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Abstract—To overcome interference, OFDMA networks sup- Both WIMAX and LTE are based on @@FDMA (Orthogo-
port different put fixed _frequency reuse schemgs and sub- pal Frequency Division Multiple Access) physical layer [3] [4],
channel allocation techniques. However, these fixed schemegNhiCh supports several key features necessary for delieri

and techniques are not the most suitable solutions in mobile broadband . t d high ds. f |
scenarios, where the behaviour of the channel and the users are roadband services at low an Igh speeds, 1or example,

continuously changing during the day-time. This paper presents Scalable channel bandwidths, high spectral efficiencyplm
a new approach to the frequency assignment problem adapted to implementation and interference tolerance due to subecarr
QFDMA networks, called Dynamlc Frequency Planning, Whlch orthogonality in bothDL (DownLink) and UL (UpLink).

in turn may decrease the interference and increase the capacity In OFDMA. different users are allocated to different subset

of the network by around 20%. DFP operates in a regular - e Lo
basis, adapting the network configuration to the time-dependent of sub-carriers called sub-channels, facilitating thesfimtty

channel conditions and user requirements. On the other hand, Of multi-user or frequency diversity to significantly impeo
DFP uses novel algorithms to estimate the inputs of the frequency the system capacity.

assignment problem and tailored versions of meta-heuristic suich  On the other hand, WiMAX or LTE networks will not be
as Simulated Annealing and Tabu Search, or Greedy Algorithms able to operate efficiently without the help of advanced net-

to solve it. Further discussion about the trade off between kol . d optimisation tool hich include fuocs
the quality of the solution and computing time when using work planning and optimisation {ools, which inciude fu

meta-heuristic or greedy algorithm is provided. This paper also SUch as automatic coverage planning or capacity improvemen
indicates, when running DFP, how to check the improvements by frequency planning, common/joint radio resource manage

in the network performance. Experimental evaluations carried ment with other technologies, etc. Such optimisation toudy
out using system level simulations show the boost in the capacity enhance network performance by more than 20% [5] .
when using DFP. - - - .
Interference avoidance is always desirable when perfarmin
I. INTRODUCTION network planning and optimization, since the interference

In the recent past, technologies suclGaM (Global System damages the signal quality of both DL and UL transmissions,
for Mobile Communication), DCS (Digital Cellular System) reducing the capacity of the network.
andGPRS (General Packet Radio Service) were used to satisfy  In WIMAX or LTE networks, intra-cell interference may
the user requirements, which were principally based onevoibe neglected due to the features of OFDMA (sub-carrier
and small bit rate packet services. orthogonality). Therefore, operators must cope with hott

Nowadays, technologies such\WDMA (Wide-band Code interference in order to enhance the network performance.
Division Multiple Access) and HSPA (High-Speed Packet To overcome inter-cell interference, OFDMA networks are
Access) are used to fulfill the user desires. These netwaeks Blexible in terms of radio resource management techniques,
based on packets circuits, being able to provide new sexvicpporting different frequency reuse schemes and sulbrehan
such asvolP (\oice over IP) and WB (Web-Browsing) with a  allocation techniques, which in turn may decrease the-irer
certain quality of service and throughput. interference and increase the network capacity [6]. Howeve

In the near future, however, the demands of the users williese fixed schemes and techniques are not the most suitable
grow up and new services will be needed, requiring higheplution in mobile scenarios, where the behaviour of the
levels of quality of service and throughput. channel and the users are continuously changing [7].

To satisfy these requirements, the manufacturers, opsrato This paper provides to the network operators a new ap-
and research community are working in the standardizatipnoach to the frequency assignment problem adapted to
and development of new networks suchVa$1AX (Wireless OFDMA networks, calledDFP (Dynamic Frequency Plan-
Interoperability for Microwave Access) [1] and LTE (Long ning), which can decrease the interference and increase the
Term Evolution) [2], which are considered one of the mostapacity of the network significantly by dynamically adagti
suitable technologies for future deployments of cellulat-n the radio frequency parameters to the environment. Thismpap
works due to its capability of supporting quality of servicalso indicates, when running DFP, how to check the improve-
and high data rates. ments in the network performance.



On one hand, DFP operates on a regular basis, tailoriffe number of available sub-channels and symbols in the
the network configuration to the time-dependent envirotmefDD/OFDMA frame depends on the network configuration
and user requirements. On the other hand, DFP uses nauedl they could vary to support different traffic profiles.
algorithms to estimate the constraints of the frequencigass The sub-channels may be built by using pseudo-randomly
ment problem and adapted versions of meta-heuristic suchdéstributed or contiguous sub-carriers among the channel
SA (Smulated Annealing) and TS (Tabu Search), or Greedy [6]. Sub-channels using distributed sub-carriers ben&fits
Algorithms to solve it. Further discussion about the tradeequency diversity (suitable for mobile traffic), while ksu
off between accuracy and computing time when using metshannels using contiguous sub-carriers benefits from multi
heuristic or greedy algorithm is provided. user diversity (suitable for static and nomadic traffic).

