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Abstract-- Location area (LA) planning plays an important role
in cellular networks because of the trade-off caused by paging and
registration signaling. The upper bound on thesize of an LA isthe
service area of a mobile switching center (MSC). In that extreme
case, the cost of paging is at its maximum, but no registration is
needed. On the other hand, if each cell isan LA, the paging cost is
minimal, but the registration cost is the largest. In general, the
most important component of these costs is the load on the
signaling resources. Between the extremes lie one or more
partitions of the M SC service area that minimize the total cost of
paging and registration. In this paper, we try to find an optimal
method for determining the location areas. For that purpose, we
use the available network information to formulate a realistic
optimization problem. We propose an algorithm based on
simulated annealing (SA) for the solution of the resulting problem.
Then, we investigate the quality of the SA technique by comparing
itsresultsto greedy search and random generation methods.

Index terms—Location Area, Celular Networks, Simulated
Annealing

I.  INTRODUCTION

In cellular communication systems, upon the arrival of a
mobileterminated cal, the system tries to find the mobile
terminal by searching for it among a set of base stations (BSs)
using the current region knowledge of the mobile. This search
is called paging, and the set of base stations in which amabile
is paged is cdled alocation area (LA). At each LA boundary
crossing, mobile terminals register their new location through
signding in order to update the location management database.
Therefore, the size of the LA isimportant in reducing the cost
of paging and regigtration signaling [11]. Although there may
be events other than location updates that cause registration, we
shall use the term “registration” instead of “location update”
throughout the paper.

The paging or registration proceduresinduce costswith three
dfferent bases. One of them isthe select or update querieson
the database elements of the cellular network. The other oneis
the load created on the physical connection part of the cdllular
network. The last one is the load on the air interface of the
celular network. Among these, the least scalable one (that is,
the most affected resource asthe population and trafficin acell
grow) isthe radio bandwidth resource. In addition, because the
radio bandwidth is shared by those control functions such as
paging, registration and call traffic, it is considered to be the
scarcest resource in awireless network. Therefore, for paging
and registration signaling costs, we may just take the cost of the
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load on the radio bandwidth into account. Thus, it is desirable
to design wireless networks that efficiently utilize the limited
radio bandwidth. Use of effective mobility management
schemes emerges as an important means to achieve such
efficiency [12].

LA management in Personal Communication Services (PCS)
literature can be classified by the location update and paging
scheme employed. Static schemes (in which LA boundaries are
fixed, and the cells that may result in registration are defined)
can be zone-based [11, 12] or profile-based [13], and dynamic
schemes (in which LA boundaries are not defined, and the
registration decision is made according to somecriteria) can be
time-based, movement-based [7], distance-based [1], or state-
based [10]. Because the LAs have fixed size by the definitionin
this paper, we propose a solution for zone-based location
update and paging schemes.

The research focusing on LA management in PCS networks
has generally considered dynamic plans. Nevertheless, both
dynamic and static schemes have a common goal: minimizing
the total paging and registration cost. To that end, an
appropriate objective function requires the addition of paging
and registration costs, which do not have comparable units. In
order to aleviate this quandary, researchers have made certain
assumptions for the relative values of these costs (eg.,
assuming one unit-cost for each paging event and ten unit-cost
for each regidtration event). Such assumptions have the
deficiency of being the same throughout the entire network. In
redlity, the load (i.e., cost) of paging and registration to the
network varies from cell to cell. In order to avoid the issues
relating to the summing these two types of costs, instead of
trying to minimize both, we bound the paging cost and
minimize the registration cost, which still resultsin a difficult
combinatorial optimization problem. However, compared to
minimizing paging within acceptable registration capacities,
this goal is advantageous since paging capacity is easier to
quantify as a constraint as explained in Section I1. We propose
a simulated annealing (SA) algorithm for this problem in
Section I, and finaly, we present the results of the
computational experimentsin Section1V.

