an

4 ] 1 ’.f o 4 o 1
JunpuITNguEYNIAnminMestuul s 1d

WEFNT AATFOADING

a a o’dy I J & = @ a v oA
TVIﬂ1uwu‘ﬁulﬂuﬁ3uﬁu\1‘ﬂ@\1ﬂ1§ﬁﬂ‘H1@l'l§J1"iﬁﬂq@lilﬁﬂluﬂﬁ?ﬂﬂTﬁTﬂﬁiiJWWUm“ﬂ@]
a a J o a a a 4 a a 4
ﬁTm'l')‘lﬂﬂm@]ﬁ']ﬁ@]iﬂi%q1’]ﬂ!la53ﬂﬂ’lﬂ15ﬂmu1 AAIBIAUAFNTATUALINYINITADNNAUNDT
a 4 J a @
AUSINYIANTAT PWNAINTUNWIINGIQY
=S =
Umsfnu 2555

4
o IR v & a 2 > 4 j o
uwammLL@xLLWum@mﬂmunmemwEﬁfﬁ’mugﬁi@&@ﬁﬁmﬁﬁ@mmmﬁi&ﬁﬁmﬂmmﬂm Y1914 (CUIR)
HuuilsdeyareslidnidnaetneTnuindeinuneiudisanan st
The abstract and full text of theses from the academic year 2011 in Chulalongkorn University Intellectual Repository(CUIR)

are the thesis authors' files submitted through the Graduate School.



ADAPTIVE INERTIA WEIGHT PARTICLE SWARM ALGORITHM

Mr. Thakorn Chatchaisathaporn

A Thesis Submitted in Partial Fulfillment of the Requirements
for the Degree of Master of Science Program in Applied Mathematics and Computational Science
Department of Mathematics and Computer Science
Faculty of Science
Chulalongkorn University
Academic Year 2012

Copyright of Chulalongkorn University



Thesis Title ADAPTIVE INERTIA WEIGHT PARTICLE SWARM

ALGORITHM
By Mr. Thakorn Chatchaisathaporn
Field of Study Applied Mathematics and Computational Science
Thesis Advisor Assistant Professor Krung Sinapiromsaran, Ph.D.

Accepted by the Faculty of Science, Chulalongkorn University in Partial Fulfillment of

the Requirements for the Master’s Degree

Dean of the Faculty of Science

(Professor Supot Hannongbua, Dr. rer. nat.)

THESIS COMMITTEE

Chairman

Thesis Advisor

(Assistant Professor Krung Sinapiromsaran, Ph.D.)

Examiner

(Phantipa Thipwiwatpotjana, Ph.D.)

External Examiner

(Associate Professor Peerayuth Charnsethikul, Ph.D.)



v

905 RATTOADINT : TuAsUITNgUOYMIAD NN eonuulTua 18,
(ADAPTIVE INERTIA WEIGHT PARTICLE SWARM ALGORITHM) 0.#11f5n#1

a a J o a a
IMNTIUNUTHAN : WA.AT. NI ﬁu@mm]'ﬁﬂty, 47 ﬁﬁ?.

' ' '
o v W A a A

4 < {1
PYamdu lfuuumeadwdeasmunzgadudammsmdu luuuneadhuiliadu
' ' ] '
nuMsAeasmngansdideandesnudotisnuvesmsdomsidvua maiiniiion 1y

9 o 1 A 9/3’/ an A aAa a ax AAa a d axdq Y Aa

Gll!ﬂ'lﬁ!.l,ﬂ‘]jmu?ﬂﬂﬂﬂaTJﬂ’éJGlGD'GUlmeu’J‘ﬁTIN8’Jiﬁﬁﬂ ’J‘ﬁfﬂﬁ’ﬂ\‘]aﬂﬁﬁ@ﬂlﬂuﬁ‘ﬁﬂiﬁwmﬂﬁﬂﬂﬂ
A 2 as J I g

ma“lunmmsﬂnmawawﬁum@ﬁuwa ﬂluﬂ@u’)‘ﬁﬂﬁﬂWﬂTmMW%q@ﬂ\i@i&lﬂWﬂ Wusuaou
ax A A A Aax < Y U g @
’J‘IWIN?J’Jiﬁ@]ﬂ’J‘ﬁW1!\111!ﬂ”l'il!,ﬂ‘ijﬂ]uﬁ'lﬂﬁﬁ'm%ﬁﬂﬂﬁq@ “lmmmiwmwaﬂmsmm
2 Aas 1 o @ 9 9 9 A
muﬂaua‘ﬁmﬁmmmmsqﬂ;J,qmgﬂmﬁmsuﬂﬂmmu”lmmumammaamsmmzqﬂ

o a ] g Y 4 [ 1
wWnauelay Hoang llagatue TﬂEJﬁ’Jillll!?ﬂ?lTJJﬂﬂﬂﬁq%‘ﬁﬂﬂﬂﬂuﬂlﬁ@ﬂlmUﬂiﬂﬂ?klﬁ}

KD-

[

g’; [ < 1 g o A [ 1 9 g’;
Uélluﬂ"l'iﬂi‘]_l‘]_]?ﬁﬂ?l"llllﬁ’ll L§1ﬁ'§ﬂNaﬂﬁ$‘VI‘UGIJ@QﬂWHWﬂUﬂLﬂ@ﬂLLUUﬂiUﬂ1qﬂ VDNUUADU

1

RKe

3

[

d‘ o dy 9 o A 9 1 g’/ Qdd' 9
N naue wenns gz sisuanysznsuuy vl uneudsndsulswan

q

]

Y Aa =
m@ﬂ!iWiﬁWﬁlﬂﬁﬂﬂNﬂmﬂ’]Wﬂ

MRV adiamaniuaginnmsnouiiones  a1eloyeldn

A =

2 s 5 a a a s o
A1V1IV_adamdaaslszanauaz INg1N1sAMU mﬂﬁﬂﬂf@ 'e).ml?ﬂyn‘nmuwuﬁwaﬂ

,,,,,,,,,,,,,,,,,,,,, - ¥155bler JVID TLI L TRbR o 1. (S

Umsdnmn 2555



## 5373805623 : MAJOR APPLIED MATHEMATICS AND COMPUTATIONAL SCIENCE
KEYWORDS : COMMUNICATION NETWORKS / NETWORK DESIGN AND
COMMUNICATION / PARTICLE SWARM OPTIMIZATION-BASED / ADAPTIVE INERTIA
WEIGHT / INITIAL POPULATION
THAKORN CHATCHAISATHAPORN : ADAPTIVE INERTIA WEIGHT PARTICLE
SWARM ALGORITHM. ADVISOR : ASST. PROF. KRUNG SINAPIROMSARAN,

Ph.D., 47 pp.

