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Capacity Optimization in Dynamically Routing Computer Network Systems

Nusin Uncu®, Rizvan Erol

Abstract: A computer network system is a complex system with a great number of dynamic components. There are many devices in the system, such as computers, routers,
lines, hubs, and switches. In addition to these hardware systems, many protocols are integrated to set the rules and provide the way of communication. Due to the nature of the
system, it is hard to formulate and solve problems analytically without making any assumptions. One of the prominent problems that occur in computer systems is the line capacity
assignment problem. In the previous mathematical models, message routes were predetermined and the dynamic nature of the system was neglected. This study deals with the
line capacity assignment problem under a dynamically routing policy. Four different computer network topologies are used and solved by two heuristic algorithms via simulation.
A dynamic search approach based on the occupancy rate of lines is used to define the consecutive routes of messages. The performances of harmony search and genetic
algorithms via simulation are compared with the results of OptQuest, one of the optimization packet programs embedded in simulation software Arena®.
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1 INTRODUCTION

Studies on computer network systems date back to the
1970s. The common goal is to minimize the cost of the
system while reducing congestion and latency in a perfectly
designed network system under well-defined routing
policies. Computer network optimization problems range
from the physical structure of network to the optimization of
parameters in the network. They can be classified under three
categories:

1) Topology optimization or network design problems
2) Routing problems
3) Line capacity and resource allocation problems.

A minimum cost topology design is given in [1].
Topology optimization and network design problems have
been solved with search algorithms, relaxation methods and
evolutionary algorithms [2-5]

The routing problem is formulated in [6] as a nonlinear
multi-product flow problem and solved with the
decomposition method. ARPA, which is a wide area packet
switching network, and NASDAQ as a distributed network
structure are used in [7]. They investigated the location,
capacity determination, routing and reliability problems of
specific connections for each structure. They proposed
queuing theory, pure approach, functional simulation
approach, Moore-Shannon approach and iterative heuristic
approaches to solve these problems and highlighted the
shortcomings in the literature for possible studies. Another
network routing problem is solved in [8] using Lagrange
relaxation and subgrade optimization methods minimizing
the transmission times using four different topologies. The
problem of multi-packet routing was addressed in the n X n
mesh topology with the rule of sending wormhole by
dividing the packets into their link capacity in [9]. The
primary and secondary routing problem in backbone network
structures was formulated in [10]. The problem of
determining the primary routes as well as the secondary
routes in case of traffic density occurring in the backbone
network structure was discussed in [11]. They solved the

nonlinear integer mathematical model based on minimization
of waiting times of messages in the system with a heuristic
algorithm based on Lagrange relaxation and compared the
results with the ones using greedy and Dijkstra’s algorithms.
Two routing policies were introduced in [12]: fixed routing,
where once routes are set up they are always followed by the
messages, or adaptive routing, where the routes are defined
as a function of the information available when the messages
arrive.

The constrained routing optimization problem in
network systems was solved by particle swarm optimization
algorithm in [13]. The optimum path strategy was suggested
in [14] for maximum node density probability (betweeness)
minimization to prevent congestion in complex networks. A
FuzzyAntNet algorithm was developed in [15] using fuzzy
logic and AntNet algorithm together. They compared the
simulation results with the Destination Sequenced Distance
Vector and AntNet algorithms. A novel routing algorithm
that integrates static and dynamic routing policies using
virtual clustering and flow divergence algorithms was
introduced in [16]. Two traffic congestion control techniques
were proposed in [17] for flow assignment and packet
scheduling, for effective routing in computer networks.
Dynamic routing and static routing policies were compared
in [18] and emphasized that dynamic routing algorithms give
better results in terms of system performance if they work
fast, but any miscalculation in the routing table may increase
the waiting time in the system.