Il. FORMULATION OF THE LOCATION AREA PLANNING
PrOBLEM

The modd adopted in this paper complies with the Base
Station (BS), Base Station Controller (BSC) and Mobile
Switching Center (MSC) hierarchy of the Globa System for
Mobile Communication (GSM) standard although the basic
idea extendsto any cellular network. While formulating the LA
planning problem, we make use of only the available network



information, and try to include al redistic constraints and
goals.

The problem in LA planning and dimensioning arises due to
the trade-off between the paging cost and the registration cost.
The paging cost is aresult of the arriving callsto mobiles, i.e.,
mobile-terminated calls. The called party has to be searched
and found in order to establish the connection. The paging
capacities of BS and BSC j, denoted respectively by P> and
P SC should not be exceeded in a properly functional cellular
network for any i, j. For evaluating the paging loads, the paging
rate per unit time for each cell i, |, is used, where | ; just
includes the paging generated because of the mobiles residing
inthat cell.

The maximum call traffic load capacities C®* and G of
respectively BSC j and MSC k constitute another constraint that
must be obeyed for al j and k. To check the constraint, the
busy-hour cal traffic of each cell, denoted by ¢ for cell i,is
used.

In order to have afeasible cellular network, the limited call
processing capability of MSCs and BSCs may creste a bound
on the peak call ariva rate, which includes not only the
established connections but also the failed attempts. This limit
iscalled the Busy Hour Cal Attempt (BHCA) capacity, and for
BSC j and MSC k, they are represented as D™ and D;*%,
respectively. The BHCA load on the BSCs and MSCs are
calculated through the call attempt rates of the cells. To that
end, let d; denote the peak call attempt rate of cell i per unit
time.

Each BS has a finite number of transmitters (TRXs), which
defines the number of channels availablein that cell. The TRX
capacity isavendor-specific constraint of BSCs and M SCs. For
BSCj and MSC k, the sum of the number of TRXsfor each cell
connected to that BSC or MSC should comply with limitsR®>
and R, respectively. In order to check for this constraint, the
number of TRXsfor each celli (r;) must be known.

For the registration load calculation, the “idle” (i.e., with
handset on, but not in a conversation) mobile flow rate between
each cell pair isrequired. Since these data generally cannot be
collected, we approximate this aggregate mobile flow behavior
by assuming that the mobile flow rate between any given two
cellsis proportional to the hand-off rate between thesecells. In
other words, the hand-off rate is used instead of the mobile
flow data. Leth;; bethe hand-off rate fromith to jth cell.

The BSBSC-MSC connections restrict the possible
assignments of LAs to BSs. Hence, to have an optimal LA
configuration, the BS-BSC-M SC topology decision should aso
be considered as part of the problem.

To propose a BS-BSC topology, we must know which BS
can be connected to which BSC, and discard those BS-BSC
pars that are not feasble (due to physica limitations,
geographical constraints, etc.). Thisinformation is available in
the form of a proximity matrix, A, among BSs and BSCsin
which a; = 1if BS may be connected to BSG, and a; = 0
otherwise.

Similarly, for the BSC-MSC topology, we shall use a
proximity matrix, B, inwhich by, = 1 if BSC; may be connected
to MSC,, and by = 0 otherwise.

In addition to these, the following design variableswill bein
the formulation:

The LA-BStopology isrepresented by the matrix L ={1;.} in
which, if BSi residesin the n'" LA, thenl;, =1,and I,, =0
otherwise. The matrix L isused to establish another matrix D =
{d;} inwhich, if BSsi and j residein different LAs, then d; =
1, and d;; = O otherwise

The BSC-MSC topology is represented by the matrix Y =
{yi} inwhichif BSCj is connected to thek™ MSC, thenyj=1,
and yj = 0 otherwise.

The BS-BSC topology is represented by the matrix X = {x;;}
in which, if BSi connected tothe j"" BSC, thenx; = 1, and x;; =
0 otherwise.

