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ABSTRACT 
In this paper we describe the application of different heuristics to 
optimise large communication networks. We use Iterated Local 
Search (ILS), Tabu Search (TS), Simulated Annealing (SA) and 
Genetic Algorithm (GA) to minimise the link cost to form 
balanced communication networks. This paper makes a 
comparison among the effectiveness of ILS, TS, SA and GA on 
solving large communication networks. Simulation results verify 
the effectiveness of these algorithms. 

Categories and Subject Descriptors 
C.2.1 [Computer-Communication Networks]: Network 
Architecture and Design – Centralized networks, Network 
communications.  

I.2.8 [Artificial Intelligence]: Problem Solving, Control 
Methods, and Search – Heuristic methods.  

General Terms 
Algorithms, Design. 

Keywords 
Communication Networks, Iterated Local Search, Tabu Search, 
Simulated Annealing, Genetic Algorithm, Terminal Assignment 
Problem. 

1. INTRODUCTION 
Nowadays, we observe an increasing size and consequently an 
increasing complexity of computer networks and for that reason 
finding an optimal assignment of terminals to concentrators in 
large communication networks continues to be a hard task. The 
terminal assignment is an important task in communication 
networks [1, 8, 12-14]. The Terminal Assignment Problem (TAP) 
is a NP-hard optimisation problem [1, 8, 12-14] and for dealing 
with its difficulty, we propose GA, ILS, SA and TS. In this paper 
we consider a balanced distribution of terminals among 

concentrators. In this case, the cost of a single assignment is not 
known in advance, and only the cost associated with candidate 
solutions can be calculated. In this work, the optimisation goals 
are to simultaneously produce feasible solutions, minimise the 
distances between concentrators and terminals assigned to them 
and to maintain a balanced distribution of terminals among 
concentrators. To address these optimisation goals we propose 
Local Search (LS) methods and GA.  

LS heuristics involve repeatedly going from one solution to 
another through a local move. They start from an initial solution 
and iteratively attempt to improve upon it by a series of local 
changes. The main drawback of LS heuristics is that the search 
might terminate at a local optima which may be far from a global 
optima. The quality of the final solution depends on the starting 
solution and the rules used to generate neighbouring solutions. 
Recently, a great deal of attention has focussed on three LS 
heuristics when solving complex combinatorial optimisation 
problems: ILS, SA and TS.  

ILS is a simple and powerful stochastic LS method that creates a 
sequence of solutions generated by an embedded heuristic [10]. 
The essential idea of ILS lies in focusing the search on a smaller 
subspace, defined by locally optimal solutions for a given 
optimisation engine.  

SA exploits an analogy between the way in which a metal cools 
and freezes into a minimum energy crystalline structure (the 
annealing process) and the search for a minimum value in a more 
general system [3, 9, 11]. In each run, it attempts to search the 
entire region of interest for the global minimum rather than 
performing multiple downhill optimisation runs, in which the 
selection of the various starting points is automated.  

TS is a meta-heuristic algorithm, belonging to the class of LS 
techniques [5]. TS allows the search of solutions that decrease the 
objective function value only in those cases where these solutions 
are not forbidden [6]. 

GAs are Evolutionary Algorithms (EAs), inspired by the natural 
process of reproduction [4, 7]. Metaphors as chromosomes and 
population stand for solutions and solution set, respectively. 
Mechanisms as recombination and mutation give rise to new 
offspring by manipulating the current population of individuals. 
Following a standard Darwinistic approach, the selection extracts 
the most promising individuals from the current population [7]. 
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We use different instances with different sizes to prove the 
efficiency of ILS, SA, TS and GA algorithms.  
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The paper is structured as follows: in Section 2 we describe the 
TAP; in Section 3 we describe ILS, TS, SA and GA algorithms; in 
Section 4 we discuss the computational results obtained and, in 
Section 5 we report about the conclusions. 

2. TERMINAL ASSIGNMENT 
In TAP a communication network will connect N terminals, each 
with Li demand (weight) to M concentrators, each of Cj capacity. 
Capacities are given by positive integers and each Li must be 
small or equal to min (Cj … CM). The terminals CTi(x, y) and 
concentrators CPj(x, y) sites have fixed and known locations 
placed on an Euclidean grid. 