An Optimum Communication Spanning Tree (OCST) problem is a problem of finding a
spanning tree of minimum total communication cost satisfying a given set of requirements of
communication. The popular technique for solving OCST problem is to use the heuristic
algorithm. The heuristic approach does successfully obtain good solutions in a reasonable
computational time. The particle swarm optimization-based (PSO) algorithm is one of the
heuristic algorithms for optimization problems. In this work, we extend the concept of the particle
swarm optimization-based (PSO) algorithm for the OCST problem proposed by Hoang et al. by
combining the concept of adaptive inertia weight strategy to the velocity update step. We
summarize the effect of the adaptive inertia weight over the proposed algorithm. In addition, we
also introduce a new pattern of population initialization. Our proposed algorithm yields a better

solution quality.
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Chapter I

Introduction

Determining the optimal plan in constructing a telecommunication
infrastructure or a transportation network could be regarded as a challenging task as it
requires multi-dimensional management-competencies. This is known as the network
design problem. The network design problem (NDP) is a problem of extracting the
sub-network from a given network such that a budget constraint is satisfied and the
total cost of the extracted sub-network is minimized comparing to other possible sub-
networks [1]. The variations of the NDP were intensively reviewed by Magnanti and
Wong [2].

The optimum communication spanning tree (OCST) problem is a particular
case of the network design problem. It is one of the well-known combinatorial
optimization problems widely studied by various optimization researchers across the
globe. The problem was introduced by Hu [3] in 1974. The goal of the OCST problem
is to find a spanning tree of the minimal total communication cost satisfying a given
set of communication requirements. Since the last decade, the problem has
increasingly gained more attention, as there is a broad range of applications in
telecommunication, transportation, and computer network. The OCST problem is
similar to the minimum spanning tree problem, but its constraint restriction made it
more complex and its optimal solution cannot be obtained within polynomial time. In
fact, it was proved to be NP-hard by Johnson et al. [4]. The application of the OCST
problem was described in [5] as the constructing of the telecommunication line based
on the tariffs of the German Telekom. In addition, identifying the OCST appears as a
subroutine in one of the network hub location problems, called the Tree-of-Hubs
Location Problem (THLP), which is a problem of locating a set of hubs and designing
hub network such that the set of hubs are connected in the tree form [6]. The THLP
can be applied in various areas such as the transshipment system, airline service and

communication network.



Since 1974, there are three main research directions for dealing with the
problem [7]. The first one is the approximation approach, which was proposed for
various types of the OCST, e.g., Peleg and Reshef [8], Wu et al. [9], and Sharma [10].
The second approach is to use the optimization technique to solve for the exact
solution of a small-size problem, for example, in [1], [11]. The last approach and the
most prominent one since the year 2000 is to apply the heuristic method which was
appeared in [12], [13] and [14]. Although most exact algorithms were based on the
branch-and-bound approaches and MIP formulation worked well on moderate size
networks, the algorithms is unsatisfactory for the larger networks [11]. Therefore, the
heuristic approach for the OCST problem is broadly discussed by many researchers,
as it was successful in obtaining the quality solution in a reasonable computational
time.

Similar to other combinatorial optimization problems, the genetic algorithm,
one of the metaheuristic approaches, has been intellectually applied in searching for
the optimal solution of the OCST problem. The genetic algorithm (GA) was first
proposed by Holland [15] in 1975 and has been claimed that the algorithm yields
considerably good result in various types of problems, especially of combinatorial
optimization problems [12]. The motivation behind the genetic algorithm comes from
the principle of evolution and natural selection. The most critical step in executing the
GA is how a candidate solution be represented. A solution in GA is usually
transformed to the chromosome-like structure, as referred to the encoding. For the
problem whose solution is in a form of tree structure, a number of tree representations
must be used as in [12]. However, Palmer [12] also introduced a new representation
called the node and link biased encoding. He claimed that his encoding is the best
among others as it could prevent the tree-cycle formation and it does cover the desired
search space of the solutions. The encoded solutions will be evolved by manipulating
the “reproduction operators”; which includes the selection, crossover, and mutation.
His work guided us to use an efficient way to represent a tree-structure solution.

According to the innovative idea from Palmer’s work [12], Hoang et al. [16]
proposed a novel approach for the OCST problem, which was based on the particle
swarm optimization-based (PSO) technique with node biased encoding (NBE)

scheme. Their experimental results outperform the previous two results produced by



Palmer’s GA [12] and Li and Bouchebaba’s GA [17] by obtaining a comparative
solution in a reasonable computational time. Improving their works to obtain the
optimal solution or near optimal solution based on Hoang et al.’s approach would be
aimed of this thesis.

In this work, we extend the concept of the particle swarm optimization-based
algorithm of Hoang et al. [16] to the OCST problem by combining the concept of
adaptive inertia weight strategy to velocity update step. In addition, our proposed
algorithm is based on the fact that the best solution is biased toward a minimum
spanning tree and initialized particles make a strong impact on the final solution [18].
We include a 0,1-vector to the initialized population whose components are filled by
assigning 0 to an interior node and by assigning 1 to a leaf node. Executing our
algorithm on a set of standard benchmark instances will exhibit the applicability of

our approach to the OCST problem.

1.1 Objective

We aim to obtain an improved solution quality from Hoang et al.’s novel
particle swarm optimization-based algorithm [16] for the optimum communication
spanning tree (OCST) problem by combining the new adaptive inertia weight strategy
proposed by Nickabadi et al. [19].

1.2 Thesis overview

In Chapter 2, we will discuss the literature survey related to the network
design problem, the OCST problem including the problem definition, and the particle
swarm optimization. In Chapter 3, the main algorithm will be explained. In Chapter 4,
the experimental results will be presented and discussed. In Chapter 5, the conclusion

will be stated.



Chapter 11

Literature review

This chapter provides discussions among various publications related to the
OCST problem, the particle swarm optimization, and the adaptive inertia weight
strategies. The particle swarm optimization is explained mainly in OCST-applicable
viewpoint. Various methods of solution representation used for solving tree

optimization problem are also discussed.

2.1 Optimum communication spanning tree problem

The optimum communication spanning tree (OCST) problem definitions and
details will be described as follows.

LetG=(N,A) be an undirected weighted network, where N is a set of n

nodes and Ais a set of marcs. Let a, denotes the g" arc of the network that can be
written in the form [iq,jq], when qe{0,1,2,...,m—1}. Letd}_i denotes the length of

a,, or the distance between nodes iq and jq, which is represented in the matrix

form D = [d.qj ]

i i Ln- We assume that the considering network is a complete graph;
otherwise, the infinity value will be assigned to the arcs that do not exist in the

network. Let 7; denotes a communication requirement between nodes iand j, which
can be interpreted as the multiplicative path between a pair of nodes that are needed in
the real communication network. A set of communication requirement is represented

in the matrix form R=[r,]
ij dnxn

, where i€{0,1,2,...,n—1} and j€{0,1,2,...,n—1}.
The communication cost ¢,(T) for a pair of nodes i and j over a spanning

tree T is calculated as the product of the communication requirement to the length
(shortest distance) of the unique path between two nodes in 7':

Cij(T) - rij ' Z dpq

[p.qlePath(i,j)



where Path(i, j)={[v_,v

z+1

leT|v,=iv,, =j,andz=1,2,...,Z} denotes the unique

path between the nodes i and j over the spanning tree 7', and Z denotes the number

of arcs on the unique path between the nodes i and ;.

Consider the Palmer6 network instance, which is a network consisting of six

nodes with a distance matrix

0
16661
18083
21561
21099
13461

16661
0
5658
9194
8797
10440

and a communication

18083 21561 21099
5658 9194 8797

0 7230 6899
7230 0 4300
6899 4300 0

11340 13730 13130

requirement matrix R=

network is shown in Figure 2-1 below.