The line capacity problem in packet switching computer
networks was first introduced in [19]. The problem of line
capacity and flow assignment in computer networks was
modelled as m-M/M/1 queuing system in [20]. They
formulated the objective function according to the multi-
product flow network and solved it by flow deviation
method. Towards 1990s, the problem of capacity and route
determination has begun to be combined into a mathematical
model. The first study in this area is the work in [21]. They
formulated a nonlinear integer model determining the routes
and connection capacities that will minimize the cost in
computer networks, where network topologies and candidate
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route sets for each node pair in communication were given,
and solved it using Lagrange approximation. Resource
allocation problem was considered in [22] on time-varying
directed communication networks using distributed
optimization method. In [23], line capacity and flow
assignment problem was solved by bender decomposition
method. The cost of installation was based on quality of
service on different topologies and fixed capacities. A new
genetic algorithm approach was developed in [24] for
network line capacities and routing problem and better results
than previous studies with parallel computing technique were
obtained. A heuristic was proposed for continuous capacity
and flow assignment problem in [25]. In the context of
queuing theory, a mathematical model dealing with capacity
assignment in computer networks was given in [26].
Predicting the link availability in computer network systems,
especially on mobile ad-hoc has gained importance. The link
availability was predicted by [27] in Mobile Ad hoc Network
(MANET) considering the capacity optimization. A new
topological system called as MECPerf enabling online
collection of network measurements was proposed in [28].
The proposed architecture is useful on edge computing
domain for online network optimization to increase system
performance.

Besides the most dedicated problems on computer
networks, some miscellaneous problems are noticed in the
area of communication network such as path planning,
resource utilization, risk analysis and reliability [29-33].

In large-scale computer communication networks (e.g.
the nowadays Internet), the assignment of link capacities and

(c) The network topology of USA

selection of routes (or the assignment of flows) are extremely
complex network optimization problems [23]. Even when
there is no uncertainty, optimization can be very difficult if
the number of design variables is large, the problem contains
a diverse collection of design variable types, and little is
known about the structure of the performance function [34] .
The optimization via simulation methods (OvS) are used to
overcome the difficulties in optimization of large scale
complex systems. The related problems occur in real world
systems such as health systems, telecommunications, supply
chain networks, computer network systems, manufacturing
systems, etc. OvS were classified in [35] according to the
problem characteristics such as shape of the response surface
(global as compared to local optimization), objective
functions (single or multiple objectives) and parameter
spaces (discrete or continuous parameters). Because of the
dynamics and the complexity of the computer network
systems, the method applied in this study is the OvS
technique that enables to get the expected value of functions
considering dynamic behaviour of the system. The part of the
evaluation and generation of solutions are under considered
in optimization phase. Each candidate solution is obtained by
simulation then feasible solutions are evaluated and
improved by optimization methods.

In this study, the capacity assignment problem in
computer networks is considered with dynamically routing
policies. As a contribution to the existing literature, two OvS
methods are suggested to figure out the applicability and
effectiveness of these methods for computer network
systems.
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(d) The network topology of RING

Figure 1 Computer network topologies

2 PROBLEM DEFINITION

A computer communication network can be described as
a connected and undirected graph G = (N, E), where N is the

set of nodes and £ is the set of lines. Each node is considered
to act as a store-and-forward switching station with infinite
storage capacity, and each line is considered to be an error-
free communication channel or link.
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Table 1 The number of nodes and links for each type of topologies

Topologies
ARPA OCT USA RING
Number of nodes 21 26 26 32
Number of links 26 29 41 60

Table 2 Link capacities and costs

Types of | Capacities | Setup Cost | Distance Cost | Variable Cost
links (bit/sec) ($/month) | ($/month/mile) | ($/month/bps)

1 4800 650 0.4 0.360

2 9600 750 0.5 0.252

3 19200 850 2.1 0.126

4 50000 850 42 0.030

5 108000 2400 42 0.024

6 230000 1300 21.0 0.020

7 460000 1300 60.0 0.017

The topologies and distances between links are taken
from [36] are given in Fig. 1. In order to avoid figure
complexity, the distances between nodes 1 to 8 in RING
topology is represented on the right side of RING network.

Conceptual model

Set up initial
parameters

Number of nodes and links for each topology is
summarized in Tab. 1. Line capacities and costs for each type
of line is taken from [36] and given in Tab. 2. The unit delay
cost for all the topologies is $20 per sec.

3 OPTIMIZATION VIA SIMULATION

The concept of using simulation and optimization
methods simultaneously has been widely studied since
1970s. Although the performance of the methods differs from
case to case, the general idea of the application is to find the
optimal value of a function which depends on a parameter
that is changed by optimization and evaluated by simulation.
Starting with the conceptual model of the problem, general
OvS steps followed for each metaheuristics in this study are
shown in Fig. 2.

Simulation ,,,,,,,,,,,,,,,, !

Performance \ ermination
Run simulation outputs L(x), * Run optimization criterion
x W(x) g satistified?
Update .
parameters |
Figure 2 The OvS process

3.1 Computer Network Simulation Optimization Model

Computer network system can be illustrated basically in
Fig. 3. In this study, the nodes shows routers and the links
between these nodes are cables. There are routing protocols
embedded to the nodes and there may occur queues in front
of the router based on the online usage of the corresponding
line.