A cal ariva to a mobile results in paging a each BS
residing in the LA where the mobile is currently registered.
Hence, paging load on acell is determined by the total humber
of cal arrivals to cells that belong to the same LA. For that
infor mation, we use a vector, | *, where the i" entry holds that
total value for i cell:

|i*:|i+é|j(l-dij) (1)

Asaresult, our “minimizethetotal registration signaling” goa
is expressed asfollows:
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subject to the following constraints:

1. Each BSshould be assigned to exactly one BSC. Thus, for
the i™ cell, the BS-BSC topology matrix should have only
one entry in the i" row that has avalue of 1, and all others
must be 0.

ax =1 3)
i

2. Each BSC should be assigned to exactly one MSC. For the

j™ BSC, the BSC-MSC topology matrix should have only

one entry in the j™ row that has avalue of 1, and all others

must be 0.

é Yik=1"]. (4)

k
3. Each BS should be assigned to exactly one LA. For thei™
cell, the BS-LA topology matrix should have only one

entry in thei™ row that hasavalue of 1, and all others must
beO.

Q=1 (5)

4. EachLA must reside within exactly one MSC. If acdll pair
belong to the same LA, then they aso must belong to the
same MSC. Thus, if

o
a Iinlsn :1'



then
a. (a Xij ¥ jic- a. Xs Yu) =1 " (1,9). (6)
k
5. Thepagi ng capacity of each BS must not be exceaeded.
I* <PBS "i. (7
6. The paging capacity of each BSC must not be exceeded.

Assuming that a BSC pages the mobile station (MS)
separately in each cell of the same LA, this constraint

becomes
o *
a sl
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7. The cal traffic capacity of each BSC must not be
exceeded.

<P, . (8
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a %G <G, 9

I
8. The cdl traffic capacity of each MSC must not be
exceeded.

o o
a a X YikC  <CM* "k (10)
j i
9. TheBHCA capacity of each BSC must not be exceeded.
o
a Xdi <D<, . (12)
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10. The BHCA capacity of each MSC must not be exceeded.
o o
a a XiYudi <pMe K

j i
11. The TRX capacity of each BSC must not be exceeded.
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12. The TRX capacity of each MSC must not be exceeded.

(12)

(13)
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13. The proximity constraints must be satisfied.
X Ea;, " (0, ]) (15)
Yik £ b5, " (j,K). (16)

The LA planning problem, formulated in egquations (1)-(16)
in the most general setting, poses a difficult optimization issue
in which the LA-BS topology (the matrix L), the BSC-MSC
topology (the matrix Y) and the BS-BSC topology (the matrix
X) have to be decided. There may be many specia cases of the
genera LA planning problem, and some of the constraints may
not be necessary. For example, there may not be any call
capacity requirements on the MSCs, in which case Constraint
(10) is omitted. Another special case arises when there is
exactly one BSC for each MSC. Then, Y isaready known.

I11. SMULATED ANNEALING BASED SOLUTION TECHNIQUE

Our aim is to propose an agorithm that takes the available
constraints, capacity and load information described in Section

Il as inputs, and find an optima or near-optimal solution as a
network topology which includes the assignment of cells (BSs)
to switches (BSCsand M SCs) and cellsto location areas (LAS).

The determining factors of the solution space sizeare BS-to-
BSC assgnments, BSC-to-MSC assignments, and LA-to-BS
assignments. With n BSs, m BSCs and p MSCs, the number of
possible BS-to-BSC assignmentsisn™ asfor each BS, thereare
m possible BSCs to be connected. Likewise, the number of
possible BSC-MSC assignments is mP, and because the upper
bound on the number of LAsisthe number of BSs, the number
of possibl eBS-to-LA assgnmentsisn". Consequently the size
of the solution space is found to ben™nn". Since the solution
space size depends on a number of variables, exhaustive
methods would result in exponentia time complexity. For
instance, for a system with 1000 BSs, 10 BSCs and 10 MSCs,
there are 10%°*° distinct (feasible or not) network formations.

