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Abstract: Cell planning as process iGSM Networkplanning must take ird consideration all the
criteria that are related to Cell Planningrocessincluding technical, financial, and environmental
criteria. This paper aims to improve an integrated framework of Cell Planning that select the optimal
locations of Base Stations&ed on finding the tradeffs between coverage area, cost, and the health
effects on the populations. The problem of Base Stations Siting ipapés is reformulated from
Unconstrained MultiObjective Optimization problem into Constrained M@bjective Optimization
Problem. Two types of Evolutionary Algorithms: traditional Genetic Algorithm with penalty functions
as constraint handling, and Random Weighted Genetic Algorithm (RWGA) were implemented and
compared based on which one can produce an opsuolation in less iteration. The minimum number

of Base Stations that are required to cover the conducted area was predicted based on the produce
solution, and compared with the number of Base Stations that are constructed by Mobinil operator.
Cairo city is selected to be the conducted area, both models were superior to Mobinil scenario in
covering the conducted area with lessmber oBase Stations.

Keywords:Radio Network Planning, SDSS, Genetic Algorithm, Base Station siting, Location and
Allocation Pioblem.

1. Introduction
In GSM Network Planning process, Base Stations are considered the most important element in the
whol e network because of their role in buildin
through air interfacgl, 2, 3,4]; so the biggest problem in the Planning process is where to locate those
Base Stations appropriately in order to achigneegoals of service providers includinguximizing the
coverage area and minimizing the construction and deploymerib¢cé$tin the other hand, these Base
Stations must be located accordindgs&curity and safety procedundsit must prevent the citizens from
the negative effects of these Base Statiaiisin Egypt[8], National Telecommunication Regularity
Agency(NTRA) rolled aut a protocol that governs the process of Mamib construction to prevent the
populations from the negative effects of Base Stations. This protocol states many restrictions on the
process of Base Stations especially inside cities like distance frorasheghool and hospital, the
maximum permissible power and other criteria that are stated to prevent the human being from the
emitted radiations from Base Statidid}.

Many approaches are proposed to solve the problem of Base Stations thieisggappraches can be
classified intothree categories [7 geometric, matheatical, and SDSSIn geometric class, the
researchers tried to build geometric model that locate Base Stations (BS) to minimize negative healtt
effects of BS like 9] or solve the problenaf maximizing coverage/service in a certain area i@ [
11]. Cell planning using Spatial Decision Support Systems (SDSS) is another direction and showed in


mailto:smfati@yahoo.com
mailto:m_elsharkawi@fci-cu.edu.eg
mailto:m_nour@auc.edu

[5, 6, and12]. Finally, In mathematical category, cell planning is considered as optimizatbtepr
and solved using mathematical model lilkidyomial Time Approximation Shemes (PTASh [13].

Unlike the previous approaches, this paper incorporates all the factors that influence the Base Statio
sitting including cost, coverage area, and resbins of public health.From the viewpoint of Operation
Research, the problem of locating Base Stations is considered a Constrainedhyadtive
Optimization Problem and can be solved using one of the famous Evolutionary Algorithms like Genetic
Algorithms. In thispaper Base Station locating problem will be solved in two ways using Evolutionary
Algorithms. In the I algorithm, the objective functions will be aggregated to build single combined
objective function and then, traditional Genetic Algorittuii be incorporated with Penalty Functions

as constraints handlif@4, 15]to find the solution with better fithess function value. On the other side,
Random Weighted Genetic Algorithm will be used to find the-dominant individuals and binary
tournanent selection method will be used to handle the constjdieitd 7]

A fully functional GIS is an integration of several components and different subsystems to collect, store,
retrieve and analyze spatiallgferenced data. GIS is a powerful tool of asdign, management and
analysis of spatiallyeferenced data, but GIS is a limited tool in spatial decigidrdomain. This is due
essentially to its lack of more powerful analytical tools enabling it to deal with spatial problems
involving several partewith conflicting olpectives/criteria [18