A simple and feasible method for solving this problem is to 
allocate each terminal to one concentrator without exceeds the 
capacity of any concentrator. We use a vector of integers: 

(1) 

Where X(t)=c means that terminal t is allocated to the 
concentrator c, and 1 ≤ X(t) ≤ M, 1 ≤ t ≤ N.  In other words, whole 
terminals must be assigned to one concentrator, and 

 

(2) 

 

It means that the capacity of one concentrator must not be 
exceeded by the capacity requirements of the terminals assigned 
to that concentrator.  

In this work we consider TAP in the context of balanced 
networks. Our goal is to minimise the link cost and maintain a 
balanced distribution of terminals among concentrators. In this 
case, the fitness function depends on the entire solution provided 
to the computer network, and the cost of a single assignment 
cannot be calculated. Thus, some of the previous algorithms for 
TAP are no longer applicable. Salcedo-Sanz and Yao [12] 
propose a new fitness function to algorithms that work with 
binary representation. This fitness function considers the 
distances between terminals and concentrators assigned to them 
and also the number of terminals assigned to each concentrator. 
We adjust this fitness function to work with an integer-
representation.  

In this work we explore infeasible solutions. In many cases 
performing only a move can be enough to transform an infeasible 
solution into a feasible solution. The fitness function adopted 
gives a penalisation to the infeasible solutions.  

The fitness function is based on:  

1. The total number of terminals connected to each 
concentrator (the objective is to guarantee a balanced 
distribution of terminals among concentrators);  

 

(3) 

 

2. The distances between concentrators and terminals 
assigned to them (the goal is to minimise the 
distances);  

(4) 

 
3. The penalisation if a solution is not feasible (the 

objective is to penalise the solutions when the total 
capacity of one or more concentrators is overloaded).  
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The target of TAP is to minimise the fitness function (Eq. 6). 
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This fitness function encourages solutions with a balanced 
distribution of terminals among concentrators. The fitness 
function penalises infeasible solutions. The Euclidean distances 
between terminals and concentrator are also considered and must 
be as small as possible. Note also, that the fitness value cannot be 
known before a solution is provided to the communication 
network. For this reason, blind search procedures are needed in 
order to obtain a solution to the problem. 
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=∑ 3. LOCAL SEARCH ALGORITHMS 
LS meta-heuristics are an emerging class of methods, which 
recently have been shown to be very effective for a large number 
of combinatorial problems. The LS techniques are based on the 
iterative exploration of a solution space: at each iteration, a LS 
algorithm steps from one solution to one of its neighbours 
(solutions that are close to the starting one). In this paper we 
explore several LS methods applied to TAP: ILS, TS and SA. The 
next subsections describe each step of ILS, TS and SA in detail. 

3.1 Iterated Local Search 
ILS is a meta-heuristic, which can be used to solve complex 
combinatorial optimisation problems [10]. ILS is a LS method 
that explores a sequence of solutions created as perturbations of 
the current best solution, the result of which is refined using an 
embedded heuristic. It is an extension of Mutli-Restart Search and 
may be considered a parent of many two-phase search approaches 
such as the Greedy Randomised Adaptive Search Procedure and 
the Variable Neighbourhood Search. ILS is based on building a 
sequence of locally optimal solutions by: (1) perturbing the 
current local minimum and (2) applying LS to the modified 
solution. 

The main steps of the ILS applied to TAP are detailed below: 

ILS Algorithm 
Initialise Parameters 
Generate initial candidate solution X 
Evaluate Solution 
Apply LS Procedure  
WHILE TerminationCriterion() 
 Apply Perturbation Method  
 Apply LS Procedure 

( ){

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
+⎟
⎠
⎞

⎜
⎝
⎛=

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
−+⎟

⎠
⎞

⎜
⎝
⎛

=

=

⎪⎩

⎪
⎨
⎧

=

=∑
1)(

10

)(1*20

1

)(1
0

)(

)(

M
NroundcNTCif

cNTC
M
Nroundabs

N

t

ctXif

cBAL

cNTC  Verify Acceptance Criterion 

Initialisation of Parameters - The following parameters must be 
defined by the user: (1) MI = maximum number of iterations; and 
(2) NM = number of modifications (perturbations). 

Solution Generation - The initial solution can be created 
randomly or using a deterministic form. The deterministic form is 
based on the Abuali et al. Greedy algorithm [1]. The Greedy 
algorithm assigns terminals to the closest feasible concentrators.  
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Evaluation of Solutions - To evaluate how good a potential 
solution is we use a fitness function (see Eq. 6). 

Perturbation Method - As perturbation method we use a 
neighbourhood search mechanism. A new solution is obtained by 
performing multiple moves whose length is specified as NM.  