The “bin packing” problem is NP-hard; i.e., there is no
optimization technique that solvesthe “bin packing” problemin
linear time complexity [3]. The sub-problem of assigning BSs
to LAs can be mapped to the bin packing problem in the
following manner. LAs correspond to bins dueto their common
paging capacity limit. We try to pack the BSsto LAsin such a
way that the number of LAsis minimized so that the network
operates with the least cost. Hence, even the BS-to-LA
assignment part of the problem is NP-had, and as a
consequence, theoverall optimization problem can beclassified
asNP-hard.

Considering the difficult optimization problem at hand, it is
not possible to guarantee the optimal solution in reasonablerun
times. Therefore, techniques that offer near-optimal solutions
within acceptable run times are required. One such method that
finds a sub-optima solution in reasonable time without
searching the wh ole solution spaceissimulated annealing (SA).
SA was introduced by Metropolis et al. [8] and is used to
approximate the solution of very large combinatoria
optimization problems [6]. Besides the traditional greedy local
search techniques, the stochastic properties of the SA agorithm
prevent it to get stuck to local minima. On the other hand, in
traditional greedy local search, the quality of the final result
heavily depends on the initial solution. In contrast, the idea
behind SA is to adequately explore the whole solution space
early on so that the final solution is insensitive to the starting
state [5].

Theinformation supplied to the SA based algorithm includes
the BHCA, cadl and TRX capacity congtraints for BSCs and
MSCs, paging capacity constraints and proximity data (allowed
connections to MSCs and BSCs, respectively) for BSCs and
BSs. Moreover, information related to the call traffic for each
BSisaso provided. This cell traffic and capacity information
include the peak call attempt rate, peak cdl traffic rate, hand-
off rate to neighboring BSs, and the number of TRXs attached.

The SA-based agorithm described here finds a network
topology that consists of the LA-to-BS assignment matrix L,
the BSC-to-MSC topology matrix Y and the BSto-BSC
topology matrix X. In addition, the total registration cost of the
solution is presented, aswell.



The agorithm startswith an initial feasible solution, whichis
set as the current solution. Randomly, a neighboring solution
from the solution space is chosen, and its cost is compared to
that of the current solution. If the cost is improved, this
neighbor solution is kept and set as the current solution.
Otherwise, this solution is accepted with a probability that is
caculated according to the stage the agorithm is in (we
designate this stage via a variable called “temperature’). The
probability of accepting aworse solutionis[6]:

P=g®T 17)
where DE is the difference between cost of the neighbor
solution and the current solution. The temperature is managed
by the cooling schedule that controls the execution of the
agorithm.

For a successful SA implementation, the two key items that
must be defined carefully are the moves that create the
neighbor solutions and the cooling schedule.

A.  Neighborhood Structure

A feasible solution is a topology where al network nodes
(BSs, BSCs, MSCs) are connected, and the LA borders are
specified such that the constraints are satisfied. Therefore, a
(feasible) neighbor solution may be generated by any of the
following threetypes of moves:

1) Changing a BS-t0-BSC assignment: A BSto be moved is
randomly chosen, and then aBSC is randomly selected among
all BSCs in the proximity of that BS. Before executing this
move, the capacity congraints affected by this BS-BSC
connection are checked. If these constraintsare not violated, the
new BSC is assigned to the BS. Then, arandom feasible LA is
searched to assign that BS among the existing LAsresiding in
the new BSC. Because of the limitation that an LA cannot
spread over multiple MSCs, instead of checking whether the
new and the old BSC are connected to the same MSC, we
directly try to find an LA residing in the new BS. If no feasible
LA isfound, then anew LA is crested for the new BSC. Next,
all load updates resulting from that move are calculated on the
network.