2 Atemative routes

e F

Li4

I —1—)5:.-r
»

Figure 3 An exhlbmon ofqueumg model for each node

In the suggested model, messages occur on any node and
destination is randomly assigned to each message. The
occurrence rate of messages is exponentially distributed and
inter arrival time is 4 seconds. The message visits the nodes
dynamically throughout the system depending upon the
links’ online occupancy rate until it reaches to its destination
node. So, the message finds its best route throughout the

online progress. The time spend at nodes is ignored, while
the delays are considered due to a congestion on the links.
If the messages do not reach its destination node in a
reasonable amount of time or hop number, the message is
classified as failed.
Other assumptions are explained below.
e Messages spend time relatively to the capacity of lines
they visited.
e Length of messages are assigned equally likely as the
sizes of 200, 300, 400, 500 and 600 MB.
e The capacity of the lines declines throughout the
occupancy rate.
o The destination nodes are not predefined and
have equal chance to be selected.

The simulation model includes events such as receiving
the message, message enter to the first route, and subsequent
events of travel on network lines based on dynamically
searching algorithm of line availability, end with reaching
target message node and message dispose from the network
system. Through entire model the message are given
attributes and variables that are used to find model statistics.
An instance of simulation model and main blocks are given
in Fig. 4 with a superficial flow of message due to the
difficulties to screen out all the blocks in model.
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Figure 4 An instance of model main blocks used in Arena

The notations used in the equations are explained in Tab.

Table 3 The notation

Decision Variable
1
Yy = {0 type line(capacity) j is used by link i otherwise

=1 =1,k

Parameters

s; - set up cost of link j ($/month)

d; - unit distance cost of link j ($/month/mile)
m; - length of link i (mile)

v; - unit operation cost of link j ($/month)

Li(x) - expected total message length passed through link 7 (bits)
b - unit delay cost ($/month)
Wi(x) - expected waiting time on link i (month)

x - length of message (bits)

n - number of links

k - number of line types

Objective function in Eq. (1) is the minimization of the
total cost while assigning the optimal link capacities.

min z =
- Z (Sjyz]‘+djmi)+ z v, yyLi () + Z bWi(x)(l)
iel,jeJ iel,jeJ ieljeJ

In Eq. (1), the first sum is for set up cost and cost of lines
used for each link, the second is operational cost depending
on the size of the messages and assigned line capacity and the
third is delay cost. The operational and delay costs are
expected costs and obtained by the simulation. These
functions depend on the size of messages that travelled
through the network as the system proceeds. Eq. (2) restricts
each node to be connected just one type of line. Eq. (3)
restricts the decision variables to be binary.

Z yy=1 Viel 2)
jeJ
Vi e{O, 1} Viel,VjeJ 3)

The travel times of the messages change according to the
capacity of the link and size of the message. The related
formula is given in Eq. (4). It is mentioned that the time that
a message reaches to its destination node increases as the
utility of the link increases. The online occupancy rate is
given in Eq. (5). The online occupancy rate provides the
decision of route selection in the dynamically changing states
of computer network system.

1 Message length/ Link capacity
= . )
y7, (1-Online occupancy rate)
. _ OnlineUsage
Online Occupancy Rate = Total Capacity )

3.1.1 Harmony Search Algorithm via Simulation

The harmony search algorithm is one of the challenging
metaheuristics presented in [37]. It is inspired from the idea
of harmony of instruments. Harmony search algorithm has
two parameters, harmony memory size (HMS) and harmony
memory consideration rate (HMCR). HMS is the number of
candidate solutions in the population. HMCR is the
probability of selecting a member in HMS. In this study, an
extended version, intelligent tuned harmony search
algorithm, which is proposed in [38] is applied and the
integration with simulation is depicted in Fig. 5.
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Figure 5 Intelligent tuned harmony search algorithm via simulation
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The grouping approach in intelligent tuned harmony
search algorithm enables the heuristic to provide the
opportunity of selecting a new member from sub-population.
If the function value of selected member is less than the
average function value of HMS, that member is classified in
the group of A, otherwise in the group of B. For the members
in group A, the chance of intensification or diversification is
applied by a probability of 50 percent. For the members in
the group B, only diversification is applied. Intelligent tuned
harmony search algorithm has a new parameter, dynamic
pitch adjustment rate (PAR), which provides a deep and
detailed search.