Experimental evaluations carried out on system level simu-As a result, the slot is the minimum frequency-time resource
lations, usingEMI (Experimental WIMAX simulator) [8] show  that can be allocated by the base station. The slot is cordpose
the boost in the capacity when using DFP. of one sub-channel and one, two or three OFDM symbols,

OFDMA DFP problem is interdisciplinary as it involveswhich depends on the network configuration. The bandwidth
communications and operations research subproblems.  allocation depends on demand, channels conditions and QoS

This paper is organized as follows. Section Il introducagquirements.
the DFP approach, indicating how the inputs are calculated
and how the problem is formulated. Section Ill summarize
the optimization algorithms used to solve the DFP: met
heuristics and greedy algorithms. Section IV indicates hc
to check the improvements of the network when using DF
Section V presents several experimental evaluations amed
derived results about the optimization process and alsatab
the network performance. Finally, some conclusions are/lra
in Section VI.
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The RFP (Radio Freguency Planning) is one of the key Freamble P Sub-Erane o Submimane
techniques used in multi-carrier wireless communicatiets n N Frame Duration (time domain) -
works such as GSMGlobal System for Mobile communica-
tions) or DCS(Digital Cellular System) to minimize inter-cell Fig. 1. OFDMA Frame.

interference [9].
The aim of the RFP is to allocate a certain subset of
frequencies to each sector of the network while minimizing DFP is a new approach to the frequency assignment problem
the global inter-cell interference of the system. The emae tailored to OFDMA networks. DFP operates on a regular basis
comes from the fact that the solution must satisfy differef cope with the changing behaviour of the traffic throughout
constraints. For example, in contemporary networks a higfie day. It can run from few times a day to on a second
degree of frequency reuse is imposed, due to the limit8d second basis depending on the needs of the operator. The
number of available frequencies [10]. On the other han8econd option is challenging in terms of computing time and
there are different frequency interference constraintsclvh network optimisation. However, it can be done due to the
determine that the frequencies assigned to some sectots ng§ed of the algorithms used to determine the inputs and the
satisfy different restrictions. Finally, equipment camsits techniques used to solve the optimisation problem.
should also be taken into account. DFP will lead to remarkable improvements in the network
Since OFDMA is a multi-carrier technology where the availperformance, breaking with the concept of the classicaldRFP
able bandwidth is broken down into sub-carriers, frequeneyed in GSM and DCS networks, which are usually operated
reuse schemes and radio frequency planning can be use@nca week per week basis. In OFDMA, different to GSM or
mitigate inter-cell interference. DCS, TRX (Transceivers) do not exist, and the information
In WIMAX and LTE , the available subcarriers may bds modulated and demodulated by usihgFT and FFT
divided into several groups of subcarriers called sub-ohly (Inverse/Fast Fourier Transform), respectively. It permits the
since the OFDMA PHY layer allows sub-channelization iiadio resource management engine to rapidly select which
both the DL and the UL. Therefore, different subchannels mé&gquencies are allow to send information. Therefore edéffit
be allocated to different users as a multiple-access méthan aspects need to be considered when applying RFP theory to
When usingTDD (Time Division Duplex) and OFDMA, OFDMA technologies.
the frequency and time domain are divided into sub-channelsin the rest of the paper, only downlink is considered. The
and symbols, respectively, as can be seen in Figure 1. Toeason behind this is that the primary use of WiMAX or LTE is
sub-channels and symbols form the minimum frequency afat data services, which are asymmetrical, i.e., more deisian
time resource-unit allocated by the base station, resmdti on the downlink than uplink.



A. DFP Inputs be derived from the following formula taking into account

Let us model an OFDMA network as a set Bf sectors network statistics:

{51, 5,,...,Sn}, where each sectob; requires a certain
number of sub-channel®;. SE = SaSc- RABcyt/Ttrame 2

The DFP problem consists of assigning a certain number . .
of sub-channelsD; to each sectoss;, while minimizing the where SaSc is the number of sub-carrier per sub-channel,

global system interference, taking into account interfeee RAB.yy is the average radio access bearer efficiency in bits

restrictions between sectors. Since the number of reqsirbe per sub-carrier (modulation and coding), &figham. is the

channels is typically bigger than that is available, subrctel frarr_we duration. )
reuse is needed. The sub-channel reuse leads to frequendynally: the requested sub-channéls for each sectos; is

interference. caltulated, dividing the aggregated number of requestad sl
Frequency interference occurs when two different signﬁsm for each usemn of each sectorS; by the number of

overlap in the frequency domain. It happens when two dﬁ;-ymbOIS per sub-channelySe:

ferent signals are using the same or different but insuffitje M,

separated frequencies within the same space area. They are D, — 1 Z RS 3)

called co-channel and adjacent-channel interferenc@eces ! SyScm 1 "

tively. When both transmissions are carried by the sameisecto

the interference is called intra-cell interference, whiteen the ~ The higher the accuracy of the capacity estimation is, the

transmissions are carried by different sectors, the ieterice Petter the performance of the RFP will be.