13461
10440
11340
13730
13130

N = = = = O

1 1
0 10
10 0
3 5
4 6
3 2

N —_m O N W =

Figure 2-1: Diagram represents the Palmer6 network
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For example, the distance between node 0 and node 1 is 16661 and the
distance between node 2 and node 4 is 6899. As it is treated as an undirected weighted
graph, the matrix Dis symmetric, and the matrix R is also symmetric. For instance,
the communication requirement between node 0 and node 1 is 1, and the
communication requirement between node 2 and node 4 is 6.

A spanning tree 7', for example, extracted from the Palmer6 network, is

shown in Figure 2-2. The communication cost between node 1 and node 4 is

¢ (T)=r,-(d,+d,,)=4(9194+4300) = 53976.

Figure 2-2: Diagram represents a spanning tree 7" extracted from the Palmer6

network

Therefore, the total communication cost C(7) of a spanning tree 7 is

obtained by summing the communication cost over all pairs of nodes:
C(T)= Y, ¢, (T)
i<j
i,jeQ
where Q denotes the set of all pairs of nodes of the spanning tree 7.

The goal of the OCST problem is to construct a spanning tree connecting all
nodes in N such that the total communication cost of the spanning tree is minimum

among all spanning trees of G.



In 1974, Hu [3] introduced a new type of spanning tree problems, which was

considered not only the distance d;; between two nodes but also the requirement 7, of

communication between a pair of nodes. However, Hu inspected only two specific
cases; when all distances were set to one unit, which was named as the “optimum
requirement spanning tree”, and when all requirements were set to one unit, which
was named as the “optimum distance spanning tree”. The concept of max-flow min-
cut theorem was employed in solving the first case while the motivation of
constructing the star-tree was used for the latter case.

In 1987, the exact and heuristic algorithms for the OCST problem were
proposed by Ahuja and Murty [1]. For the exact algorithm, the branch-and-bound
method was used along with the new lower planes. To obtain the lower bound for the

branch-and-bound algorithm, the algorithm needs all weights for the lower plane,
which can be computed in O(n*)time. Accordingly, the computation is unacceptable

when dealing with a large network. For this reason, they also developed a heuristic
algorithm, which consists of two phases: the tree-building phase and the tree-
improvement phase. The tree-building phase was based on the greedy approach,
which the tree arcs were spanned through the least communication cost arcs, while the
tree-improvement phase was based on a local search method from the one tree-arc

exchange routine until all arcs were once examined. The two-phase heuristic
algorithm required O(n?), so it would be more suitable for a large network. Besides,

they also presented a new heuristic algorithm called the “global heuristic algorithm”,
which was mainly based on the branch-and-bound algorithm with strategy for
modifying the lower bound value. They concluded that the lower bounding strategy
has a massive impact and the two-phase heuristic algorithm gives the excellent result.
In 2006, Sharma introduced a pseudo-polynomial algorithm by constructing a
near optimum tree with the concept of cut-tree from Hu’s method [10]. The near
optimum tree concept is to consider the neighborhood of a tree that differs from it in
only one arc. The tree with minimum total communication cost among the
neighborhood is recorded as the near optimum tree. The pseudo-polynomial algorithm
is initialized by setting all arc distances to be equal to the smallest distance of the

considering network and the starting tree can be constructed by Hu’s max-flow min-



cut method for the “Optimum requirement spanning tree problem”. For an arc which
is not in the current tree, the associated arc distance is undoubtedly increased to its
actual distance value as it will not affect the total cost of the tree. For a tree arc with
distance value which is less than the actual distance value, the current tree is updated
by exchanging (adding and then deleting) one arc that yields the minimum cost and
the associated arc distance is increased by computed delta. The algorithm would be
repeated until all arc distances reach their actual distance values. Moreover, when the
distances of the network satisfy the generalized triangular inequalities, another

algorithm which called OCSTP 11, was used in constructing the near optimum tree.

The OCSTP Il was similar to the first algorithm but, instead of d[/’ all r, were set to
be the smallest 7, at the beginning and then increased one at a time until all arcs

attain their actual r, values. Although this paper does not show the running result on

the benchmark instances, the paper verifies that the pseudo-polynomial algorithm

requires O(M -n*), where M is the maximum arc distance of the network, and the

OCSTP II algorithm needs O(n’ -m).

One of the first evolutionary algorithms for solving the OCST problem was
performed by Palmer [12] in 1994. Palmer introduced the genetic algorithm (GA) to
solve the OCST problem. He identified the appropriate encoding criteria in
representing the tree which would give the best result for the GA. Although various
tested encodings produced unimpressive results, the most encourage one, called node
and link biased encoding, had been experimented by assigning a weight, which is
called the bias value, to the node and/or the arc. Such encoding follows by the
intuition that certain node could be an interior node or a leaf node. However,
including the arc-biases in the encoding required the long schemata on a chromosome
and the sense of being whether an interior or leaf node could be reflected from the
node-bias value. So, Palmer ignored the effect of the arc-biases by setting the arc-bias
control parameter to zero. In other words, by his comment, the most appropriate
encoding for the GA was actually the node biased encoding. Their experiment with

such encoding provided better results than those obtained by any standard heuristic.



In 1999, Li and Bouchebaba [17] proposed the new genetic algorithm for the
OCST problem. Their algorithm had two enhancements from the Palmer’s GA. First,
Li and Bouchebaba’s algorithm did not deal with chromosome encoding-decoding on
nodes and/or links like Palmer’s algorithm did. A tree structure was used as a
chromosome of their GA to improve the searching ability. Second, the initial
population were created randomly based on Prim’s algorithm. They claimed that
doing so would result to the near-optimum initialized solution, which will definitely
be easier to reach the optimal solution by employing the crossovers and mutations as
shown in their computational results. However, their proposed idea produces
considerably large gap between the obtained solution and the best known solution in
most benchmark test instances.

In 2007, Fischer and Merz introduced the new evolutionary algorithm (EA),
which used the local search within the EA [14], called Memetic Algorithm (MA).
However, the discussion of this work was mainly on the evaluation of various
recombination operators. In addition, various concepts of constructing the initial
population have been examined with both the Raidl-series instances and random
instances. The results show the advantage of their approach over previous works.

In 2010, Hoang et al. [16] proposed a PSO-based algorithm for the OCST
problem. They notified the four main components of the algorithm. First, the most
important component was the spanning tree representation, which they employed the
node-biased encoding. Another component was the population initialization. The
algorithm started with a particle whose structure is a minimum spanning tree, other n
particles which corresponds to the star-shaped tree having one of the nodes as an

interior node, and other psize—(n+1) particles whose components were randomly
generated from real number between 0 and 1, where psize is a population size in the

algorithm. Another key component of PSO was the fitness function, which was
calculated as the proportion of the total communication cost of a tree. The termination
condition was required to stop the algorithm. By running on a number of OCST
benchmark instances, the algorithm produced improved results on most tested
instances. Nonetheless, the obtained solutions for instances with more than twenty
nodes were not impressive, as there were large gaps between the obtained solutions

and their corresponding best known solutions.
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In 2011, Rothlauf [18] inspected the bias of the OCST benchmark test
instances. The study was based on the believe that if the elements of the heuristic
algorithm, e.g., the solution representation, the fitness function, the initial solutions,
and the search strategy, were designed by satisfying the specific characteristic of
individual problem, such heuristic algorithm can produce the high quality solution
and is titled as the biased modern heuristics. Rothlauf also reviewed various types of
solution representation for the OCST problem. That publication showed that the best
solution of the OCST problem was similar to MST and well-initiated solution could
lead to a near optimal solution. This is a motivation of introducing a new initial

particle generated by the minimum spanning tree to our proposed algorithm.

