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ABSTRACT

This study proposes a novel approach to solve a variant of the frequency assignment problem known as the static minimum
order frequency assignment problem. This problem involves assigning frequencies to a set of requests while minimizing the
number of frequencies used. This approach solves the static problem by modeling it as a dynamic problem through
dividing this static problem into smaller sub-problems, which are then solved in turn in a dynamic process using an
improved local search algorithm. Several novel and existing techniques are used to improve the efficiency of this
approach. This includes a technique that aims to determine a lower bound on the number of frequencies required from
each domain for a feasible solution to exist in each sub-problem, based on the underlying graph coloring model. These
lower bounds ensure that the search focuses on parts of the solution space that are likely to contain feasible solutions.
Another technique, called the gap technique, aims to identify a good frequency to be assigned to a given request. Our
approach was tested on real and randomly generated benchmark datasets of the static problem and achieved competitive

results.
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INTRODUCTION

The frequency assignment problem (FAP) is related to wireless communication networks, which are used in many
applications such as mobile phones, TV broadcasting and Wi-Fi. The aim of the FAP is to assign frequencies to wireless
communication connections (also known as requests) while satisfying a set of constraints, which are usually related to
prevention of a loss of signal quality. Note that the FAP is not a single problem. Rather, there are variants of the FAP that
are encountered in practice. The static minimum order FAP (MO-FAP) is the first variant of the FAP that was discussed in
the literature, and was brought to the attention of researchers by [1]. In the MO-FAP, the aim is to assign frequencies to
requests in such a way that no interference occurs, and the number of used frequencies is minimized. As the static MO-

FAP is NP-complete [2], it is usually solved by meta-heuristics.

Many meta-heuristics have been proposed to solve the MO-FAP including genetic algorithm (GA)[3],
evolutionary search (ES)[4], ant colony optimization (ACO) [5], local search [6] and tabu search (TS)[7-9]. It can be seen
from the literature that TS is a popular meta-heuristic for solving difficult combinatorial optimization problems. This

generally applicable algorithm has proved to be an efficient way of finding a high quality solution for a variety of
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optimization problems e.g. [10]. However, existing algorithms in the literature are unable to find optimal solutions in some

instances for the static MO-FAP.

In this paper, we present a novel approach associated with an improved local search (LS) algorithm using multiple
neighborhood structures as introduced in[11]to solve the static MO-FAP. The proposed approach is called the dynamic
local search (DLS). This approach models the static MO-FAP as a dynamic problem through dividing this problem into
smaller sub-problems, which are then solved in turn in a dynamic process. In contrast, existing LS algorithms in the
literature for the static MO-FAP solve it once as a whole static problem. Another technique used in the DLS approach is
applying a lower bound on the number of frequencies that are required from each domain in each sub-problem for a
feasible solution to exist, based on the underlying graph coloring model. These lower bounds ensure that the search focuses
on parts of the solution space that are likely to contain feasible solutions. This technique was also used in [11].Experiments
were carried out on the CELAR and GRAPH datasets, and the results show that our DLS approach competitive comparing

with existing algorithms in the literature.

This paper is organized as follows: the next section gives an overview of the static MO-FAP. Section 3 explains

how to model the static MO-FAP to a dynamic problem.

Section 4 present how the underlying graph coloring model for the static MO-FAP can be used to provide a lower
bound on the number of frequencies and how this information can then be used to assist the search. In Sections5, the
description of the DLS approach for the static MO-FAP is given. In Section 6, the results of this approach are given and

compared with those of existing algorithms in the literature before this paper finishes with conclusions and future work.
OVERVIEW OF THE STATIC MO-FAP

The main concept of the static MO-FAP is assigning a frequency to each request while satisfying a set of constraints and

minimizing the number of used frequencies. The static MO-FAP can be defined formally as follows: given
A set of requestsR = {ry, 13, ..., 'y}, Where NR is the number of requests,
A set of frequenciesF = {f}, f5, ..., fur} € Z*, where NF is the number of frequencies,
A set of constraints related to the requests and frequencies (described below),