The perturbation method consists on the following steps: 

Neighbourhood Search method 
FOR n=1 TO NM DO 
   t = random(N) 
   closestC=1 
   FOR c=1 TO M DO //find the closest concentrator 
 IF distance (t, c)< distance (t, closestC) 
  closestC=c 
   IF capacityFree (closestC)>= L(t) AND 

 mantainBalanced(closestC) 
Assign terminal t to concentrator closestC 

   ELSE 
  cond=true 
 REPEAT 
   t1 = random(N), t2 = random(N) 
   c1 = solution (t1), c2 = solution (t2) 
   IF ( capacityFree(c2) - L(t2) >= L(t1)  

 AND capacityFree(c1) – L(t1) >= L(t2) )  
 AND ( distance(t2,c1)<= distance(t1,c1)  
 OR distance(t1,c2)<= distance(t2,c2) ) 

Assign t1 to c2 and t2 to c1 
  cond = false 
 WHILE cond=true 

First, the algorithm chooses a random terminal t and searches the 
closest concentrator, closestC. If the concentrator has enough 
capacity and maintains a balanced terminal distribution, then 
terminal t is assigned to the closest concentrator. Otherwise, the 
algorithm generates two random terminals, t1 and t2. The 
algorithm verifies the two concentrators, c1 and c2, assigned to 
them. If the concentrators have enough capacities and at least one 
of the concentrators is closest to the terminal that will be 
assigned, then the algorithm exchanges the terminals, t1 and t2, 
between the two concentrators, c1 and c2. The algorithm repeats 
this process until terminals, t1 and t2, are interchanged between 
concentrators, c1 and c2. 

Local Search - The LS method adopted in this study applies a 
partial neighbourhood search.  

The LS method consists on the following steps: 

LS method 
c1 = random (number of concentrators) 
c2 = random (number of concentrators) 
NN = neighbours of CURRENT-SOL (one neighbour  

results of interchange one terminal of c1 or c2 
with one terminal of c2 or c1) 

SOLUTION = FindBest (NN) 
IF fitness(CURRENT-SOL) < fitness(SOLUTION)  

NN = neighbours of CURRENT-SOL (one 
neighbour results of assign one terminal 

of c1 to c2 or c2 to c1) 
  SOLUTION = FindBest (NN) 
  IF fitness(SOLUTION)<fitness(CURRENT-SOL) 
  CURRENT-SOL = SOLUTION 
ELSE 

CURRENT-SOL = SOLUTION 

We generate a neighbour by swapping two terminals between two 
concentrators - c1 and c2 (randomly chosen). The algorithm 
searches for a better solution in the initial set of neighbours. If the 
best neighbour improves the current solution, then the best 
neighbour replaces this solution. Otherwise, the algorithm creates 

another set of neighbours. In this case, one neighbour results on 
assigning one terminal of c1 to c2 or c2 to c1. If the fitness of the 
best neighbour is smaller than the fitness of the current solution, 
then the best neighbour replaces this solution. 

Acceptance Criterion - The algorithm only accepts the solutions, 
which decrease the fitness value.  

Termination criterion - ILS stops when a maximum number of 
iterations (MI) is reached. 

3.2 Tabu Search 
TS is a higher level heuristic for solving combinatorial 
optimisation problems. TS is an iterative improvement method 
that starts from a initial candidate solution and attempts to find 
better solutions. The basic concept of TS was described by Glover 
[5]. The TS algorithm explores solutions that decrease the 
objective function value only in those cases where these solutions 
are not forbidden. This is usually obtained by keeping track of the 
action used to transform one solution into the next. When an 
action is performed it is considered tabu for the next ntl iterations, 
where ntl is the tabu status length. A solution is forbidden if it is 
obtained by applying a tabu action to the current solution [6].  

The main steps of the TS applied to TAP are detailed below: 

TS Algorithm 
Initialise Parameters 
Initialise Tabu List 
Generate initial candidate solution X 
Evaluate Solution 
auxElem = 0 //number of the last element updated 
in the tabu list 
numElem = 0 //number of elements in the tabu list 
WHILE TerminationCriterion() 
   REPEAT 
 c1=random(M) 
 c2=random(M) 
   WHILE VerifyTabuList(c1,c2, numElem) 
   Generate Neighbourhood N        
   Select best solution X’ in N   > LS method 
   If fitness (X’) < fitness(X)         
 X = X’                 
   Update Tabu List: 
    UpdateTabuList(c1, c2, auxElem, numElem) 

Initialisation of Parameters - The following parameters must be 
defined by the user: (1) MI = maximum number of iterations; and 
(2) ntl = number of elements in the tabu list. 