is called inter-cell interference. Since adjacent-chararel ~ The number of sub-channels needed for each sector is

intra-cell interference can be neglected due to the festuiiesented in form of @Demand Vector, which is used by

of OFDMA (sub-carrier orthogonality), inter-cell interfsnce the optimization algorithms together with other infornoati

is the source of interference that must be avoided. Intiér-ct0 calculate the global interference of the system.

interference can be accurately represented biestriction

Matrix W of size N x N.

Therefore, the first key step is to estimate the numberThis process approximates the inter-cell interference be-
of sub-channels required, to satisfy the users bandwidth»ﬂ,’\,een sectors of the network in terms of percentage of
demand per sector. Then, the second key step is to chaz&Ctefiine. This can be implemented by taking into account either
the inter-cell interferencev|i, j] between the sectors of themeasurement data or accurate path loss simulations, eg/oll
network. The algorithms used for both capacity and interfer |1 is considered that two sectors; (server) ands; (neigh-
ence estimation are depicted in detail in the next subsmz:tiobour), interfere with each otheinferference event;;) every
Moreover, the constraints introduced by the nature of OFDMf\ 4 'the power level of the carrier signal (coming frainto
must also be taken into account. For example, different subsepeq user) is smaller than the power level of a neighbguri
channels of the same sector cannot use the same freqUERYfering signal (coming frons, to the user) plus a threshold
because it is not physically possible. (Figure 2).

Once all the inputs are obtained, optimisation algorithms tha reader may think that the comparison carrier signal
will be used to assign the available frequencies to the requi yo sum of all the interferers should be more appropriated.
sub-channels. However, due to the target here is to characterized thersecto
sector interference and given that one slot can be used by one
user at a time, the ratio signal to interferer is more appabgr

In this process, the optimal number of required sub-channel The threshold is considered as a protection margin against
D; per sectorS;, which is function of the traffic and changegnterference and it is set by the operator, depending on-plan

Interference Estimation

Capacity Estimation

during the daytime, is approximated. ning targets. The bigger the protection margin is, the bigge
First, the set of user&/ E; € {1,2,...,M;} in sectorS;, the number of estimated interference events will be.
which are able to decode the preamble, is estimated. The percentage of time of interference between both sectors

Afterward, the number of requested sldts,,, for each user S; and.S; is calculated as the ratio between the total number
m of sectorS; is calculated, dividing the requested capacitgf interference events and measurement reports. Noteftisat t
RC,, from the user inkbps by the supported average symbofatio does not accurately quantify the real interference/éen

efficiency SE from the slot inkbps: sectors, but accurately characterizes it.
This information, the total number of interference events
RS,, = RCy,/SE 1 and measurement reports can be obtained from real measure-

ment data or accurate path loss simulations.
Note that the average symbol efficiensyr depends on the Since measurement data is accurate but dominated by calls
average modulation and coding selected by the users witlhind the position of the users, we prefer to use both real
the sectorSE can be obtained from previous frames or it cameasurement data and accurate path loss simulations.



the values used to obtain both inputs are presented.

The scenario is given in Figure 3, where the density of
the traffic maps are 4@sers/km? in the surroundings and
80users/km? in the hot spot, while the requested capacity
of each user is 12.2bps (VoIP).

On the other hand, the number of sub-channels and symbols
of the TDD/OFDMA frame for all the sectors of the scenario
are 16 and 19, respectively, while the average symbol effi-
ciency and frame duration are 1%&s and 5ms, respec-
tively.

Finally, the interference margin used is 12dB.

C,(dB) < I,(dB)+ Threshold(12dB), then

interference event; ++

interferen ce event
Interf (%) = ——————————
measuremen t reports

Fig. 2. Interference Estimation.

Why measurement data is dominated by the calls? Consider
an scenario of a large shopping centre and a small office
building, the average measures will be dominated by thesuser | f
in the shopping centre, being unfair the situation and the |
resulting planning for the users in the office building ngarb
if only measurement data is taking into account.

Monte Carlo simulations and propagation models are used
as follows to reduce the correlation between the results and
the position of the users First, using different indepemden
and random distribution of the user within the planning area
by means of different snapshots. Afterwards, calculatimg t
strength of the carrier and interfering signals by means of
accurate path loss estimation and finally, counting the rrmb
of interference events and measurement reports by means o
fast simulations.

The higher the accuracy of the interference estimation is,
the better the performance of the radio frequency planning
will be. Fig. 3. Example Scenario.