2.2 Particle swarm optimization

Particle swarm optimization (PSO) algorithm is a population-based heuristic
optimization technique, which was originally presented by Kennedy and Eberhart [20]
in 1995. 1t is inspired by the concept of intelligent collective behavior of bird flocking
and fish schooling. The algorithm shares many commonalities with other evolutionary
algorithms such as Genetic Algorithm (GA). However, only the global version of the
PSO, such that particles moved toward position of the “particle best” position and
“global best” position in the hyperspace, had been introduced. Consequently, the
same authors also developed the local version such that, in addition to the “particle
best”, the position of the best solution among the nearest neighbor in the hyperspace,
called the “local best”, was considered instead [21]. By comparing to other
evolutionary-based optimizations, the PSO is easy to implement and has few
parameters to adjust. The key factors of the PSO algorithm in OCST problem are
explained below [16].

2.2.1 Spanning tree representation
As mentioned earlier, representation of a solution is one of the major factors
that have a strong impact to the final result [12]. An effective encoding should possess

the following properties
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1. Representing all possible spanning trees

2. Unbiased

3. Capable of representing only trees

4. Easy to go back and forth between the encoded representation and the tree
representation

5. Employed with short, low order schemata

6. Possess locality

There are various methods to represent the solution in the tree-structure, e.g.,
the characteristic vector encoding, the predecessor encoding, and the Priifer number
[22]. There are different advantages and disadvantages among different
representations.

For the characteristic vector encoding, the vector of the same size as the

number of arcs is used. The most expensive case occurs when the considering graph is

(n-1)

a complete graph by utilizing the vector of size 48 , Where n 1s the number of

arcs in the graph. Each component is filled by 1 if the corresponding arc is included in
the tree, otherwise, it is filled by 0. Since the desired solution is a spanning tree
having only n—1arcs, this encoding could be easily produced non-tree solution when
a number of 1s is more than n—1, which guarantee that at least one cycle is formed.
This encoding performs well only on the small network.

For the predecessor encoding, the predecessor of each node is recorded. The
probability to form the tree by this encoding is higher than using the characteristic
vector encoding. However, this encoding can still easily produces the non-tree
solution both in the initial population and during the evolution process.

The Priifer number, P(T), uses string of size n—2 to represent a spanning
tree, starting with the empty string and with the original tree, by recognizing the
predecessor of the lowest numbered leaf node of the current tree and then appending
the predecessor node number to the right-most digit of the constructing P(7"). When
the P(T) is updated, the lowest numbered leaf node and the arc connecting the node
and its predecessor are removed from further consideration. The process is repeated

until only two nodes remain for consideration, then the Priifer number has been found.
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The encoding was developed as a one-to-one mapping between a spanning tree
solution and the Priifer number. This encoding is produced only a tree and is
unbiased. However, this encoding possess low locality, as the offspring formed by
two good parents can be extremely different from the previous generation.

In 2011, Rothlauf [18] reviewed various types of solution representation for
the OCST problem, including the category of direct representation which uses the
non-encoding tree structure in implementation, e.g., the edge-set encoding and the
NetDir encoding.

The edge-set encoding uses a set of arcs to represent a tree [23]. Due to the
importance of population initialization in the heuristic algorithm, an algorithm for
producing random spanning trees, which can be considered as a function of the
recombination process among population, is required. Three different techniques, i.e.,
PrimRST, KruskalRST, and RandWalkRST, were tested. The PrimRST is based on
Prim’s algorithm for MST, but, instead of appending new arc with criteria of the least
cost arc, randomly choosing new appending arc which is adjacent to a node in the
constructing tree. Although the PrimRST is an easy way of constructing random
spanning trees, there is more chance to produce star trees. Moreover, the trees from
PrimRST are biased to some tree structure and some path structure such that are not
uniformly distributed. The KruskalRST is based on Kruskal’s algorithm for MST
except that an appending arc is chosen in random order. The same disadvantage as in
PrimRST occurs such that there is higher chance to produce some particular tree
structures than others. To avoid the bias behavior in initialization, the new method
based on random walk, called RandWalkRST, was brought to the process. By starting
at an arbitrary node in the graph, the tree is appended by randomly choosing adjacent
arc from the current node. When the new node is visited for the first time, such arc
will be connected to the constructing tree. The appending process is repeated until all
nodes of the considering network has been visited. The NetDir encoding is a method
of representing trees by deploying the algorithm directly to the native graph.
However, problem-specific operators are needed.

Although performance of utilizing the direct representation is satisfactory,
discovering appropriate search operators that make the search space uniformly spread

is intricate.
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For the OCST problem, Palmer [12] proposed the node and linked biased
encoding scheme, one of the classes of weighted linear chromosome representation
for spanning tree optimization problems. However, the node-only version of the
encoding was employed because it requires the string of size as short as the number of
nodes of the considered network, which is much less than the number of arcs, while
retain the basic concept behind this encoding. The node-biased encoding was
described as follows [16].

Each spanning tree is represented by a vector of size n, where n is a number
of nodes in the network. Each component of a vector, which has its own label
correspond to one of n nodes of the network G, is a real number between 0 and 1.
The details of encoding and decoding are given below.

Encode phase: Each spanning tree 7 of the network G =(N,A)is represented
by n-component real vector b=(b,,b,,...,b, ), called weighted vector, where n is
the total number of nodes in G and b, €[0,1].

Decode phase: Calculate a spanning tree corresponding to the weighted vector

b by the following steps
Step 1 Construct the associated network G’ = (N, A) with modified distance

matrix D’ =[d’ i 1y - 1t is computed from the following equation

d/,=d  —p-d, (b+b) @.1)

l‘]]q
where d__is the maximum distance of any arcs of G, and pis the node biased

parameter which controls influence of the biases to the constructed tree.

Step 2 Calculate a spanning tree 7'as the minimum spanning tree of the
associated network G’ using Prim’s algorithm [24].

For example, we demonstrate the weighted vector b=(1,0,1,0.78,1,0.69) of
the Palmer6 network. Each weight value is assigned to the associated node as in the
Figure 2-3. The modified distances of the modified graph G’ are calculated following
the equations (2.1) and this step is represented in Figure 2-4. Then, the Prim’s

algorithm is used for extracting a minimum spanning tree from the G”.
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Figure 2-3: Diagram represents the Palmer6 network with weights

b=(1.0.1,0.78,1.0.69)

With original distances With modified distances

Figure 2-4: Diagram shows Step 1 of the decode phase for the Palmer6 network
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| Find MST by Prim’s algorithm |
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With modified distances b=(1,0,1,0.78,1,0.69)

Figure 2-5: Diagram shows Step 2 of the decode phase for the Palmer6 network

To apply the PSO algorithm to the OCST problem, a set of candidate solutions
has to be initiated, which will be explained in the next subsection. Each of a single
solution is a “bird”, as in the PSO algorithm called “particle”. Each particle is treated
as a point, represented by a vector “position”, in an n -dimensional space, where n is
the number of nodes in the network. A “swarm”, a set of particles in a current state
which is also known as a “population™, flies through the n-dimensional space in
which the position of each particle is improved according to its own experience and
the experience of its neighbors. To move a particle from one position to another, the
algorithm requires “velocity” to indicate how the particles should fly through the
search space.