Solution Generation - The initial solution can be created 
randomly or using a deterministic form. 

Evaluation of Solutions - We use the fitness function described 
in Section 2 (see Eq. 6) to evaluate the solutions’ quality. 

Tabu List - The solutions admitted to the new neighbourhood, 
are determined through the use of memory structures. The search 
then progresses by iteratively moving from a solution X to a 
solution X’ in the new neighbourhood. The most important type of 
memory structure used to determine the solutions admitted to the 
new neighbourhood is the tabu list. In its simplest form, a tabu list 
is a short-term memory, which contains attributes of solutions that 
have been visited in the recent past (less than ntl iterations ago). 
TS excludes solutions whose attributes are in the tabu list. 

In our implementation, a candidate can be chosen as a new 
current solution if the concentrators which terminals are 
exchanged do not match with those in the tabu list. TS only 



explores neighbours when the two concentrators c1 and c2 used to 
create the neighbourhood are not in the tabu list. 

Tabu List – Method to verify tabu attributes 
VerifyTabuList(c1, c2, numElem) 
   FOR i=1 TO numElem DO 

IF (TabuList(i).attribute1=c1 AND 
TabuList(i).attribute2=c2) OR  

           (TabuList(i).attribute1=c2 AND  
TabuList(i).attribute2=c1) 

     RETURN true 
   RETURN false 
numElem – number of elements in the tabu list. 

The two concentrators (c1 and c2) whose terminals are exchanged 
are classified as tabu attributes. 

Tabu List – Method to update the tabu list 
UpdateTabuList(c1, c2, auxElem, numElem) 

IF auxElem = ntl 
  auxElem = 1 
 ELSE 
  auxElem = auxElem + 1 

IF numElem < ntl 
numElem = numElem + 1 

 TabuList(auxElem).attribute1 = c1 
 TabuList(auxElem).attribute2 = c2 
numElem – number of elements in the tabu list; 
auxElem – number of the last element updated in 
the tabu list. 

Generate Neighbourhood and Select best candidate solution - 
TS was first applied to this problem by Xu et al. [13] and it only 
explores a part of the neighbourhood. Our algorithm exploits also 
a part of the neighbourhood [2]. The search method is similar to 
the LS method used in ILS. The only difference is that the two 
concentrators chosen to create the neighbourhood cannot belong 
to the tabu list. The LS method searches for a better solution in 
the neighbourhood. The current solution is replaced if the best 
neighbour improves this solution. Otherwise, the current solution 
is maintained for the next iteration. 

Aspiration - Normally in TS algorithm if a neighbour is the best 
solution found so far it could be selected as a move, even when it 
is tabu. In our implementation the algorithm does not explore 
neighbours when the two concentrators chosen are in the tabu list. 
In aspiration, just the best neighbour not tabu with a fitness value 
lower than the best is selected. 

Termination criterion - TS stops when a maximum number of 
iterations (MI) is reached. 

3.3 Simulated Annealing 
SA has been used in various combinatorial optimisation problems 
(see [9]). The term SA derives from the roughly analogous 
physical process of annealing in solids. SA mimics the natural 
process by which crystal lattices of glass or metal relax when 
heated. Kirkpatrick et al. [9] took this idea and applied it to 
optimisation problems. The physical annealing turn into an 
algorithm establishing a mapping between: (1) the system states 
and the feasible solutions; (2) the energy and the cost (fitness 
value); (3) change of state and the neighbouring solution; (3) the 
temperature and the control parameter and (4) the frozen state and 
the heuristic solution. Using these mappings any optimisation 
problem can be converted into an annealing algorithm [3, 9] by 
sampling the neighbourhood randomly and accepting worse 
solutions. 

The main steps of the SA algorithm are: 

1. Select starting temperature and initial parameter values; 

2. Create an initial solution X; 

3. Randomly select a new solution X’ in the neighbourhood of 
the current solution X. In practice, a perturbation method can 
be used to perform one or more moves in the solution X. 