The goal is to assign one frequency to each request so that the given set of constraints are satisfied and the number
of used frequencies is minimized. The frequency that is assigned to requests 7;is denoted as f;. throughout of this study. The

static MO-FAP has four variants of constraints as follows:
Bidirectional Constraints

This type of constraint forms a link between each pair of requests{r,;_;,1,;}, wherei = 1,..., NR/2. In these constraints,

the frequencies f,.,, | and f; should be distanced apart. These constraints can be written as follows:

T2i-172i

fryis = frl = dryyiry;  fori=1,..,NR/2 (1)
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Interference Constraints

This type of constraint forms a link between a pair of requests{ri, rj}, where the pair of frequencies fand frl.should be

more than distancedrirjapart.These constraints can be written as follows:

fri — fr]. > drirj for1 <i<j<NR 2)

Domain Constraints

The available frequencies for each request r; are denoted by the domain D,, € F, where U,z D,, = F. Hence, the

frequency which is assigned to r;must belong toD,.,.
Pre-Assignment Constraints

For certain requests, the frequencies have already been pre-assigned to given values i.e. f., = p,,, where p, is a given

value.
MODELING THE STATIC MO-FAP AS A DYNAMIC PROBLEM

In the DLS approach, the static MO-FAP is broken down into smaller sub-problems, each of which is considered at a
specific time period. To achieve this, each request is given an integer number between 0 and n (where n is a positive
integer) indicating the time period in which it becomes known. In effect, the problem is divided into n + 1smaller sub-
problems Py, Py, ...,B,, where n is the number of sub-problems after the initial sub-problem P, . Each sub-
problem P; contains a subset of requests which become know at time period i. The initial sub-problem Pjis solved first at
time period0. After that, the next sub-problem P;is considered at time periodl and the process continues until all the sub-
problems are considered. In this study, we found that the number of sub-problems does not impact on the performance of

the DTS approach for solving the static MO-FAP, so the number of sub-problems is fixed at 21 (i.e. n = 20).

Based on the number of the requests known at time period 0 (belonging to the initial sub-problem P;), 10 different
versions of a dynamic problem are generated. These versions are named using percentages which indicate the number of
requests known at time period 0. These 10 versions are named 0%, 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, 90%

(note that 100% means all the requests are known at time period 0 and so corresponds to the static MO-FAP).

An example of how a static MO-FAP is modeled as a dynamic problem is illustrated in Figure 1, where each node
represents a request, each edge a bidirectional or interference constraint and each color a time period in which a request

becomes known for the first time.

After breaking the static MO-FAP into smaller sub-problems, these sub-problems will be solved in turn.
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A static MO-FAP
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A static MO-FAP modeled as a dvnamic problem

Figure 1: An Example of Modeling a Static MO-FAP as a Dynamic Problem Over 3 Time Periods.
GRAPH COLORING MODEL FOR THE STATIC MO-FAP

The graph coloring problem (GCP) can be viewed as an underlying model of the static MO-FAP [12]. The GCP involves
allocating a color to each vertex such that no adjacent vertices are in the same color class and the number of colors is
minimized. The static MO-FAP can be represented as a GCP by representing each request as a vertex and a bidirectional or

an interference constraint as an edge joining the corresponding vertices.

One useful concept of graph theory is the idea of cliques. A clique in a graph can be defined as a set of vertices in
which each vertex is linked to all other vertices. A maximum clique is the largest among all cliques in a graph. Vertices in
a clique have to be allocated to a different color in a feasible coloring. Therefore, the size of the maximum clique acts as a

lower bound on the minimum number of colors.

As the requests belong to different domains, the graph coloring model for each domain can be considered
separately and then a lower bound on the number of frequencies that is required from each domain can be calculated. An
overall lower bound on the total number of frequencies for a whole instance can also be calculated in a similar way. A

branch and bound algorithm is used to obtain the set of all maximum cliques for each domain within each sub-problem.
OVERVIEW OF THE DYNAMIC LOCAL SEARCH ALGORITHM

A key decision when designing DLS is the definition of the solution space and the corresponding cost function.
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Solution Space and Cost Function

In most cases, it has been found to be relatively straightforward to find solutions that satisfy the bidirectional, the domain
and the pre-assignment constraints, as well as to define a neighborhood operator that moves between such solutions[13].
Hence, the solution space is defined here as the set of all possible assignments satisfying all of the bidirectional, the
domain and the pre-assignment constraints. Note that the interference constraints are relaxed. Only the interference
constraints are relaxed because these are the most difficult constraint to be satisfied. The cost function is defined as the
number of broken interference constraints, also known as the number of violations. This configuration has been used
previously in the literature e.g. [6, 9]. One of the advantages of using this configuration is that, in effect, the number of
requests is halved because each request is linked with another request based on the bidirectional constraints. As a result,

here requests and frequencies are considered as pairs (instead of individuals).