2) Changing a BSC-to-MSC assignment: This move dters
the network topology significantly, sinceal BSsconnectedtoa
BSC aso move with it. Firstly a BSC, denoted by BSC', is
chosen randomly to change its MSC connection. A candidate
MSC is also randomly chosen among al MSCs. Again, the
capacity and proximity constraints of the BSC-M SC connection
are checked. If these constraints are not violated, the new MSC
is assigned to BSC . All LAs residing merely in BSC' (i.e.,
none of their BSs are connected to another BSC) stay with their
BS connections (i.e., nothing is altered for these LAs), but LAs
having only some of their BSs connected to BSC' undergo
some re-arrangement. The assignments of BSsto those LAsare
released, and therefore those LAs have no more BSs assigned
to them from BSC . Moreover, for those “released” BSs, an
adequate number of new LAS are created (if the capacity of a
new LA isfull, then another LA iscreated).

3) Changing a BS-to-LA assignment: Without affecting the
BS-BSC connection, a new LA assignment is carried out by
searching the available LAs residing within the same BSC.
Firstly a BS is chosen randomly to change its LA assignment.
Then, a candidate LA is randomly chosen among dl the LAs
residing within the connected BSC. After the capacity
congtraint of the LA-BS connection is checked, the new LA is
assigned to the BS.

The three moves listed above dter the network architecture
in dissmilar ways. For example, a change in the BSC-MSC
connection may have alarge impact on the cost of the network.
Therefore, the particular choice of a move type, when a new
neighbor solution isto be created, is not uniformly distributed
among these three. The move types are selected according to
some probability distribution, which has a great impact on the
performance of the SA agorithm. The effect of different
probability assignments on the quality of results, and the
computation time will be investigated.

B. Cooling Schedule

A cooling schedule consists of three important components:
setting theinitial temperature, the decision of when and how to
decrease the temperature, and the decision of when to stop the
algorithm. The most efficient cooling schedule may be found
through trial and error, and by observing the effect on both the
quality of the resulting solution and the rate at which the
process converges[9].

Initial temperature calculation is crucial, because if it istoo
high, then it may take too long to reach the result. On the other
hand, if the initial temperature is taken too small, then the
algorithm does not have the freedom of making sufficient
number of random moves to visit different local minima and
stay in arelatively deep one. Thefinal result may depend on the
initial topology [4]. The idea isthat, at the initial stage of the
algorithm, nearly all neighbors should be accepted. In other
words, the initial probability of accepting aworse solution (Po)
should be very close to 1, eg., Py = 0.99. We set our initia
temperature (To) to achieve that probability through equation
(17). Extracting Tyields
_ - max DE

0 np,

To obtain the maximum change between the cost of neighbor
solutions (max DE in equation (18)), a predefined number of
neighbors starting with the initial solution is created and the
maximum difference between the costs of each of the neighbors
is calculated. Whenever a specified number of new solutions
are accepted (which is an SA parameter), the temperature
decreases according to the formula

Trew =Told@ (19)
The cooling factor, a, effects the quality of the solutions and
therun times significantly. Typical values of a lie between 0.85
and 1.

Towards the end of the agorithm, the temperature goes
downto zero, and it becomes difficult to accept new topologies.

(18)



For that reason, we have another criterion for deciding as to
when the temperature should be decreased. At a specific
temperature, if thetotal number of neighborstested (not just the
accepted ones) equals approximately to the neighborhood size,
then the temperature is decreased using equation (19) again.
This neighborhood size in our implementation is considered to
be roughly equa to the multiplication of the number of BSs,
BSCs, and MSCs in the network, since, at a specific topology,
one has almost that many possible changesin the network.