To avoid GIS criticisms, and execute the spatial analysis on GIS data, integration between GIS anc
Operations Research/Management Science (OR/MS) tools is suggested. Practically, the idea o
integrating GIS witrseveral Decision Support Systems (DSS) tools seems to be-tefamgolution. In

fact, this requires the development of a coherent theory of spatial analysis parallel to a theory of spatia
data [L8]. A more practical solution is to incorporate only aiiosnalytical methods into the GIS. This
integration allow the user to benefit from GIS as powerful tool for managing spatially referenced data,
and in the same time from Multi Criteria Analysis (MCA) as an efficient tool for modeling spatial
problems.This paper useBlultiobjective Optimization (MOO) using Genetic Algorithms (Gi&)find

the optimal locations for Base Stations. A SDSS that integrate multiobjective optimization technique
with GIS is proposed. In this SDSS, basic GIS functions@#Adnoduleis integrated and GIS database

is extended so as to support both the geographical, descriptive data of Base Stations; in addition to G,
model parameters.

2. Proposed Model
The criteria that will be used in the process of Base Stations Locating can beedaisddi three
categories: technical, economical, and environmemftal According to this classification, Service
Provider decides which location is proper based ohnieal and economical criteriancluding
Maximizing coverage areand minimizing constiction and deployment cost respectively. On the other
side, NTRA and official authorities cannot grant permission unless the environmenteia are
satisfied; this category includes all the procedures that are stated in NTRA protocols. These grocedure
include: Distance fran the nearest children's schodie toccupieduilding must be not a hospital, and
the transmitted power doesndt exceed the per mis

The mathematical model of Base Stasisitting Problem can be written as followsequations (dL3)
(assuming that all objectives in minimization form):
Minimize F(x) = (f1(x), f2(x)) Q)
fl(x} = ?:1'5:' X; (2)
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Subject to:
¥, x;=NBS 4)
Nizadix; =0 5)
Tk x=0 (6)
Y%, p; x; < NBSp, andx; € {0,1}vi;i € {1,2,...,n} (7)

Wherei represents théilocation from 1 to R location,ci represents the total cost of construction and
deploymenbof only one BS, girepresents #coverage area of only one B&indicakes if Base Station

is located in T location; andand takes value 1 if BS is allocated {hlocation, otherwise ONBS
representsthemub er of BSOs dihepresends the eariable tbad indecate if the distance
between BS and nearest schiess than or equal 20m or not and take the value 1 if thisndis is less
than or equal 20motherwise Oh; represents the variable that indicaiethe occupied building is
hospital or not and take the value 1 if the occupied building is hospitehwise 0. prepresents the
transmitted power from B%inally, pc represents the maximum permissible power.

There are many input parameters includingd,pi,c,cri. And xi in this case represents decision variable
that take value 0 or 1 to indicateBfse Station is located ifi iocation or not as follows:

1if distance from nearest school = 20
di={ ,. (8)
0 otherwise
1if BTS is located on a hospital
h; = 9
' JLFfi] otherwise ©)
p:ER (10)
cr, ER (12)

1 if BTSislocated in ith location

Fi= {Cl if BTY isnotlocated in ith location (13)

3. System Overview

The designed planning tool consists of thBofeing components: Radio Wave Propagation module,

Comparison module, Coverage Area Builder, Optimizer which essentially interact with Genetic

Algorithm module to produce optimal solutions, and finally GIS part which considered the User

Interface which abbw the user to capture initial locations on the map and also display the results as
points on the map. Radio Wave Propagation module calculate the path loss using Okumara Hata mod:

[19] to compute the cell radios and then calculate the coverage acedl;dhese calculations are
described in details in our previous paer|



Coverage Area Builder take the optimal points from the Optimizer and based on locations of these
points it predict the locations of the rest points that are required to ceverhttie conducted area in
geometric process. After predicting the whole coverage area and locations of all points, these points ar
compared with the existing locations of one of the running operators (in this case, Mobinil operator is
chosen to cmpare wih) and finallythe result of comparisoare displayedThe resultant points are
displayed on the amp as separate layer to deal with them in the rest steps of planning process. Th
paper will focuses in the next sections on applying more than GenetigtAfgdo optimize the chosen
location and compares between those algorithms and Mobinil points. Two algorithms are used in this
paper: traditional GA with Penalty Function and Random weighted Genetic Algorithm with binary
selection scheme.
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Figure 1Radio Network Planning tool Archicture