The calculated sector to sector coupling or interference is
given in form of a restriction matri¥” of size N x N. The Re-

striction Matrix is used by the optimization algorithmsrjoy TABLE |
i i i i DEMAND VECTOR AND RESTRICTIONMATRIX
with other information to calculate the global interferenaf Secoll T T2 3T 4T 86T 780 10 112D,
the system. . _ _ o T [[0[382411 000|290 0 |11.7264 0 | 4
The idea of the restriction matrix described here is similar[ 2 [|30.4 0 47834743 0| 0 |[0| 0 [0 0|0 |3
to the coupling matrix presented in [11], In this research i 23-238-342423-42253;;' 3%)-3 z;i 8 4(-)6 42-3 8 i
the cou_plmg .matrlx is used for UMTS .ngtwork planning —=—t5105 101529 0 294 0 1o o ol ol ola
and optimisation. Although, the idea is similar the way thatf—s o0 [0 392428 0| 0 214107 01 0] 0 || 4
both matrices is calculated is different, since they regmes 7 [[0]023442[ 0[ 0] 0 [44.623.40 0 |[76.565.9 6
the interference of different kind of networks, WCDMA and | 8 [[2:1[86]36.956.3 0 |43.439.13 0 |34.7] 0 |23.92.1] 6
OFDMA 9 [[0[0[0|0|0]| 0392428 0 | 0 [3543.14 4
. : ) 10 (20 0125 0| 0|0 [171[ 0| O | 0 |45[2255
Finally, note that DFP does not to be perform in a frame by 11 |[30.§ 0 [455 0| 0 | 0 [50.4919.4 0 [37.4 0 [29.4 8
frame basis, it can be run on per second, per minute or perhotir12 [[ 0 [0 [0 [ 0] 0] 0]652] 0| 43[39.1304 0 |3

basis. Then, fast fading is irrelevant in the calculationd &
can be neglected for simplicity, since the average perfooma

i . Note that the demand vector coherently characterizes the
of the network is taken into account .

traffic sectors. For example, sectdfs S1; situated in the hot
Example Case on Inputs Calculation spots require more sub-channels than all the rest.
When reading the Restriction Matrix, the coupling between
An example of how the demand vector and restriction matrsectors can be derived. For exampleSif Sy would use the
look like is given Table I. In the following, the scenario andame sub-channel, there would be an interference evengin th



38.2% of the transmissions, while, #, S; would use the Note that meta-heuristics will find higher quality solutioon

same sub-channel, there would be an interference evengin tiian greedy algorithms at the expense of running time. How-

41.1% of the transmissions. Then, if we would have to decidwer the faster the optimization method is, the more respens

between allocate the same sub-channel to the $aif> or the system can be to the traffic changes. Therefore when using

S1 S3, we would choose the first option. DFP in an on-line scenario, it may worth using faster aldonit
Moreover, the restriction matrix coherently charactesizeeven if they may produce slightly worse solutions.

the interference relationship between sectors, for exantpé A. Computing the solution by using Meta-Heuristic

restriction is null when sectors are far away form each other " ) o
such as the pailSsSio. On the other hand, the restriction Meta-heuristic algorithms are general optimization frame
ks used to find good solutions in reasonable time to

between adjacent sector grows when more user are situaf&

in the cell edge such a$;S;; and S+S;2. intractable optimisation problems. These methods aredbase
on a search within the solution space. Though, they do not
B. Optimization in DFP guarantee the optimality of the solution, they often perfer

very well in practice. Next section shortly sketch the main

i k defi
Given a network defined byV sectors{sy, S,..., Sy} features of the meta-heuristic used in this work: Simulated

with D, required sub-channelsk available sub—channelsA i d Tabu S h
{1,2,..., K}, and the restriction matrix}, the optimisation nnealing and 1abu search.

problem can be defined as a Mixed Integer Program as foIIow?:In our case, a solutionis a frequency a55|gnment_ fulfilling
all the constraints. On the other hand, two solutiehand

N K N s’ € S are neighbors if only if they differ at the value of
mz’nz Z Z iy (4) only one sub-channel of one sector. The neighborhood of the

D..D, Yiik . . . .
im1 j=1 k=1 ¢ I solution s is composed of all neighbor solutions or a set of
subject to: them. The cost functi(_)rf(s) of a solutions € S Co_rresponds
’ to the global system interference of such solution. Noté tha
K for an interference free assignmentf(s) = 0.
in,k =D; Vi, k e )
1 Simulated Annealing
Tik + T —1 < yijk Vi, j, k (6) SA [12] is a meta-heuristic algorithm, based on a random
Yijk =0 Vi, j, k (7)  search within the solution space.
z;r €{0,1} Vi, k, (8) When applying SA to a minimisation problem, we move