4. Compare the two solutions using the Metropolis criterion: 

Metropolis criterion 
delta = fitness(X)-fitness(X’) 
IF delta>0 
 X=X’ 
ELSE  
 r= random number between [0…1] 
 m= exp(delta/temperature) 
 IF (r<m) 
  X=X’ 

Downhill moves are always accepted and some uphill moves 
may also be accepted. Thus, the algorithm can escape from 
local minima. When temperature is very high, uphill moves 
are mostly likely acceptable. As temperature cools, fewer 
uphill moves are acceptable; 

5. Repeat steps 3 and 4 until system reaches equilibrium state. 
In our implementation, the process is repeated it times for 
each temperature; 

6. Decrease temperature and repeat the above steps, stop when 
system converges to a frozen state. In our implementation, 
SA  stops when a maximum number of iterations is reached 

To the basic model of SA we added the same LS algorithm used 
in ILS to intensify the search around some selected regions. This 
LS algorithm is applied to the initial solution. It is also applied to 
the current solutions after the acceptance criterion step.  

The main steps of the SA applied to TAP are detailed below: 

SA Algorithm 
Initialise Parameters 
temperature=ti 
Generate initial candidate solution X 
Evaluate Solution 
Apply LS Procedure  
WHILE TerminationCriterion() 
    FOR it=1 to itT do  

Apply Perturbation Method to generate X’ 
Evaluate Solution X’ 

 delta= fitness(X)-fitness(X’) 
IF delta>0 

    X=X’ 
ELSE                          > Acceptance  
    r= random[0…1]               Criterion 

    m= exp(delta/temperature) 
    IF (r<m) 
  X=X’  

Apply LS Procedure to X 
    Update Temperature: 
 temperature = alpha*temperature  

Initialisation of Parameters - The following parameters must be 
defined by the user: (1) MI = maximum number of iterations; (2) 
ti = initial temperature; (3) it= times for temperature; and (4) 
alpha = annealing temperature reduction factor. 

Solution Generation - The initial solution can be created 
randomly or using a deterministic form.  

Evaluation of Solutions - To evaluate how good a potential 
solution is we use a fitness function (see Eq. 6). 



Initial Temperature - In our implementation the initial 
temperature is defined by the user. 

Perturbation Method - The algorithm chooses a random 
terminal and assigns it to a random concentrator. 

Local Search - The LS method is applied aiming at improving 
the current solution. The LS method is described in Section 3.1. 

Acceptance Criterion - The algorithm uses the Metropolis [11] 
criterion. This criterion permits small uphill moves and rejects 
large uphill moves. This is to prevent the algorithm from 
becoming trapped in a local minimum. 

 The algorithm accepts the solutions, which decrease the fitness 
value (delta>0). Worse solutions are also accepted with a 
probability given by: 

(7) 

A random number r in the range [0...1] is generated and 
compared with the factor m. Since delta/T is negative, the value of 
exp is calculated raised to a negative power so that m will also be 
in the range [0...1]. The more negative the power, the closer to 0 
the value of m. Large negative values of delta and decreasing 
values for temperature make acceptance of an uphill move more 
unlikely. If the temperature is zero then only better moves will be 
accepted which effectively makes SA act like hill climbing. 

Update Temperature - A certain number of iterations are carried 
out at each temperature and then the temperature is decreased. As 
the temperature of the system decreases the probability of 
accepting a worse move is decreased. This is the same as 
gradually moving to a frozen state in physical annealing. 

Termination criterion - SA stops when a maximum number of 
iterations (MI) is reached. 

4. GENETIC ALGORITHM 
GA involves a search from a “population” of individuals 
(potential solutions), in order to find the optimal solution in the 
problem solution space [7]. Each generation of a GA involves a 
competitive selection that weeds out poor solutions. Selection is a 
genetic operator that chooses a solution from the current 
population for inclusion in the next population. Before making it 
into the next generation, selected solutions may undergo 
crossover and/or mutation (depending on the probability of 
crossover and mutation) in which case the offsprings are actually 
the ones that make it into the next generation’s population [7]. 
The selected solutions are “recombined” with other solutions by 
swapping parts of a solution with another. Solutions are also 
“mutated” by making small changes. Recombination and mutation 
are used to generate new solutions that are biased towards regions 
of the space for which good solutions have already been seen. 

The GA consists in the following steps: 

GA Algorithm 
Initialise Parameters 
Generate initial population 
Evaluation 
WHILE TerminationCriterion() 
 Selection 
 Crossover 
 Mutation 
 Evaluation 

Initialisation of Parameters - The following parameters, must be 
defined by the user: (1) MI = maximum number of iterations; (2) 
ni = population size; (3) pm = mutation probability; and (4) pcr = 
crossover probability. 

Initial Population - The initial population can be created 
randomly or in a deterministic form. 

Evaluation of solutions - To evaluate the solutions’ quality we 
use the fitness function described in Section 2 (see Eq. 6). 