4. Traditional GA with Penalty Function
Traditional Genetic Algorithms are proposed to deal with single objective problem and usually produce
only one solution that has the better fitness vdlie 20, 21] In this paper, MultObjective
Optimization Problem is transformed into Single Objective Optimization Problem by aggregating the
multiple objectives. Penalty Function that penalizes the infeasible solutions to pose the feasible ones t
be selectedl14, 15, 22]Jalso applied to deal with the constraints that restrict the Base Station Locating.
The candidate solution can be evaluaigdalculating the cost and coverage area objectivetibmof
locating base statioras in equation (14)

f) = T, (Cx —erx) (14)



The infeasible solutions can be penalized by calculating the constraints that restrict the process of Bas
Station siting for each solution. The constraint violation (V) is calculated as falosegiation (15)

V(Xi)= max[z era, Gi(Xi]) (15)

Then all constraints violati@hof a chromosome (with n solutions) are added together to find the
overall constraints violatioas in equation (16)

total_violate = },1-, V(Xi) (16)
After that the total constraints violation is added todss function of thehromosomaeas in equation
@a7:

Fp = f(x) + total_violate (17)

In the traditonal GA with penalty function, a binary coding is u$éd20] with a chromosome equals to

the number of predefined locations that are captured usiBg@hponent. For example a solution that

is consists of 5genes as041-0-0 denotes that only locations no. 1 and 3 will be chosen to construct
Base StationRoulette wheel selection, single point crossover, binary mutation are applied to select the
parens and generate new offspring as described7jnTo deal with the restriction of d=tnining
number of Base Stations in any s@uatequal prespecified numbemRestricted Search Operator is used.
According to [L7], RestrictedSearch Operator that wastiated bySalcedeSanzin 2004and stated as

in figure (2)

Let M be the specified number of Is in an individual s.
Forevery peneration of GA
For every individual in the population
Check the number of Is (p)
If (p<M) add ones(M-p)
Else Remove _ones(p-M)
end(if)
end(individual)
end(peneration)

Figure 2: Restricted Search Operator

5. Random Weighted Genetic Algorithm (RWGA)
Random weighted GAL6] is firstly proposed by Murata and Ishibuchilif96] and it usethe weights
to build objective function. The weights are changed frequently during running time to allow the
searching directions to be changed to sweep over the whole solution space. To perform this task
random numbers are generated to build the weightke individuals and then, the solutions that are
found through changing directions are collected in a set to build the Pareto Optirhé].set [

Initial solutions are randomly chosen using GIS component and transferred to optimizer to encode then
as inifal population. Then calculate the objective values of chromosomes in the population and record
the Pareto optimal solutions. The total objective function is constituted of the linear combination of



objective functions. And the weights are randomly assigker a solution x, the objective function in
the study is represented as follovvsequation (18)

flx) =wyfy () + wyfs (x) (18)
Where f1, f2 are objective functions denote the cost and coverage area of Base Station respectively
And w1, w2 is computed ralomly during running time as equation (19)

W = s (19)

Where yis random number generated between [0,1].

In RWGA, Selection Probability can be used to select the parents withptoplabilities instead of

using the original concept of fitness is the larger the better because solutions with larger fitness tend tc
propagate to the next generation in order to allbis algorithm to select the solutions with minimum
fithess valuewhere minimization form is appliein this algorithm The selection probability can be
formulated asn equation (2Q)

p(x) = £ — £ (2) (0, (F™ — F))) (20)

Binary tournament selection methadapied in RWGA as shown in figure3

¥ Step 1- Randomly chose two solutions x and y from the population.

¥ Step 2- If one of the solutions is feasible and the other ope is
infeasible, the winner is the feasible solution, and stop.
Otherwise, if both solations are infeasible go to Step 3, else go to
Step 4.

> Step 3 In this case, solutions x and y are both infeasible Then, calculate a
measure of inféasibility (e.g., the number of constraints violated or total constraint
violation) for solutions x, y and the solution with the least iafeastbility could be
declared as the winner

¥ Step 4 In the case that solttions x and y are both feasible, If one of them
dominales the other then the winner one is the non-dominant.

Figure 3: Modified Binary Selection strategy in RWGA

Like traditional GA, sgle-point crossoveand Bit Flop as mutation technique is applidd order to
maintain the elite solution during the running of algorithm inside the external population, an elitism
strategy[16] checks if tle member is already exists in external population or not. If the pgapula
doesndét contain this member, then the member I
predefined size, then elitism strategy will checks if the membedoarinantaccording to the members

of external population and replace the dominated member by the nesononant member.