) ) ) o from the current solutiors to a random neighbous’ based
wherez; ; is a binary variable that indicates whether sectqj, 5 probabilistic process. The probabilistic process fmde
S; uses sub-channet or not. Constraint (5) imposes thatby an acceptance probability functiaR(f(s), f(s'),T) de-
sector.S; must useD; sub-channels. Inequality (6) and (7)pending on the value of (s) f(s') and on a factofl’ called
together force that in an optimal solution; ;; = 1 if temperature .
and only if both sectorsS; and 5; use sub-channet, and  The essential properties of a good acceptance probability
yij. = 0 otherwise. Finally, the cost function is the sum Ofynction are the followings: First, it must be one whgfs) >
the interference between all pair of sectdfssS; taking into f(s'), meaning that the system must move to a neighbor state
account all the frequencies Since the capacity of the sectorsyhen it is better than the current solution. Second, it may be
is not considered when the restriction matfix is built, the higher than zero wheffi(s) < f(s'), meaning that the system
interference restrictions; ; must be divided by the number Ofmay move to a neighbor state even when it is worse than
used sub-channeld;, D; for both sectorsS;, S;. The bigger the current solution. But the higher increment in the cost th
the number of sub-channels per sector, the smaller the ehaggyer the possibility of the acceptation. This feature pres
of interference. In this way, the percentage of time in whiche search from becoming stuck in local minima.
both sectors5; and S; are transmitting at the same time with  The temperature is a global parameter that decreases with
the same sub-channglis estimated. the time in an exponential fashion dictated by the so called
Unfortunately, the formulation (4)—(8) is too complex tGannealing factor. The initial temperature and the annealing
be solved directly by using alLP (Integer Linear Progrant factor are set by the user. The smaller the temperature, the
ming) solver, therefore one must apply some kind of heuristigore likely the algorithm will reject worsening neighbours
approach. The slower the annealing factor, the better solution we may
expect.
In this way, the system is expected to wander initially
around a broad region of the search space containing good
This section briefly presents two meta-heuristics and vaselutions, then drift toward better and better solutiond fin
ious greedy algorithms to solve the DFP problem. Detailedhlly move downhill similarly to the steepest descent hstiai
information about their behaviour and tuning will be given i A general SA algorithm that can be directly used to solve
the next section. the DFP problem is given below.

IIl. SOLVING DFPBY USING DIFFERENT OPTIMIZATION
ALGORITHMS



begin
s = s0; fs = f(s) // Random solution

bs = s; fbs = fs I/ Best solution A general TS algorithm that can be directly used to solve
1];:_% /I Initialise temperature and iterations the DEP problem is given here.
while k < kmaz do ) ) ) )
E=k+1 I Increase iterations B. Computing the solution by using Greedy Algorithms
sn = neighbour(s) /I Select a neighbour . ] . o
fn = f(sn) /I Compute its cost function To obtain good approximate solutions within a reduced
if f’é<fb5;*;e” i x'\fth'sani?tw best so far? amount of computing time, we have devised greedy and
SO = sn; S = m es, save | .
continte I/ Go for another iteration reverse greedy procedures that construct a solution. They
if P(fs, fn,t) then /I Should we move to it? run incomparably faster than meta-heuristics, which it is a
sb = sn; fbs = fbn /I Yes, move to it desirable feature for on-line solution.
end H ted the main features of th d
t*x = annealing_factor /I Update Temperature e're’ we presgn e. € main features o € seven greedy
end algorithms used in this research work.
Tabu Search Selected Insertion ST

TS [13] is a meta-heuristic algorithm, based on a so called!" this greedy algorithm , the sectors which have the larger
clever search within the solution space coupling or restricctionw; ; are identified in the restriction

When applying TS for a minimisation problem, first thén_at_rix_. Afterwards, both sec;or are given frequencies Whic
neighbourhood of the current solution need to be identifie@liNimize the global system interference. During the assign
If the problem is small all the neighbours can be consider8€Nt Of the frequencies the constraints are always taken int
within the neighbourhood. If the problem is large the neigtRccount. Once both sectors have been served, a new pair of
bourhood can be limited to a certain value, decreasing theCtOrs is identified and new frequencies are allocateceto.th
quality of the search but improving the running time. In oufhis process finish when all sectors meet their requirements
case, the size of the neighbourhood is limited to a Certajrﬁsertion Algorithms
value and the neighbours are randomly selected. Afterwards

we move from the current solutionto the best neighbow’.  The following algorithms maintains a list of assigned fre-
The best neighbour is the one which achieves the best cgkncies to each node. This assignment consists of at most
function within the neighbourhood. Therefore, when logkinags many frequencies as it is required. We start with empty
for the best neighbour, all the neighbours in the neighboeth assignments. At each iteration, we first compute ttreebest
needs to be checked. Note that the best neighbour does fag§uencyy; to be added to sectdt;, i.e. the frequency which
need to improve the cost function. The system may move frgftreases the cost function the least. Then we choose a secto
a current state to a neighbor state even when worsening $1eaccording to the rules?l, MinI or MaxI (See below)
cost function to avoid getting stuck in local minima. and addf; to its list.