Selection - The selection operator chooses individuals from the 
current population for inclusion in the next population. We 
implement the Tournament selection operator. Tournament 
operator selects d individuals to produce a tournament subset of 
individuals. The best individual in this subset is then chosen as 
the selected individual. In our implementation, this operator 
randomly selects a subset of individuals (d = 4) and the best 
individual is selected to form the next population. 

)/exp( Tdeltam =

Before making it into the next population and depending upon the 
probability of crossover and mutation the selected individuals 
may undergo crossover and/or mutation.  

Crossover - GA uses the “One point” crossover operator. In “One 
point” one crossover point is selected, the genes from beginning 
of chromosome to the crossover point are copied from one parent, 
the rest are copied from the second parent. 

Mutation - GA uses the “change order” mutation operator. In 
“change order”, two genes are randomly selected and exchanged. 

Termination criterion - GA stops when a maximum number of 
iterations (MI) is reached. 

5. RESULTS 
In order to test the performance of ILS, SA, TS and GA, we use a 
collection of instances of different sizes. We selected 9 instances 
from literature [2] and we also used 3 randomly generated large 
instances with 1000 terminals and 300 concentrators. 

Table 1 shows our choice of parameter values for ILS, TS, SA 
and GA. 

Table 1. Parameter values. 
ILS Number of perturbations [1 … 3] 
SA Number of iterations for temperature 

Initial temperature 
Alpha 

100 
10 
0.95 

TS Number of elements in the tabu list  [5 … 20] 
GA Number of individuals 

Crossover probability 
Mutation probability 

200 
{0.3, 0.4} 
[0.6 … 0.8] 

We run each algorithm 100 times for each test instance. The 
values presented in Table 2 were computed based on the 50 best 
executions. We record the best value (Best), average value 
(AvgF), standard deviation value (Std) and average computation 
time (AT) produced by each algorithm (see Table 2). The 
algorithms were executed using a processor Intel Quad Core with 
2.84 GHz and 3.5GB of RAM. The initial solutions were created 
using the Greedy algorithm. To compute the results in Table 2, we 
use 300 iterations/generations for instances 1-4, 500 for the 
instance 5, 1000 for the instance 6, 1500 for the instance 7, 2000 
for instances 8-9, and 10000 for instances 10-12. We establish the 
number of iterations based on preliminary observations on the 
convergence of the algorithms.  

http://www.nd.com/products/genetic/crossover.htm
http://www.nd.com/products/genetic/mutation.htm


P ILS SA 
 Best AvgF Std AT Best AvgF 

1 65.63 65.63 0.00 <1s 65.63 65.63 
2 134.65 134.65 0.00 <1s 134.65 134.65
3 270.41 271.24 0.45 <1s 270.26 270.26
4 286.89 287.77 0.73 <1s 286.89 286.97
5 335.09 335.89 0.64 <1s 335.09 335.09
6 371.43 372.30 0.42 <1s 371.21 371.49
7 401.52 402.78 0.64 1s 401.71 403.00
8 563.19 565.40 0.76 2s 563.50 564.35
9 647.26 649.25 0.85 2s 643.13 644.14
10 5031.56 5047.03 5.90 10s 5392.59 5393.68
11 5043.58 5068.04 7.44 10s 5393.83 5396.84
12 5009.13 5025.48 6.21 10s 5380.58 5383.22

All algorithms reach feasible solutions for all test instan
algorithm is fast and can find good solutions in a re
running time for the smallest instances. GA presents
performance and is the slowest algorithm. LS algorithms
similar average computation times. 

We must observe the average quality of the produced s
and the standard deviations to establish which is 
algorithm. As it can be seen in table 2, the standard devia
SA are smaller. However, for the harder instances (7-12),
TS are the best algorithms. ILS and TS can find better s
for larger instances. 

6. CONCLUSION 
In this paper, we explore Genetic and Local Search algor
optimise large balanced communication networks. Our pu
to minimise the link cost to form a balanced commu
network. Genetic Algorithm, Iterated Local Search, Tabu
and Simulated Annealing were tested in small, medium a
communication networks. The results show that ILS and 
a better performance for larger instances. 
This paper shows that GA, ILS, TS and SA are able to d
terminal assignment instances. All algorithms can find 
solutions. The proposed algorithms are easy to apply 
suggest the application of them to other assignment proble
GA, ILS, TS and SA can be modified to solve multi-o
optimisation problems. The application of these algor
combination with other algorithms may also form an exci
for further research. 
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