By following Palmer’s node-biased encoding described above, the position of

the k" particle (in the n -dimensional space) is represented as x, =(x,,,X

k0> kl""’xk(n—l))’

where x,, €[l,,u,],d €[0,n—1] and [, and u, are the lower and upper bounds of the
particle in the n-dimensional space. The velocity of the k" particle is represented as
). Let newx[k] denotes the new position of the k” particle and

Ve = (Vg Vypoe- > Vi(n-1

currentx[k]denotes the current position of the k” particle. Let newv[k]denotes the
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new velocity of the k" particle and currentv[k] denotes the current velocity of

the k" particle.

Each particle with any specific position posses a fitness value, which is
evaluated by the fitness function. In each iteration, each particle is updated by two
best values, i.e., pbest and lbest. The pbest value is the best value of the fitness
function that has been achieved so far by any particle, while the /best value is the best
fitness value of all neighbor particles. The number of neighborhood is given by a user.
After finding the two best values, the k" particle updates its velocity and position by
the following equation

newv[k]= currentv[k]+c, - R, -(pbest[k]— currentx[k]) 22
+c¢,- R, -(Ibest[k]— currentx[k]) '
newx|[ k] = currentx[k]+ newv|[k] (2.3)

where R, and R, are two distinct random numbers in [0,1], and ¢, and c, are

acceleration constants.

2.2.2 Population initialization

In Hoang et al.’s work, they initialized the first particle with one zero-vector,
which correspond to a MST according to non-modified distance matrix. Then, another
n particles were motivated by the star-shaped tree having value 0 in only one

component, otherwise having value 1. All other psize—(n+1) particles were vectors
whose components were randomly generated real number from the interval [0,1],

where psizeis a population size in the algorithm. Therefore, to maintain the full
concept of this initialization pattern, the population size should set larger than (n+1).

In other words, psize—(n+1) must greater than zero.

2.2.3 Fitness function
Let C, be the total communication cost of the k” particle.

Let F, be the fitness value of the k" particle which was computed as



2.2.4 Termination condition

The termination condition was defined as the maximum number of iterations.

The overview of the PSO algorithm is shown in Figure 2-6 below.
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Read in data: n, D, R, and set up parameters

Initialize population: position, velocity

For each k™ particle, calculate its fitness value.
If the fitness value is better than the current k"'pbes t,
set it as the new k'hpbes t

For each k" particle, select the particle with the best fitness value

of all of its neighbor particles as the k™ Ibest.

For each k™ particle, update its velocity according to equation (2.2)
and update its position according to equation(2.3).

Termination condition
is false.

No

Select the best solution

Figure 2-6: Flowchart shows the PSO algorithm
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2.3 Particle swarm optimization with adaptive inertia weight

Although the process of the original PSO algorithm gives particles appropriate
direction toward the optimal solution, it can be stuck on a local optimum in the case

when the first term of the velocity update equation, i.e., the currentvk] term in the

equation (2.2), is near zero [25]. When the first term of the velocity update equation is
omitted, the flying space will be contracted to the current best solution which will
lead to the unpleasant result of a local optimum. The optimal solution can be reached
only when the optimal solution is one of the initial solutions. So, the principal role of

the currentv[k] term is to enhance the global search ability, which could lead to the

global optimum, whereas the role of the second and the third terms are to determine
the direction heading to the best position in history, which can be considered as a
local search.

Shi and Eberhart [25] state “the balance between global and local search
throughout the course of a run is critical to the success of an optimization algorithm.”
Accordingly, they brought the inertia weight into the PSO algorithm in 1998 [25]. The
inertia weight (@ ) is one of PSO’s parameters as global search and local search

balancing mechanism and is included in the velocity update equation as follows.

Let k" be a particle, the velocity update equation is
newvlk]= - currentv(k]+c, - R, -(pbest[k]— currentx[k])

+c, R -(lbest[k]— currentx[k]) (2.4)

where R, and R, are two distinct random numbers in [0,1], and ¢, and c, are

acceleration constants and w is an inertia weight.

In their experiment, they tested on the two dimensional Schaffer’s function
with different inertia weight settings. The algorithm was run 30 times for each fixed
inertia weight. The number of iterations required in obtaining the optimal solution and
the number of runs that could not find the optimal solution within 4,000 iterations
were recorded. They found that the best range of inertia weight for this experiment is

in the range of (0.8,1.2). However, the best performance in the experiment was

obtained by the time varying inertia weight, i.e., the linear decreasing function over

iterations. This could produce the best known solution in every single run and average
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number of iterations required until reaching the best known solution was lower than
those from the fixed constant inertia weights.

Different strategies for determining the value of inertia weight during the
course of run have been widely discussed by many researchers. Using an appropriate
strategy of the inertia weight would improve algorithm performance in obtaining the
accurate solution. In 2011, Nickabadi et al. [19] reviewed various published inertia
weight strategies and proposed a new adaptive inertia weight strategy, which uses the
success rate of the swarm as its feedback parameter to determine the state of the
particles in the search space at each run. In terms of convergent speed and solution
accuracy, their new inertia weight strategy performed better on some test functions
than other previous works. In their review, the inertia weight strategies could be
classified into three main classes.

1. Constant and random inertia weights

In this class of the inertia weight, the inertia weight is fixed or is randomly
generated in a form of functions over all iterations. The advantage of the constant
inertia weight strategy is that it is easy to include into the velocity update equations;
however, this strategy is not suitable in a dynamic environment. The random inertia
weight is used for improving the search in a dynamic environment.

2. Time varying inertia weights strategies

The time varying inertia weight strategy has been used in most PSO algorithm.
The most notable one of this strategy is the linear decreasing inertia weight strategy.
In this strategy, the value of inertia weight is derived by the linear decreasing function
over iterations. The value of inertia weight is linearly decreasing from an initial value
to a final value.

3. Adaptive inertia weights

In this strategy, the inertia weight is updated according to the feedback
parameter on each iteration. Various feedback parameter has been proposed over the
decades; however, Nickabadi et al. proposed the new adaptive inertia weight, which
uses the percentage of the success of the swarm as feedback parameter. By running
PSO algorithms with various inertia weight strategies on a number of benchmark

functions, Nickabadi et al.’s new adaptive inertia weight produces improved solutions
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comparing to previous inertia weight strategies in terms of both convergence speed
and solution accuracy [19].

The success of the k™ particle at iteration ¢ is defined as

1 if fitness(pbest[k],) > fitness(pbest[k], )

S(k,t)= )
0 if fitness(pbest[k],) < fitness(pbest[k], )

Therefore, the percentage of success of the swarm at iteration ¢ is defined as

psize-1

E S(k,1)

P(t)y=-+0——
psize

The linear function is used for determining the inertia weight of iteration ¢

ot)=(wo_ —o

max min

P+, .