TS introduces the concept of tabu list [10] to avoid the Random Insertion (R): By using this algorithm, simply a
problem of possible cycling or infinite loop. In its simplestsndom sector is selected at each iteration.
form, a tabu list forbids solutions that have certain atiiéis Minimum Insertion (Minl): Here the sector increasing the

or solutions that have been visited in the recent past. cost functionthe least is selected.

begin Maximum Insertion (Maxl): In contrast toMinl, here the
s = s0; fs = f(s) // Random solution sector increasing the cost functitimee most is selected.
bs = s; fbs = fs [/l Best solution
tl=0;k=0 /I Initialise tabu list and iterations Removal Algorithms
while k < kmazx do
k=k+1 /I Increase iterations . . . .
n=0 I/ Initialise checked neighbours The following set of algorithms similar to the previous one,
while n < nmaz do _ but here we store at least as many frequencies as it is require
n=n+1 /I'increase checked neighbours  \\je start with full assignments. At each iteration, we first
sn = neighbour(s) /I Select a neighbour
fn = f(sn) /I Compute its cost function compute thethe best frequgncyfi to be removed from sector
if fn < fbs then I1'ls this a new best so far? S;, i.e. the frequency which decreases the cost function the
sb=sm; fbs = fon Il ¥es, saveit most. Then we choose a sect$r according to the rule’,
continue /I Go for another iteration . L
check_tabu_list(sn)) /I Check if the movement is tabu Minl or MazI (see below) and removg from its list.
if ok then _ Random Removal (RR): By using this algorithm, simply a
| g [Vpush-back(sn) - /iOk, possible movement random sector is selected at each iteration.
end Maximum Removal (MaxR): Here the sector decreasing the
[sbn, fbn] = best_neighbourh(N) //Select best neighbour cost functionthe most is selected.
s = sbn; fs = fbn Il Move to best neighbour . . . .
update_tl(s) /I Update Tabu List Minimum Removal (MinR): In contrast toMinlI, here the

end sector decreasing the cost functithe least is selected.



Note that the point of view of the assignment is changed The performance of tuned SA and TS in terms of interfer-
from RI, MinI andMazxI to RR, MaxR andMinR. Inthe ence versus time is depicted in Figure 4. In both cases, the
first cases the assignment is started from the scratch, whepéimisation process lasted about.4
no frequencies have been assigned to any sector, however,
in the second cases, we assume that all sectors are usini e . . " vt et o g
all frequencies, and then we remove frequencies from all the s enl- e e S |
sectors till all the sectors fulfill their capacity needs.

Intuitively, we can say thaf\/inI tries to delay the diffi-
culties by choosing a sector to which it is cheap to assign a
new frequency, while the algorithm&/az! tries to face the
difficulties by choosing a sector to which it is costly to gssi
one. The conceptual difference betwebfuz R and MinR is
similar.

&0 |-
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IV. KEY PERFORMANCEINDICATORS

Cost Function - Global Swvstem Inferferen
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In this section, we will briefly overview, how the improve-
ments of the system should be check when running DFP in a
network.

Firstly, DT (Drive Test) measurements in dedicated mode Fig. 4. SA versus TS.
can be performed to check the signal quality over the planned
area. Afterwards, such DT must be compared to previous DTs ) ) ) ) )
performed over the same area, day and time. The percenta Note that the running time of a single iteration for both

of good quality samples is a goddPl (Key Performance algorithms is different. In SA only one neighbour within
Indicator) in this case. the neighbourhood needs to be identified and checked per

fteration. Whereas, in TS, all neighbours or a subset of them

100

Time (s)

Secondly, network statistics such as handovers and int
cell handovers can be applied to estimate the behavior §€d t0 be processed. _ _ _
the frequency planning. The number of intra-cell handovers”™ Second curve about SA is provided for comparison
is reduced when the interference of the cell is reduced. with an initial temperature and annealing factor of 1000 and

Also, measurement reports can be employed since t?T 9995, respe_ctlvely. . . .
number of interference reports should be decrease when%x hen analysing SA, it can be seen from Figure 4 that during

the

interference of the planned area decreases. Tools such as first iterations when the temperature of the system i, hig
List Recording are suitable for this task algorithm searches across a wide broad region of thetsear

ppace accepting solutions that may decrease or increase the

Finally, commercial tools or system level simulations su . . . )
as Forsk Atoll [14] or EMI [8] can be used to check thecost function. Afterward, as the number of iterations iases

goodness of the frequency plan. These tools are able athd the temperature decreases, the probability of acceptin

provide interference predictions based on fragments & solutions that may increase the cost function is gettingllema
assignment. and smaller and the search space narrower and narrower.