The algorithm must stop if it cannot find better solutions
anymore. In our implementation, the SA agorithm stops if we
cannot accept new solutions in a predefined number of
temperature decreases. This stopping criterion too affects the
quality of results and the execution time of the agorithm
significantly. In order to guarantee a finite run-time, the SA
search is also halted if a very large number of solutions are
tried. During the SA search, “the best solution
recorded and presented when the algorithm stops.

IV. COMPUTATIONAL EXPERIMENTS

Platforms used for experiments are Linux and Windows
systems with P11-350 processors. The cluster system named
“ASMA” (Advanced System for Multicomputer Applications)
is dso employed for experiments. ASMA resides in the
Computer Engineering Department of Bodazici University, and
has 24 personal computers (PCs) with Linux operating system
[2]. The execution time varies with the size of the problem and
SA parameters. In order to find the SA parameter values that
give the best result, the first group of experiments are
performed using different parameter values on different data
sets. Experiments are repeated 30 times for each data and
parameter set. The data sets are obtaned from an operationa
GSM network in Istanbul at different times of the week. By
choosing a pilot area from the GSM network, the information
about the network elements (BS, BSC, and MSCs) is extracted.
The number of these network elements defines the problem
size.

In the second group of experiments, the performance of
simulated annealing is compared to greedy search (with random
initial topology) and random generation techniques. In the
sequel, the total registration cost of the network will have the
unit “total number of hand-offs incurred between the LAS per
second”.

A.  Typical Run of the SA Algorithm

Fig. 1 shows the cost of the solutions found at different
stages of a typicad SA run for a moderate sized example
network which has about 600 BSs, 6 BSCs and 6 MSCs. The
SA parameter optimization is performed with this network and
verified by others. At theinitial stages, since thetemperatureis
very high, the SA agorithm accepts nearly al solutions. It acts
as random search first, and the cost of the accepted solutions
varies in a wide range as seen in Fig. 1. As the temperature
decreases, the probability of accepting worse solutions aso

decreases. Hence, at later stages of the run, the search becomes
greedy and only better solutions are accepted.
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ig. 1. A typicdl run of the SA adgorithm on an example network. The
regidration cogt of the network is computed in total number of hand-
offsincurred between the LAs per second.

B. Effect of the SA Parameters

Tofind the optimal SA parameter values, different parameter
sets are tested on several sample problems. Thefigures present
result of applying different values for each SA parameter on a
sample problem in which the network consists of 600 BSs, 6
BSCs, and 6 M SCs. After 30 executions of the SA agorithm on
the sample problem, where the longest run-time was about 1.5
hours, the minimum, average and the maximum vaues are
determined.

Thefirst SA parameter isthe number of neighbors generated
starting with the initial solution to calculate the initia
temperature according to equation (18). This parameter affects
only the initial temperature, since the larger the number of
neighbors traced, the greater the possibility of finding higher
cost differences between two neighbors, and hence, the higher
theinitial temperature asseenin Fig. 2. Therefore, to be ableto
start in a hot system (a system accepting nearly every neighbor
solution), this parameter should be set to a high value such as
100,000.

The second parameter is a which is instrumenta in
decreasing the temperature of the system as per equation (19).
The higher itsvaue, the slower the cooling down of the system.
By setting thea value high, larger portion of the solution space
can be searched, but run-time takes longer. Fig. 3 displays that
the value 0.9999 performs better than both 0.99 and 0.999.

The number of accepted solutions that decrease the
temperature (AD) is the third parameter considered. If the AD
value is small, then the SA agorithm converges faster. The
values assigned to this parameter range between 10 and 30 in



our experiments. As Fig. 4 shows, athough the particular
choice of AD does not have much effect on the quality of the
results, AD = 20 produces slightly better results.
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Fig. 3. The effect of the cooling factor a on the registration cost of the
network computed in total number of hand-offs incurred between the
LAs per second.