Based on the definition of the above solution space which relaxes the interference constraints, another problem is
introduced: minimizing the number of violations with a fixed number of used frequencies. This problem is solved in the

optimization phase (see Section 5.2) by DLS hybridized with three neighborhood structures, which is described in [11].
Structure of the Dynamic Local Search Algorithm
The DLS algorithm consists of two phases, namely the online assignment phase and the optimization phase.

First, the sub-problem P, is solved in the online assignment phase (see Section 5.3). Then, the optimization phase
aims to find an optimal solution in P, by going through three neighborhood structures(as described in [11]). Then, the sub-

problem P; is solved in a similar way. DLS continues in the same way until all the sub-problems are considered.
The overall structure of the DLS approach for the static MO-FAP can be described as follows.
Algorithm 1: The DLS approach
Setito -1
Whilei < a given number of sub-problems
Increase i by 1
Implement the online assignment phase forP;

If (the number of violations is not equal to 0) or (the number of violations is equal to 0 and the number of used

frequencies is not equal to the lower bound of the sub-problem)
Implement the optimization phase forP;
End If
End While
Return the current solution
The Online Assignment Phase

This phase aims to solve the sub-problemsP,, ..., P,yin turn. Several decisions need to be made when solvingeach sub-

problem:
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In what order should the new requests be considered?
For the chosen pair of requests, which used feasible frequencies (if available) should be selected?
For the chosen pair of requests, which unused feasible frequencies should be selected, if necessary?

Here, the candidate pair of requests to be selected in the current sub-problem is the one which has the least
number of feasible frequencies. If there is more than one, then the one which is involved in the highest number of

constraints is the candidate pair of requests. If there is still more than one pair, then one of them is selected at random.

After that, the selected pair of requests is feasibly assigned a pair of used frequencies, if possible. In case there are
more than one pair of used frequencies, then the most occupied one (i.e. the pair of frequencies assigned to the most pairs

of requests) is selected. In case of a tie, one of them is selected randomly.

In case no used frequencies can be feasibly assigned, thena pair of unused frequencies is feasibly assigned, if
possible. In case there is more than one pair of feasible frequencies, then the pair of frequencies with the largest minimum
gap between it and an already used frequency is selected, this technique called gap technique. In case of a tie, one of them

is selected randomly. The largest minimum gap leads to a greater probability that the interference constraints are satisfied.

In case no pair of feasible frequencies can be found for the selected pair of requests, then the pair of frequencies

which results in the minimum number of violations is assigned.
EXPERIMENTS AND RESULTS

This section provides the results of the DLS algorithm for the static MO-FAP using CELAR and GRAPH datasets
(available on the FAP website'). The performance of the DLS algorithm is compared with other algorithms in the

literature.

Table 1presentsdetails of static MO-FAP instances in the CELAR and GRAPH datasets, including the numbers of

requests and constraints for each instance.

In this study, the DLS results was coded using FORTRAN 95 and all experiments were conducted on a 3.0 GHz
Intel Core 13-2120 Processor (2nd Generation) with 8GB RAM and a 1TB Hard Drive.