Finally, at the end of the execution, only improving neigaiso
V. RESULTS are accepted and the graph moves downhill similarly to a

. ] ) . local search. The process finishes when the stop condition is
This section presents an experimental evaluation of th€ached, in this case is the available time, 4s.

proposed solutions to the DFP problem. First, we evalu@e th on the other hand, when analyzing TS, after the first
meta-heuristics. Afterwards, we compare the meta-hésistrandom solution is taken, the algorithm performs a localctea
to the greedy algorithms. Finally, by comparing the sohsio minimizing rapidly the cost function. Afterwards, in each
by using system level simulations, we quantify the real ineration, the algorithm performs clever movements always
provement in the network performance. This simulation h@gyards the best neighbour of the current neighbourhood,
been carried out using CWIND's static system level simulatQyhich can or cannot improve the cost function. The tabudist i
EMI [8]. taken into account when selecting a new neighbour to avoid
infinite loops or getting stuck in local minima. The process
finishes when the stop condition is reached, in this caseeis th
To compare SA and TS, the parameters of both algavailable time.
rithms were tuned in order to achieve the best performancelt can be also seen from Figure 4 that when the annealing
in 4second. After tuning SA, the initial temperature andfactor decreases, the search obtains a worse optimizatsort r
annealing factor were set to 1000 and 0.9999763, resphctivéut converges quicker. Therefore, when using SA, a fine tune
Whereas, after tuning TS, the neighbourhood and tabu It the parameters is needed, given the trade off between
sizes both were set to 25. accuracy and computing time.

A. Optimisation Results, SA versus TS



. . . TABLE Il
Because of the qua“ty of the results of both algorlthms IS OPTIMIZATION RESULTS

similar and due to the fact that the performance of SA highly

lei Sgenario 15t ond 3rd
_?Zp.i ndrsagpct:?O?zrgllmﬁte:htgnDngocriislér?]ne may prefer Uiy [Z07a030/6040/8q] 20/40]30/6040/8q] 207A0[3076040780
np : ving p ’ random 397.6374.3353.6({1086.2941.6991.2| 435.1|435.1]444.Q

B. Optimisation Results, SA and TS versus Greedy Algorithms SA 56.2180.7222.9] 151.7]292.45004] 1.0 |52.5]108.1
) ) TS 55.2|181.8224.3| 182.4|317.3516.§] 1.0 | 53.3|115.7

In the foIIo_wmg, a comparison between the pgrforr_nan_c-s Si =5 51197 7246 31 283 41331.9547 3] 409 11115137 5
of meta-heuristics and the proposed greedy algorithm sngiv RI 86.1(192.1236.9] 274.3[377.8569.7| 33.2 | 88.4|134.1)
Three different scenarios were used to check the quality|of Minl 98.8(188.4230.2| 222.9|392.9587.9| 27.6 | 84.5|137.7
the solution and the running time ofA, TS, RI, Minl, MRaé' 1610685;32-%32-% gié-g igg-gg;g-g gi-g ;3-5 13}12
Mazxl, RR, MaxR, MinR andS1. MaxR 80.0(215.9230.1]| 337.1|365.1570.4| 121.2|274.6224.4

The first scenario has 18 sectors and three traffic patterns: MinR 113.4224.4247.3|2928.4395.9571.4|4192.0105.4127.§
one for the surroundings and two hot spots. Three variantSest MH || 55.2[180.7222.3] 151.7]292.2500.4] 1.0 | 52.5[108.1
of this scenario have been studied. The density of usersLifProv(%) [[86.1] 51.7] 93.7]] 86.0|69.0]49.5] 99.8 | 87.9] 75.7
the traffic pattern changes for each variant. The densithef t__BeSt GA | 60.8/188.4230.1] 222.9|331.9547.3| 25.8 | 79.2/127.6

5 ) : improv(%) || 84.7| 49.7| 34.9|| 79.5| 64.8] 44.8|] 94.1| 81.8] 71.3
hot spots are 40, 60 and 86ers/km?, while the density of [GAvsBestON] La| 20 22] 66] 42 47] 57] 53] 44
the surroundings is 20, 30 and 4&rs/km?. The number of : - : : : : : : :
available sub-channels is 8.

The second scenario has 36 sectors and two traffic patterns:
one for the surroundings and one hot spot. The same variant€omparing the performance of the greedy algorithms to
than in the case before have been studied. In this case #aeh other, there is no absolute winner amongst them, gthou
number of available sub-channels was set to 8. MaxI, MinI and SI have been demonstrated to perform

Finally, the third scenario has 33 sectors and the same timetter than the others. On the other hand, they run very fast,
traffic patterns and variants as before. In this case the Bumthus one can afford to execute all of them and select the best.