A run is ended if a specified number of temperature
decrements are made without any improvement in the cost
(denoted by WI1), or if the number of neighbors tested exceeds
aniteration limit IL. These parameters do not affect the quality
of the resulting solution directly. However, if arun is stopped
before the system is cooled down enough, better solutions may
be missed. On the other hand, unnecessarily high WI or IL
vaue assignments result in longer run times. In the
experiments, these parameters val ues are selected such that the
agorithm converges in areasonabletime. According to Figures
5 and 6, WI and IL should respectively take on vaues around
5,000 and 5,000,000.

V. COMPARISON OF THE SA RESULTSWITH OTHER
TECHNIQUES

Both SA and greedy search (GS) are neighborhood search
algorithms, and are natural competitors Among feasible
neighbors, GS starts with a feasible random solution. If this
neighbor improves the cost of the current solution, then it is

accepted as the current solution. The search continues until an
“iteration limit” is reached, or a “specified number of
iterations’ result in no improvement.
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Fig. 4. The effect of the number of accepted solutions that decrease the
temperature (AD) on the regigtration cost of the network computed in
total number of hand-offs incurred between the LAs per second.
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Fig. 5. The effect of the specified number of temperature decrements
dlowed without any improvement in the regigtration cost of the
network.

1,000,000
900,000 []
800,000 -
700,000 -
600,000 1
500,000 1
400,000 1
300,000 -
200,000 -
100,000 1

0 -

[ EMin
EMean
O Max

Resulting Network Cost

2,000,000 4,000,000

Iteration Limit (IL)

5,000,000 6,000,000

Fig. 6. The iteration limit IL on the number of neighbors tested plotted
againg the registration cost of the network computed in total number
of hand-offs incurred between the LAS per second.



The performance of GS should form an upper bound on SA,
since the greedy search can only find the local minima of the
solution space. However, the quality of the GS results depends
heavily on theinitially formed solution. Therefore, anumber of
runs are made to test the GS with different initial solutions.
The solution with the least network cost, computed as the
average over multiple GS runs, is extracted from the
experiments.

A datistical quality evaluation method is also applied to the
SA solutions. In order to have a feeling about the range of the
solution space, more than 15,000 random solutions are
generated, a histogram of these solutions are prepared and then
compared to the SA solutions. The so-called random generation
(RG) methods are based on the procedure that first BSs are
connected randomly to feasble BSCs (subject to the
constraints), and then BSCs are connected to feasible MSCs. In
thefirst approach (called RG1), for each M SC starting with one
LA, BSs are assigned to an LA. If the LA capacity (paging
capacity of BSs) reachesitslimit, then anew LA iscreated and
the remaining BSs are assigned to that LA. Here, theam isto
create the minimum number of LAs for each MSC (after
randomly establishing the BS-BSC-MSC topology). In a way,
RG1 is not truly random, and it possesses some minimization
effort.

In the other method (called RG2), a random number of LAS
are created for each MSC. The randomization is based on the
uniform distribution with upper limit being the number of BSs
connected to the BSCs of the MSC. Then, al BSs are assigned
to a random feasible LA. If for a BS, no feasible LA exists,
then anew LA iscreated, and the BSis assigned to it. The god
isto make all of the network topology decisions randomly and
therefore to simulate the solution space more accurately.

A histogram obtained from approximately 27,000 solutions
via the RG1 method on the example problem described in
Section |V can be seen in Fig. 7. The figure depicts that the
distribution is bell-shaped, resembling the normal distribution.

The comparison between SA and the other techniques are
based on the resulting network costs. Three pilot areas in
Istanbul are considered in the experiments corresponding to
data sets numbered one, two to five, and six, respectively. The
datafor the second pilot areaare collected at different times of
aweek.