Each member in the population has a cost function which
is estimated by simulation. Then the members are sorted by
ascending order according to the value of their cost functions.
An update of the harmony memory is done based on HMCR
or PAR. The probability of updating any member with
choosing a member in harmony memory is HMCR, while
randomly change is (1 — HMCR). Then, another adjustment
can be made by a probability of PARj«.r or no adjustment by
(1 — PARjr). It is calculated in Eq. (7).

Dy;=1 Viel (6)
jeJ
current;,,
PAR iter — PARmax - (PARmax - PARmin) (7)
MmaXige
R )
2 2 2
Construct 4 X3 X
Population .
‘rlf" 5 "é’ﬂﬂ' ;.'.1{5'

After some trial, the appropriate values of the harmony
parameters are chosen with a HMS of 150 and a HMCR of
0.90 as depicted in Tab. 4.

Table 4 HarSimOpt results with different parameters

. HMCR
HMS | # of Iterations 0.10 0.50 0.90 CPU Time
30 141,17 141,17 143,74 35"
20 50 139,34 141,17 141,17 46"
100 139,11 139,77 141,17 120"
200 139,11 139,77 141,17 226"
30 129,51 129,51 129,51 35"
50 50 129,51 129,51 128,74 46"
100 129,51 129,51 128,52 1'20"
200 129,51 129,51 127,78 226"
30 128,70 128,70 128,70 35"
150 50 128,70 128,70 128,70 46"
100 128,70 128,70 128,70 120"
200 128,70 128,70 127,71 226"

3.1.2 Genetic Algorithm via Simulation

Genetic algorithm was first introduced in [39] to solve
some common mathematical problems. Two important
operators are crossover and mutation. One way crossover is
considered and ranking selection method is used to select the
members that are exposed to genetic algorithm operators.
Mutation rate is set to 0.01 and population size is 20. Genetic
algorithm via simulation steps are given in Fig. 6.

7<)
wwwwwwwwwww LS ~f a
N = flx)
—>» . mSimulationRun = =——p| "
A s 4 -
fi=")
S L
ar bl 2
el * ween Xy «| Update Population

Figure 6 Genetic algorithm via simulation

Table 5 GenSimOpt with different parameters

# of Iterations Crossover Rate -
0,50 0,75 0,90 CPU Time
30 122,84 118,30 120,74 4'
50 118,67 118,30 120,21 6'30"
100 117,54 117,06 120,19 11'44"
150 116,92 109,45 119,23 16'47"

Genetic algorithm via simulation is run for different
crossover rates and iterations. The optimal costs per cases
and CPU times are given in Tab. 5. It is seen that with a
crossover rate of 0.75 and 150 iterations, algorithm provides
desirable result.
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3.1.3 OptQuest

OptQuest is an optimization tool embedded in simulation
software Arena®. Optimization algorithms in OptQuest are
not explicitly known, but it is known as the combination of
scatter search, advanced taboo search, linear programming,
integer programming, neural networks and linear regression.
OptQuest allow users to find a feasible solution for a
mathematical model that imports the parameter values from
simulation runs simultaneously.

4 COMPUTATIONAL RESULTS

Delphi™ 7.0 is used to write the algorithms. Simulation
tool Arena® is embedded inside the user interface module in
order to execute the OvS methods simultaneously. The
harmony search and genetic algorithms are population based
algorithms. The advantage of using harmony search is that it
needs fewer configurations than genetic algorithms, but has
a disadvantage because; only one of the candidate solutions

can be renewed per each population generation. While using
genetic algorithms, a group of population is updated
proportionally to crossover and mutation rates. So, the
process of converging optimum in simulation optimization
progress is longer in time in harmony search algorithm than
in genetic algorithms as seen in Fig. 7. The number of
simulation runs are different. But, actually the number of
population members updated for each algorithm is the same.
The convergence to the optimum in genetic algorithm seems
better than harmony search algorithm. The optimal is reached
after 120 runs in genetic algorithms while 300 runs in
harmony search. Due to the connection structures of nodes in
the topologies, the performances of the algorithms result in
differ. For example, genetic algorithms converges to optimal
with a less number of iterations for USA topology and greater
number of iterations for OCT topology among others.
However, harmony search algorithm converges to optimal
with a less number of iterations for ARPA topology among
others.