of available sub-channels was set to 16. Contrary to intuition, the attitude of facing the problem,
All the parameters used in the calculation of the demanighding first the frequency which increasti® least the cost
vector and the restriction matrix are given in Table II. function for all the sector and updating later the sectorcihi
TABLE I increaseghe most the cost function, which seems no a good
SIMULATION PARAMETERS idea a priori, provide the best solution in most of the cases.
l Parameter | Value ] Paramefer [ Value | Finally and most importantly, it can be seen that the safutio
Seft'geﬂssite Va”:f‘b'e CCP'TEE A’?]rt”-Pigg‘m %‘ffr; provided by the greedy algorithms is not far from the onemgive
Carrier Frequency | 35GH= CPE Ant. Height 15m by thg meta-heyrlstlcs. In our experimental study, the dyee
Channel Bandwidth | 10M Hz CPE Noise Figure 5dB algorithms provide at most 6.6% worse results than the meta-
DL:UL Ratio 1:1 CPE Cable Loss 0dB heuristics.
Permutation Schemeg AMC Min Service TP 12.2kbps
Frame Duration 5ms Max Service TP 42 .2kbps C. Smulati Result
Sub-channels 16 Average Symbol Eff.| 19.9kbps - Smulalion kesults
DL symbols 19 o(Shadow Fading) | 8d4B Here, the improvement in the network capacity when using
BS TX Power 43dBm Intra BS correlation 0.7 DEP i ted
BS Ant. Gain 18dB: Inter BS correlation 0.5 1S preseq ed. ) ) .
BS Ant. Beam Width| 120 Path Loss Model | Hata231 The scenario used for the experimental evaluation is a
BS Ant. Height 30m Traffic Map Density | Variable non-uniform deployed OFDMA network formed by 11 3-
BS Ant. Tilt 3 Hot spot Density | Variable |  gecior sites, having a total of 33 sectors. Two traffic pat-
BS Noise Figure 4dB Admission BP L. . . R
BS Cable Loss 348 Resource Allocation| CAZ tgrns can be distinguished: one common area Wlth_ a den-
CPE Tx Power 23dBm Snapshots 20 sity of 40users/km? and one hot spot with a density of
"Best Path loss7Contiguous Allocation 80users/km?. These values follow the recommendation of

Forsk Atoll [14] for urban and dense urban areas. The number
On the other hand, the optimization results determined 8§ available sub-channels is 16. The environment and parame
the cost function are presented in Table IIl. ters of the system level simulation are shown in Figure 5 and
First of all, note that theandom case represents the averagéable 1.
value of 100 random frequency assignment solutions. It is The KPIs (Key Performance Indicators) used to analyze the
given for further comparisons. behaviour of the network is the network capacity in terms of
It can be stated that the performance of SA and TS ausers and throughputs.
similar, but SA performs a bit better in most of the cases. If there is no frequency planning method in use, the base
Note that a major improvement is achieved when usirgiations allocate the resources to the users independemtly
optimization compared to the random case. The cost fureach other and also without any knowledge about the choices
tion representing the global system interference decsebge of other sector. Thus, this process can be considered random
around 70%. from our point of view. The resources are allocated from
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Fig. 7. Blocked versus Interference.

It can be seen from both pictures that when the global sys-
tem interference decrease by using optimasation, the numbe
of success user increase and the number of blocked users
decreased. In the simulation without DFP - i.e. random case,
the number of successful users is 74.02%. On the other
hand, the number of blocked users because of interference is
Fig. 5. Simulation Scenario and Traffic Map. 22.42%. However, in the simulation with DFP found by SA
or Minl (best meta-heuristic and best greedy algorithm is th
case), the number of successful users is 92.57 % and 88.74 %,
Sspectively. On the other hand, the number of blocked users

account. The set of sub-channels allocated must be comisgu ecause of interferenc'e Is 6.47% and 9.94%, respectively.

in the frequency and time domain [8]. On the other hand, in t éns shows _that DFP improves notably the performance of

simulation with frequency planning the resources are atledt the network in terms of number of users by around 20 %.

from the set of sub-channels estimated by the plan. Taking a look at the throughput graph, Figures, it can be
Note that the user states shown in Figure 6 and Figurechecked that the capacity of the network in terms of throughp

are two: TX success and Blocked. TX success means that thedlso increases by around 20 % when using DFP, following the

user has been admitted by the network and it is receiving dat@me fashion as the capacity in terms of number of users.

while Blocked means that the user has been rejected by the

network because of interference issues. On the other hiaed, t

users that cannot access the network because other reason Throughput vs Interference

the whole frame domain, no frequency planning is taken in

L . (8]
such as the lack of power to access the minimum radio access | 3| a0 50
bearer or lack of resources to achieve the minimum throughpu || 450 - - 45 g
. . . ) - L a8
are not shown in the figure, and they, for the sake of simplicit Zlee it
will not be taken into account in this analysis. | s00 ';" 0|8
= 2s0 25 | 2
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T| s0 =
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8 TS T TS Finally, note that the performance of the network is better
- < . . . .
< when using SA than TS. It is logical, since the global system
Optimization Algorithms interference achieved by the TS plan is better. It is anatker

ample of how the performance increases when the interferenc

Fig. 6. TX Success versus Interference.
decreases.
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