The number of LAs cannot be less than the number of MSCs
in a cellular system. In the RG2 approach, because a random
number of LAS are created for each MSC, the total nhumber of
LAs in the system deviates considerably from the minimum
possible number of LAs. For instance, if there are 6 MSCsin
the system and the number of BSsis 100 per BSC on average,
then the minimum and maximum number of LAs that can be
created is 6 and 100, respectively. Because LAs are created
randomly, the probability of having close to 6 LAs is very
small. As aresult, many LAs trigger arise in the registration
cost, and the RG2 solutions accumulate to the right side of Fig.
8. Thehistogram is established with approximately 16,000 RG2
runs.
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19. 7. Histogram of the RGI1 approach. The regidiration cost of the
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The number of SA runs performed on each dataset is 10, and
the value shown in the Table 1 is the average of the resulting
network costs. The GS agorithm is run 30 times for each data
s, and the minimum network cost is displayed in Table 1.
RG1(Min) and RG2(Min) columns contain the minimum
network costs found in the runs performed to establish the RG
histograms. Table 1 indicates that the SA-based solution
technique outperforms the other methods.

Table 1. Network cost (computed in total number of hand-offs
incurred between the LAs per second) induced by SA, GS, RG1 and
RG2 for six data sets.

Data Set SA GS RG1 RG2

Number (Mean) (Min) (Min) (Min)
1 450,882 792,769 1,870,809 2,772,498
2 12,161 24,693 134,410 161,974
3 15352 27930 138,889 161,365
4 11,514 20,839 109,852 131,300
5 7,308 14910 84,571 101,962
6 901 1956 2402 31,508

To have an appreciation as to how far the SA results deviate
from the mean of the solution space, RG methods are



employed. In Table 2, the mean vaue of the SA results are
compared to the mean and standard deviation of RG1 runs.

Table 2. Network cost (computed in total number of hand-offs
incurred between the LAs per second) induced by SA and RG1 for six
data sets.

Data Set SA RG1 RG1
Number (Mean) (Mean) (Std. Dev.)
1 450,882 2,572,020 156,555
2 12,161 150,569 3220
3 15,352 153915 3,305
4 11514 12772 2493
5 7308 94,253 1845
6 901 29,937 1692

Table 3. Network cost (computed in totd number of hand-offs
incurred between the LAS per second) induced by SA and RG2 for six
data sets.

Data Set SA RG2 RG2
Number (Mean) (Mean) (Std. Dev.)

1 450,882 3,379,986 61,265

2 12,161 178509 1993

3 15,352 182,433 2034

4 11514 145526 1636

5 7308 111,731 1206

6 901 43621 1527

RG2 solutions represent the actua feasible solution space.
Finaly, in Table 3, the mean value of SA results are compared
to the mean and standard deviation of the RG2 runs. For both
methods and for al the sample problems, the difference
between the cost of the SA solution and the mean cost of the
RG solutions is much more than several standard deviations.
This huge difference proves that SA beats any random solution
by a large margin. In other words, in a reasonable time, the
probability of randomly creating a solution better than the SA
solution is very close to zero. We accept this as a statistical
measure showing the high quality of SA results.

VI. COoNCLUSIONSAND FUTURE WORK

In order to design a feasible cellular network, constraints
related to the call handling capacities of network elements and
costs related to the paging and registration activities should be
considered. Utilizing the available network information in a
realistic manner, we formulate an optimization problem for the
location area planning and the assignment of cells to switches.
The formulation is very detailed, and it includes the mgority of
thepreviously considered problemsas specia cases. A solution
technique based on smulated annedling is proposed. The
implementation details and empirical parameter tuning of the
algorithm are described. Computational experiments are
performed using real data sets. The SA results are promising,
since for the cases studied, the quality of SA results are much
better than those obtained by multiple runs of greedy search.
Moreover, the statistical quality evaluation methods show that

it is amost impossible to create a random solution better than
that offered by SA in tolerable run-times.

As future work, we plan to develop a heuristic algorithm that
will be aimed to solve the formulated optimization problem.
The SA-based program could aso be run on awider test set to
check the suitability of the currently proposed SA parameter
values.
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