ARPA

1020 30 4 5 6 70 8 %0 100 110 120 130

140 180, 100 200 300 400 SO0 OO TOD 800S00 1.000 1.100 1.300 1300

USA

0 20 % & S 60 T 80 90 100 1O 120 130 140 150

100 200 300 400 SO0 &00 700 0D §00 1.000 1.100 1200 8.300

400

ocT
§EEB2EE

0 20 3 40 S 60 T0 & S0 100 110 120 130 180 150

o

180 200 300 b0 SO0 GDO TOO 8OO GOD 1.000 1.100 1.200 1300

150
145

Total Cost ($)
2

RING

Number of Runs

0N 0 4 9B T B0 S I00T0 120 130 140 190

100 200 300 400 SO0 600 700 800 SO0 1.000 1.100 1.200 1.300

GenSimOpt

HarSimOpt

Figure 7 Improvement in total cost through number of simulation runs for each metaheuristics and topology
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OptQuest is reached a desirable optimal value after 2000
simulation runs. Fixed, variable, delay and total costs for
each network topology obtained using three methods are
given in Tab. 6. Based on the costs of the network system,
GenSimOpt gives the minimum total cost for each topology,
while the HarSimopt and OptQuest performances of
converging to minimum cost change for different topologies
of networks.

Table 6 Optimal costs per topology obtained by three OvS methods

Fixed Variable Dela Total
Methods Cost ($) | Cost($) | Cost (}S/S) Cost ($)
HarSimOpt 72,63 33,31 12,57 118,51
ARPA GenSimOpt 70,77 29,47 9,21 109,45
OptQuest 74,09 32,34 13,67 120,10
HarSimOpt 90,88 42,54 23,46 156,88
OCT GenSimOpt 85,23 30,49 22,01 137,73
OptQuest 91,6 24,39 239 139,89
HarSimOpt 105,11 25,17 266,61 396,89
USA GenSimOpt 96,43 21,67 267,83 385,93
OptQuest 112,55 16,92 266,79 396,26
HarSimOpt 95,43 20,38 25,27 143,20
RING GenSimOpt 82,28 17,2 17,6 120,22
OptQuest 92,91 12,59 18,19 124,81

The results are illustrated in Fig. 8. The USA topology
have a higher delay and total cost because of the messages
wait in the system to reach its destination node up to the
maximum number of hops. The USA topology has two
bottleneck nodes 15 and 16 that are only two nodes placed on
the connections of other nodes. Once looking at the
topologies one can conclude that the RING network would
have been a higher cost, but the mesh structure of RING gives
messages opportunities to reach its destination node via
different alternative ways.

450
400
350
300
250
200
150
100
50
0

1
>

|

GenSimOpt
HarSimOpt
OptQuest
GenSimOpt
HarSimOpt
OptQuest
GenSimOpt 3
HarSimOpt >
OptQuest
GenSimOpt
HarSimOpt
OptQuest

ARPAARPAARPA OCT OCT OCT RINGRINGRING USA USA USA

—aA— Fixed Cost (§)  —¢— Variable Cost ($)

Delay Cost (5) —@— Total Cost(S)

Figure 8 The results of each method for each network topology
5 CONCLUSION

The capacity assignment problem of computer network
systems under dynamic routing conditions is solved by OvS
methods involving heuristic algorithms in this study. Since
there is no remarkable study for discrete event simulation

(DES) of computer network systems in the literature, the
main contribution of this paper is providing the DES model
of such a complex system. As another contribution, the costs
are estimated not under restricted, fixed, and finite
combinations based on the end-to-end routing of messages as
handled in the previous studies. The simulation and
optimization methods are used simultaneously with high
consideration of steady-state conditions to increase the
precision level. The results show that genetic algorithm gives
the best results for nearly the same CPU time compared with
other methods. In addition, although OptQuest is used by
several researchers, its performance is not highly appreciated
in computer network systems simulation optimization
problem.

In this study, it is observed that due to the great amount
of CPU time of simulation runs, it would be less time
consuming at least the optimization method converging to the
optimum by a small number of iteration. Otherwise, the OvS
method becomes less efficient to solve complex optimization
problems. Each heuristic used in this study is a population-
based algorithm. Although they are very efficient for solving
general optimization problems, the trade-off is important
among the simplicity of the algorithm, applicability, and
success of convergence to optimum in a reasonable time. It
can be concluded that harmony algorithm is better than
genetic algorithms in simplicity and applicability. However,
the success of genetic algorithms in convergence to optimum
is reported as better in this study. For further, one can apply
other efficient metaheuristic methods to decrease the number
of simulation runs that take a considerable amount of CPU
time.
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