The new population is generated dsleing number of individuals equ#te size of Pareto Optimal set
and add the same number of swmns fom E to the population. And thddpdate Pareto Optimal
Solutions If the number of generations equals to the-gpecified number then stop, otherwise
evaluate the population and apply the algorithm agMGA is summarized as followsf):

E = external archive to store non-dominated solutions found during the search so far;

nE = number of elitist solutions immigrating from E to P in each generation.

Step 1: Generate a random population.

Step 2: Assign a fitness value to each solution x€ P, by performing the following steps:
Step 2.1: Generate a random number u, in [0,1] for each objective k, k=1,.__,
Step 2 2: Calculate the random weight of each objective k as:
Step 2.3: Calculate the fitness of the solution as:

Step 3: Calculate the selection probability of each solution x€ p, as follows:

Step 4: Select parents using the selection probabilities calculated in Step 3. Apply crossover on the selected parent

pairs to create N offspring. Mutate offspring with a predefined mutation rate. Copy all offspring to Pt+1_ Update E

if necessary.

Step 5: Randomly remove nE solutions from Pt+1 and add the same number of solutions fromE to P,,,.

Step 6: If the stopping condition is not satisfied, set t =t+1 and go to Step 2. Otherwise, returnto E.

Figure 4: Random Weighted Genetic Algorithm

6. Experimental Results
This model is conducted on Cairo city to compare the locations of antennas that are produced from botl
traditional GA and RWGA models to the already existing locations thatarstructed by Mobinil
operator. From the literature the feasible values that will produce relatively good solutions are recordec
as [p]: crossover/recombination probability=0.9 and Mutation probability=0.1.

To test RWGA and traditional GA for the problehBase Station Siting, a testing data that are already
known and can easily determine the optimal solution from them is produced for the purpose of testing.
And the optimal solution is extracted manually to compare it with the produced solutions from both
models in order to compare the effectiveness of those mdéelste.5a explains these data and
indicates the optimadolutionthatis produced manuallgs the solution that have maximum coverage
area and minimum cost and can be shown in the end alatstThese locations are divided into four
initial solutions that will be used as initial population to carry out the models as shdvigune.5.b
Figure.5c explains obviously that RWGA was able to find the optimal solution after only 100 iterations
whereas Traditional GA found the optimal solution after 150 iterati®&es RWGA converges to
optimality faster than Traditional GA. This behavior can be interpreted by the nature of RWGA that
uses random weights to search the solutions space in manyadiseatid also by the ability of RWGA

to find the nondominated solutions over vector of objectives rather than a single objective and maintain



elite solution that is nedominated by others. Nesiominance principle allows the model to search in
more than dection simultaneously.
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Figure 5: Test data, their distribution, and convergence

RWGA and Traditional GA wilbe used to find the optimal solution for Base Station siting problem,
real data is collected by building four scenatim€onstruct Base Stations on different locations inside
Cairo City. These data is divided into four solutions, each solution cons&insf locations.
Optimization models are carried out on these data to produce optimal solution that will be usé as bas
to predict the number of Base Stations that are needed to build the whole coverage on Cairo City
Mobinil data about the existing Base Stations also colldotedmpare the produced solution from each
model with Mobinil dataFigure.6.ashows the reatlata that are collected to carry out optimization
model. RWGA and Traditional GA was applied on these data, and thenethidts are recorded in
Figure.6.bthat indicates that RWGAutperforms Traditional GA by finding the solution that is able to
build the whole coverage with minimum number of Base Stations.

Some assumptions are made in this model; one of these assumptions is that all cells have the san
radius. In the stage of comparison, 900m as a radius for all caisusned. As explained kgure6.c,
Traditional GA model success in covering Cairo city with 224 antennas, whereas RWGA covers Cairo
City with only 201 antennas. Both models are superior to Mobinil scenario which built 236 antennas but
does not reach the whole coverage on Cairo Cith slat the network is still incomplete. The number

of identical points indicates the number of points that has the same coordinates with those in Mobinil
network. FronmFigure.6, RWGA is morsuitable becausef its acceptable results.



Figure 6: Collected Real Data

Figure 7: Screenshot of RWGA modé Figure 8: Screenshot of Trad. GA