As far as we know the OCST problem, the PSO algorithm, and the idea of the
recently proposed adaptive inertia weight strategy, combining the new adaptive inertia
weight into the velocity update equations would yield improved results. In the next
chapter, the main algorithm of our proposed AI/W-PSO algorithm for the OCST

problem will be explained.



Chapter I11
Adaptive inertia weight

particle swarm algorithm

for the OCST problem

Our proposed algorithm, which is called 4/W-PSO algorithm, is based on
Hoang et al.’s PSO algorithm as it was confirmed to be superior to two previous
algorithms: Palmer’s GA and Li and Bouchebaba’s GA. Representation of the
solution, calculation of fitness function, and termination condition is adopted from
Hoang et al.’s work. The primary components, i.e., population initialization, velocity
initialization, and measurement of dissimilarity between a pair of trees, of our

algorithm will be explained below.

3.1 Population initialization

We use similar population initialization patterns by Hoang et al., except only
one random particle will be replaced with the new 0,1-vector. As summarized by
Rothlauf [18] that the best solution for the OCST is biased toward minimum spanning
tree (MST) and good initial particle is a MST which can steer toward the optimal
solution.

We adopt one initial particle which have a crucial effect on the final solution
accuracy. We substitute one random vector with the 0,1-vector derived from the
solved MST from original distances. We extract the degree of each node on the MST.
If degree of nodev is greater than 1, then the corresponding component will be set to
0, otherwise it is set to 1. The motivation behind this 0,1-vector is, with the node-
biased encoding, the low weighted node has a tendency to be an interior node while

the high weighted node tends to be a leaf node.
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3.2 Velocity initialization

As far as we concern, the velocity at the initial iteration should not be random
because the initial random velocity would destroy the randomness of the well-planned
patterns of the initial particles, while starting with zero velocity will immediately steer
the particles toward the best fitness particles at the first iteration. In addition, the
study of velocity initialization by Engelbrecht [26] in 2012 concludes that “initial
velocities should be set to zero, or small random values close to zero.” Accordingly,

we set the initial velocity as zero vectors.

3.3 The measure of dissimilarity between a pair of trees

Before we obtain the local best position of k" particle for updating the
velocity, we need to know the distance between each pair of solutions, which is
indeed a pair of trees, in the search space. As the definition of the measure of
dissimilarity was not mentioned in Hoang et al.’s work and we cannot use ordinary
arithmetic with the tree structure solutions, so we make a new, but intuitive, way of
measuring such dissimilarities. Because the solution of the OCST problem is actually
a spanning tree, each tree structure solution has remembered its own associated arcs,
which consists of n—1 arcs, when the number of nodes in the considered network is
n.

The dissimilarity between any two trees is defined as a positive difference of
the sum of the distances of their associated arcs of the two trees. The definition
means, when a tree arc exists on both trees, such arc will not affect to the dissimilarity
measure and this arc distance will not be included in dissimilarity value, otherwise the

arcs will be taken into the calculation.

Let 7, and T, be the tree solutions of kl’h particle and k;h particle, respectively.

We all know that the T, consists of n—1arcs, says a, ,a and the

502 %10 Y (ne2) 0

T, consists of n—1larcs, says a,  ,a
2 2

0@ oW (o) The dissimilarity between Tkl and

n—=2 n—
T is|>.d, —Y.d, |, whered
ky Dy Dy Ui
h=0 h=0

is the original distance of associated arc of T, .
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For example, consider two trees, T, and 7, , from Palmer6. They are
1 2

graphically represented in Figure 3-1 and Figure 3-2, respectively.

Figure 3-2: T, , a tree extracted from the Palmer6 network

Refer to the distance matrix D showed in Section 2.1, the dissimilarity between

T, and T, is |(dys +d, +dyy +d,+dy) = (dy +dys+d,, +d,, +dy,).
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3.4 Adaptive inertia weight

We include the new adaptive inertia weight proposed by Nickabadi et al. The
new adaptive inertia weight strategy uses percentage of the success as feedback
parameter to determine the state of the particles in the search space at each iteration.

The percentage of the success of the swarm is already described in Section 2.3.

3.5 Flowchart

To see the overview of the AIW-PSO algorithm for the OCST problem, we

represent the algorithm as a flowchart in Figure 3-3.
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IRead in data: n, D, R, and set up parametersl

]

Determine the MST from original distance matrix D,
then extract the degree of each node on the MST.

{

Initialize population: position, velocity I

:

For each k" particle, calculate its fitness value.
If the fitness value is better than the current k'hpbesr,
set it as the new k"'pbest.
And determine the success of the k" particle.

¥

Calculate the percentage of success of the whole population
and determine inertia weight.

!

For each k™ particle, select the particle with the best fitness value
of all of its neighbor particles as the k" Ibest.

-

For each k*/ particle, update its velocity according to equation (2.4)
and update its position according to equation(2.3).

Termination condition
is false.

Select the best solution I

Figure 3-3: Flowchart shows our AIW-PSO algorithm for the OCST problem



Chapter IV

Experimental results

There are a number of OCST benchmark instances that had been used for
evaluating the algorithm efficiency. We test our AIW-PSO algorithm on ten OCST
benchmark instances. These are 6 nodes, 12 nodes, and 24 nodes networks from
Palmer; 10 nodes, 20 nodes, 50 nodes and 75 nodes networks from Raidl; and 6
nodes, 35 nodes (Berry35, Berry35u) networks from Berry. These instances can be
found in Rothlauf [5].

The Palmer’s instances were created based on the actual data of the U.S.’s
inter-city transportation. The inter-city link cost was obtained from the tariff database,
while the inter-city requirements were generated based on a number of information
such as the population in each city and the distances between the cities. Another set of
OCST benchmark instances is from Raidl. The Raidl’s distance costs and
communication requirements were randomly generated with uniform distribution. The
third set of OCST benchmark instances is from Berry et al. All link costs in the
Berry35u were set to one, but the communication requirements were the same as the

Berry35. A number of parameters are determined as follows.

Designed parameters

Population size psize = 1000.

Maximum number of iteration N__ = 500.

Node biased parameter p= 1.

From the velocity update equation (2.2), cognitive and social parameters ¢, = 1 and
¢,= 1.

Number of neighbors for local best (Ibest) K = 3.



28

Our AIW-PSO algorithm is coded in C++ and run on 1.86 GHz Intel Core 2

Duo with 4GB RAM. Our initialization of the population size psize consumes
O(psize-n) as each particle requires n random values, also the same complexity for
the velocity update and position update. For the spanning tree decoding procedure,
step 1 obviously requires O(n*) as we have to compute the modified distances
between every possible pairs of nodes. Step 2 of the decoding procedure consumes
O(n-logm) as we implement Prim’s algorithm by using min heap structure. For the
measure of dissimilarity between two trees, this part needs O( psize® - n) as we need to
calculate such dissimilarities between every pairs of trees from the whole population,
and, for a pair of trees, all (n—1) arcs for each tree is considered for the calculation.
To determine the local best for a particle, those dissimilarity values for the particle are

sorted by calling function gsort() from the standard library which needs

O(psize-log(psize)) for the average case. So, determining local best for the whole
population requires O(psize” -log(psize)). Therefore, the total complexity of our

algorithm with population size psize and maximum number of iterations N __ is
O(N_, - psize- (n* +n-logm+ psize” - n+ psize” -log( psize) + psize-n)) =
O(max { psize-n’, psize’ - n}).

