422824 547 000
32| 449627 102000 458323 243 - 425262 198 - 442021 3580 - 449627 11 -
33 | 485202 105000 424884 265 - 520833 269 - 521077 3842 - 424386 93 -
34 | 20165 102000 520165 200 - 521606 280 - 525162 4531 - 320165 1008 -
35 | 545761 102000 545098 417 - SES642 412 - 585835 5541 - 345008 1278 -
36 | 403471 0128 403471 199 0.00 453644 165 1244 | 425520 5577 547 403471 542 0.00
37| 406529 OnI-78219 406529 315 - 444254 219 - 408022 a0as - 406529 280 -
38 | 411943 CII-106483 411943 430 - 455020 201 - 443111 a7l - 411943 1150 -
39| 443822 102000 458374 330 - 424024 328 - 420674 2537 - 443104 | 2002 -
40 | 469314 OnI-51194 469314 253 - 470455 566 - 516676 Q035 - ATT678 1091 -
41 | 519684 OLI-58711 528871 1193 - 572659 612 - 550812 10828 - 519686 2602 -
42| 528388 OnI-62300 528388 1025 - 542031 Ga3 - B WS 10858 - 533971 749 -
Average 274 0.0 280 3.56 3309 407 208 0.0o
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