Table 1: Details of the CELAR and the GRAPH Datasets

No. Of No. Of No. of No. Of Pre- Total No.
No. Of . 1s . . .
Instance Requests Bidirectional Interference Domain assignment Oof
Constraints Constraints Constraints | Constraints | Constraints
CELAR 01 916 458 5,090 916 0 6,464
CELAR 02 200 100 1,135 200 0 1,435
CELAR 03 400 200 2,560 400 0 3,160
CELAR 04 680 340 3,627 400 280 4,647
CELAR 11 680 340 3,763 680 0 4,783
GRAPH 01 200 100 1,034 200 0 1,334
GRAPH 02 400 200 2,045 400 0 2,645
GRAPH 08 680 340 3,417 680 0 4,437
GRAPH 09 916 458 4,788 916 0 6,162
GRAPH 14 916 458 4,180 916 0 5,554
‘http://fap.zib.de/problems/CALMA/ (last accessed 25 December 2015).
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Results of the DLS Algorithm

This section gives the results of the DLS algorithm to solve the static MO-FAP including the run time. Each instance has
10 different versions of dynamic instances based on the number of requests known at time period 0. These results are given

in Table 2, where the bold results indicate the optimal solution (available on the FAP website').

The DLS algorithm achieves feasible solutions for all of the instances. Moreover, this approach achieves the
optimal solutions for the majority. In terms of the run time, it can be seen that the run time gradually increases with the
number of requests known at time period O as it can be seen in Figure 2 which presents the run time on all dynamic
instances based on CELAR 01, GRAPH 01 and GRAPH 02 (with different numbers of requests known at time period 0).

The selected instances represent different numbers of requests and constraints.

18 -~
16 -
14 -
£
E 12
- 10 -
E g1 L e CELAR 01
-
£ 5 - - —-—- GRAPHO1
€,
— GRAPH 02
2 -
0
0% 10% 20% 30% 40% 50% 60% 70% 80% 90%
Number of requests known at time period 0

Figure 2: Run Time on all Dynamic Instances Based on CELAR 01, GRAPH 01 and GRAPH 02.

Figure 3 suggest that 0% is the best number of requests known at time period 0. Therefore, we decide to
implement the DLS approach with no requests known at time period 0. This is possible because the percentage of requests

that are known at time period 0 is not fixed but can be chosen as part of the approach.
Results Comparison with Other Algorithms

Here, the results of DLS and other algorithms in the literature are compared. Table 2 shows the best results,where a bold

number is an optimal solution and a dash “-” means that the result is not available.

Table 2: Results Comparison of DLS with other Algorithms in the Literature

Instance GA[3] | ES[4] | SA[6] | TS[8] | DLS | Optimal Solution
CELAR 01 20 - 16 18 18 16
CELAR 02 14 14 14 14 14 14
CELAR 03 16 14 14 14 14 14
CELAR 04 46 - 46 46 46 46
CELAR 11 32 - 24 24 28 22
GRAPH 01 20 18 - 18 18 18
GRAPH 02 16 14 - 16 18 14
GRAPH 08 - - - 24 20 18
GRAPH 09 28 - - 22 24 18
GRAPH 14 14 - - 12 8 8
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It can be seen from Table 2that the DLS algorithm achieved competitive results compared with those of other
algorithms in the literature. In fact, it achieved the optimal solution for five instances. Moreover, it is the only approach in
Table 2 that achieved the optimal solution for GRAPH 14. This reflects the improvement obtained by transforming the
static problem to a dynamic one. Overall, the DLS approach showed competitive performance compared with other
algorithms in the literature. This suggests that solving the static problem in dynamic process by modeling it as dynamic

problem leads to better results.
CONCLUSIONS AND FUTURE WORK

In this paper, we presented a novel approach for solving the static MO-FAP by local search algorithm. This approach
solves this problem by modeling it as a dynamic problem through dividing this problem into smaller sub-problems, which
are then solved in turn in a dynamic process using DLS algorithm. Several novel and existing techniques are used to
improve the efficiency of this approach. This includes a technique that aims to determine a lower bound on the number of
frequencies required from each domain for a feasible solution to exist in each sub-problem, based on the underlying graph
coloring model. These lower bounds ensure that the search focuses on parts of the solution space that are likely to contain
feasible solutions. Based on the results comparison, the DLS approach show competitive results comparing with other
algorithms in the literature. Furthermore, this study suggests that solving the static problem in dynamic process by

modeling it as a dynamic problem leads to better results by using local search algorithm.

Clearly, there are many other variants of this approach that could have been assessed such as adifferent way of
modeling a static problem as a dynamic problem and using different heuristic algorithms. Further investigations of these

are left as future work.
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