The algorithm is tested on each instance for five times. The most often
occurred best solution of five runs was recorded as an “obtained solution” for each
instance. However, some previous algorithms were not tested on all available OCST
benchmark instances; for example, Hoang’s PSO was not tested on Berry35 and
Berry35u. So, “n/a” will be reported. The numerical results are presented in Table 1.

Table 1 shows that our algorithm is as good as Hoang’s algorithm as both
algorithms produce best known solutions for Palmer6, Palmer12, Raidl10, Raidl20,
and Berry6. In addition, our algorithm yields the obtained solutions which being
closer to the best known solutions for Palmer24 and Raidl50 and produces best known

solutions for the Berry35 and Berry35u, which was not mentioned in Hoang et al.’s

paper.



Table 1: The obtained solution (Total Communication Cost)
for the OCST benchmark instances
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Instances Best kr}own Palmer’s Boucl;lleicaba’s Hoang’s AIW-PSO
solution GA GA PSO

Palmer6 693,180 709,770 708,090 693,180 693,180*
Palmer12 | 3,428,509 | 3,876,488 | 3,457,952 | 3,428,509 | 3,428,509*
Palmer24 1,086,656 | 1,959,790 | 1,086,656 | 1,138,360 | 1,088,154
Raidl10 53,674 58,352 53,674 53,674 53,674*
Raidl20 157,570 165,788 157,570 157,570 157,570%*
RaidlS0 806,864 911,987 964,140 826,499 809,311
Raidl75 1,717,491 n/a n/a n/a 1,730,153
Berry6 534 534 534 534 534%*
Berry35 16,915 n/a 16,915 n/a 16,915%*
Berry35u 16,273 n/a 16,420 n/a 16,273%*

(* denotes the best known solution for each instance)

Table 2: The percentage of gap between the obtained solution

and the best known solution

Palmer’s 0 , ] Hoang’s
Instances GA Bouchebaba’s PO AIW-PSO
GA

Palmer6 2.3933% 2.1510% 0.0000% | 0.0000%
Palmer12 13.0663% | 0.8588% 0.0000% | 0.0000%
Palmer24 | 80.3505% | 0.0000% 4.7581% | 0.1379%
Raidl10 8.7156% 0.0000% 0.0000% | 0.0000%
Raidl20 5.2155% 0.0000% 0.0000% | 0.0000%
RaidlS0 13.0286% | 19.4923% | 2.4335% | 0.3033%
Raidl75 n/a n/a n/a 0.7372%
Berry6 0.0000% 0.0000% 0.0000% | 0.0000%
Berry35 n/a 0.0000% n/a 0.0000%
Berry3Su n/a 0.9033% n/a 0.0000%
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To assure the effectiveness of our algorithm, we present our results by the
percent improvement. The percent improvement of an algorithm on an instance is
measured by the percentage of the gap between the obtained solution and the best
known solution of an instance. The best known solutions can be found in [18]. Such
measurement means that the less of the percentage of gap is, the more effectiveness of
the algorithm posses. The percentage of gap of each instance is presented in Table 2.

It can be easily seen that our AIW-PSO algorithm for the OCST problem
produces the most encouraging results for the tested benchmark instances. In Palmer
series, the best known solutions are achieved from Hoang’s and ours in Palmer6 and
Palmer12, whereas, in Palmer’s GA and Li&Bouchebaba’s GA, the gaps of 2.3933%
and 2.1510% are resulted for Palmer6, and the gaps of 13.0663% and 0.8588% are
recorded for Palmer12. The best algorithm for the Palmer24 is the Li&Bouchebaba’s
GA. Although our algorithm is not the best for the Palmer24, our obtained result gets
much closer to the best known solution with the gap of only 0.1379%. The
comparison on the Palmer instances is graphically represented in Figure 4-1. In Raidl
series, our algorithm produces the favorable results, especially in the Raidl50 and
Raidl75, as can be seen in Figure 4-2. Our AIW-PSO algorithm produces the same
best known solutions for Raidll0 and Raidl20, and the gaps of less than 1% for
Raidl50 and Raidl75. In Berry series, the solutions obtained by our algorithm are the
same as the best known solutions, while the Li&Bouchebaba’s GA creates the gap of
0.9033% for Berry35u. According to the absence of the Palmer’s GA and Hoang’s
PSO results on Berry35 and Berry35u, the comparison graph of the Berry series is
drawn from only Li&Bouchebaba’s GA and our AIW-PSO algorithm and is shown in
Figure 4-3.
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Berry35u
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Figure 4-3: The best obtained solutions using_I;EcBouchebaba’s GA and our AIW-
PSO for Berry35u

To see effect of the adaptive inertia weight on the PSO algorithm for the
OCST problem, we show the comparison graph of the obtained solution over
iterations from our standard PSO (with no adaptive inertia weight) and from the PSO
with adaptive inertia weight (AIW-PSO). However, the standard PSO we
implemented is not truly Hoang’s PSO as some components of the algorithm are
defined in our way because Hoang at al. had not given us such details. So, in this part
of experiment, the comparison between our standard PSO with no adaptive inertia
weight, which is called the O-PSO, and our proposed PSO with adaptive inertia
weight (AIW-PSO) will be discussed.

Although we executed our algorithms on all ten OCST benchmark instances,
some instances will be omitted when we do the comparison because its best known
solution can be found in iteration O or iteration 1 as the convergence movement could
not be represented from the run. Therefore, we show the comparison graph of
Palmer24, Raidl50, and Raidl75 as in Figure 4-4, Figure 4-5, and Figure 4-6,

respectively.
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between O-PSO and AIW-PSO
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PSO Result: Raidl75
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Figure 4-6: Comparison graph shows obtained solutions of Raidl75 over iterations

between O-PSO and AIW-PSO

There is no major difference over iterations between O-PSO and AIW-PSO
for the OCST problem. The graphs indicate that the adaptive inertia weights do not
affect to the searching process with our designed parameter with population size of
1,000.

To avoid the population size effect, we conduct further experiments by
reducing the population size to various values, 1.e., 500, 100, 50 for the Palmer24, and
500, 100 for the Raidl75. We do not employ the population size of 50 to the Raidl75
as the population size must be greater than(n+1). Results from this experiment are
displayed in Figure 4-7 and Figure 4-8.

For the Palmer24 network, when population size is greater than 100, there is
no significant difference in the obtained solutions among different population size
setting. While the population size is reduced to only 50, the obtained solution is
considerably far from the best know solution as can be seen in Figure 4-7. For the
Raidl75 network, there is no critical variation when population size is greater than
500. When population size is reduced to 100, performance of the PSO algorithm is
greatly dropped. Therefore, population size is extremely important to the final

solution in PSO algorithm.



35

1,240,000
1,220,000
1,200,000
1,180,000
1,160,000
1,140,000
1,120,000
1,100,000
1,080,000
1,060,000
1,040,000
1,020,000

Total Communication Cost

Palmer24
1,210,876
1,141,268 -
< psize500
i  psize100
1,090,55 013
’ & psize50
- ¢. : :
" . " i .l:--
= o
i i
o a e _
0-PSO AIW-PSO
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Figure 4-8: The obtained solutions from various population size settings of Raidl75

Accordingly, we reduce the population size of our AIW-PSO algorithm for the

Palmer24 to only 50 and present the comparison graph in Figure 4-9.
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Figure 4-9: The obtained solution of Palmer24 over iterations with reduced

population size

For Palmer24, O-PSO performs better than AIW-PSO until iteration 284
where AIW-PSO explores to the new global best region. Finally, the AIW-PSO

produces better obtained solution.

Total Communication Cost

920,000
910,000
900,000
890,000
880,000
870,000
860,000
850,000
840,000
830,000
820,000
810,000
800,000

PSO Result: Raidl50_reducedpsize

3
s
d ===-0-PSO
™
b == sees AIW-PSO
s,
R Best known solution

||||||||||||||||||||||||||||||||||||||||||||||||||

0 50 100 150 200 250 300 350 400 450

Iteration

Figure 4-10: The obtained solution of Raidl50 over iterations with reduced

population size
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For Raidl50, the O-PSO obtained better solution after iteration 55 until
iteration 304. Afterwards, the solution from the AIW-PSO is better. Accordingly, we
can comprehend that when population size is large enough, adaptive inertia weights
cannot show their effect in the optimal search. But when population size is reduced,
the effect of the adaptive inertia weight is shown. Therefore, the beneficial of adaptive
inertia weight depends on population size in the AIW-PSO algorithm.

In addition, we implement both O-PSO algorithm and AIW-PSO algorithm
with Palmer24 network and compare the results with Hoang’s initial pattern and with
the new initial pattern with population size of 50. The average values of the obtained
solutions are recorded and are used in comparison. Figure 4-11 shows that both PSO
algorithms with new initial pattern produce better results than those with Hoang’s
initial pattern. Therefore, this shows advantage of the new initial pattern when

population size is small.

Palmer24 with psize50

1,200,000

1,190,30?

1,190,000

1,180,000

1,170,000 1,167,239

1,160,000 % 0ld initialization

1,150,000 e e
II'New initialization

1,140,000

Total Communication Cost

1,130,000

1,120,000
=

1,110,000 . J
0-PSO AIW-PSO

Figure 4-11: The average value of obtained solutions of Palmer24 from PSO with

Hoang’s initial pattern and with new initial pattern when population size is 50
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In summary, both adaptive inertia weight and population initialization pattern
for PSO algorithm have a significant impact to PSO algorithm only when number of
population is small enough, otherwise, the effect of the population size dominates the

search process.



Chapter V

Conclusion

We propose the improved version of the novel Particle Swarm Optimization-
based algorithm for the OCST problem. The process of our main algorithm is based
on Hoang et al.’s algorithm with the measure of dissimilarity between a pair of trees
defined as in this paper. We include the adaptive inertia weight strategy and revise the
particle initialization pattern, which affect the final solution of the particle search.

Our AIW-PSO algorithm for the OCST problem yields better results and our
results assure our knowledge that initial population in heuristics-based algorithm have
obvious impact to the obtained solution at final run. Furthermore, if we look further
into the effect of our modifications, the adaptive inertia weight and the new
initialization pattern affirm their benefit over the PSO algorithm when population size
is small. Therefore, number of population in the PSO algorithm has a significant
impact to the particle search.

The next step of our work is to test with more real world problems which fall

into the OCST problem area.
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Appendix
Pseudocode of AIW-PSO

/* Read input data */
Read n; // number of nodes in the original network
Read matrixD[i][j],; // distance matrix element
Read matrixR[i][j]; // requirement matrix element
/* Determine maximum distance in the distance matrix */
max_edge;
/* Determine degree of each node from minimum spanning tree (MST) from original distance */
PrimMST(matrixD) // find the MST using Prim’s algorithm
/* Designed parameter */
population_size = 1,000,
knearest = 3, // for determining local best
maxlter = 500 // maximum number of iteration
/* Algorithm */
Initialize gbestValue = (max_edge)’; // global best value
Initialize iter = 0;
Initialize w = 1, // inertia weight for the iter=0
For (k=1 to population_size) // Initialization step
Initialize currentposition[k]; // vector size n
Initialize currentvelocity[k] = 0, // vector size n
Initialize particle[k] = currentposition[k];
Initialize pbest[k] = particle[k];
EndFor
While (iter < maxlter)
success_count = (0, // count of success(for computing inertia weight)
para2 = 1; // the node-biased parameter for the modified matrix
k=0;
While (k < population_size)
/*Calculate fitness value of the particle ‘k’ */
fori=lton
forj=1ton
modifiedD[i][j] = matrixD[i][j] + (paral*(currentposition[k][i] +
currentposition[k] [j]) *max_edge),
EndFor

44
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EndFor
PrimMST(k, modifiedD), // find the MST using Prim’s algorithm
Print TCC[k]; // Total communication cost of the MST
fitness[k] = 1/TCC[k];
/* If the fitness value is better than the best fitness value in history, then set the
current value as the new pBest */
if (iter > 0)
if (fitness[k] > pbestValueCurrent[k])
success_count = success_count + I;
pbestValueNew[k] = fitness[k];
Fory=Iton
pbest[k][v] = currentPosition[k][y];
EndFor
If (TCC[k] < gbestValue) // update global best value
gbestValue = TCC[k],
gbestlndex = k;
gbestlter = iter,
For y=1 to n // update global best position
gbest[y] = currentPosition[gbestindex][y];
EndFor
EndIf
else pbestValueNew([k] = pbestValueCurrent[k],
else {
pbestValueNew[k] = fitness[k];
If (TCC[k] < gbestValue) // update global best value
gbestValue = TCC[k];
gbestindex = k;
gbestlter = iter,
For y=1 to n // update global best position
gbest[y] = currentPosition[gbestindex][y],

EndFor
EndIf
pbestValueCurrent[k] = pbestValueNew/[k];
/
EndIf
k=k+1;

EndWhile
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/* Find percentage of success*/
percentage success = success_count/ population_size;
w_min = 0;
w_max = 1;
w = ((w_max —w_min)*percentage _success) + w_min;
/* Choose the particle with the best fitness value of all the neighbor particles as the lbest */
For a=1 to population_size
For b=1 to population_size
Compute farnessfa][b], // as described in subsection 3.3
EndFor
EndFor
For a=1 to population_size
findlocalbest(a, knearest, farness),
EndFor
/* Update particles */
iter = iter + I;
For a=1 to population_size
/* Calculate particle velocity */
Forr=I1ton
newvelocity[a] [v] = w*currentvelocity[a] [r] + (1 *rand01*(pbest[a][r] -
currentpositionfa][r])) + (1 *rand02*(lbest[a][r] - currentposition[a][r]));
EndFor
/* Update particle position */
Forj=1ton
newpositionfa][j] = currentpositionfa][j] + newvelocity[a][j];
EndFor
EndFor
EndWhile
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