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 The value of mobile communication services in all division of life is found to take an 

profligate growth. With regard to the mobile wireless communication systems, it is 
essential to trail the mobility that covers the individual area roofed by the service 

provider. Attempts are taken to track the individual mobile subscriber with high opinion 

to the two parameters of interest: location updating and paging. It is viewed that the 
stage steps to calculate the best site region will have its effects on the whole cost of 

system incurred, which in turn comprises of the site update and paging costs. There 

may be more than a few users who will be assigned to dissimilar mobile subscribers 
and from now on predicting the best site area is forever been a phenomenal duty. 

Devising variant krill herd algorithm; a heuristic optimization algorithm to optimize 

and decide the whole cost which in turn optimizes the LU cost and paging cost. Two 
variants of Biogeography Based Optimization (BBO) are planned to further reduce the 

total cost incurred for the services with respect to mobility tracking. The major cause of 

applying these heuristic based optimization approaches are, the intend of this model of 
position registration area planning is observed to be a combinatorial optimization 

problem. Conventional methods like linear programming will not be inclined to offer 

convergent solutions; henceforth the variants of BBO techniques are proposed with an 
final aim to decrease the total cost for location area planning in wireless cellular 

networks. Simulations are passed out for the projected variants of BBO algorithms and 

the computed solutions are analyzed for their strength with the models. Throughout the 
route of intend process, it is guaranteed to uphold the equilibrium flanked by the 

location update and the bandwidth operation between the gate of calls.  
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INTRODUCTION 

 

 Over the decades, the utility of mobile 

communication services in each and every sector of 

life is found to take an extravagant growth. As a 

result, with regard to the mobile wireless 

communication systems, it is necessary to track the 

mobility that covers the specified area covered by the 

service provider. Attempts are taken to track the 

respective mobile subscriber with respect to the two 

parameters of interest: location updating and paging. 

It is viewed that performing steps to compute the 

optimal location area will possess its effects on the 

total cost of network incurred; which in turn 

comprises of the location update and paging costs. In 

general, there may be several users who will be 

assigned to different mobile subscribers and 

henceforth predicting the optimal location area is 

always been a herculean task. Devising variant krill 

herd algorithm; a heuristic optimization algorithm to 

optimize and determine the total cost which in turn 

optimizes the LU cost and paging cost. Two variants 

of Biogeography Based Optimization (BBO) are 

proposed to further reduce the total cost incurred for 

the services with respect to mobility tracking. The 

main reason behind applying these heuristic based 

optimization approaches are, the design of this model 

of location registration area planning is observed to 

be a combinatorial optimization problem. For these 

combinatorial optimization problems, conventional 

methods like linear programming will not tend to 

provide convergent solutions; henceforth the variants 

of BBO techniques are proposed with an ultimate 

aim to reduce the total cost for location area planning 

in wireless cellular networks. 

 Numerical simulations are carried out for the 

proposed variants of BBO algorithms and the 

computed solutions are analyzed for their validity 
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with the models available from the literature. During 

the course of design process, it is also assured to 

maintain the balance between the location update and 

the bandwidth utilization between the receipts of 

calls. 

 

2. Literature Survey: 

 The in depth literature study on the applicability 

of Biogeography Based Optimization for various 

applications for the past decade, based upon which 

Proposed employing BBO algorithms. The literature 

overview on the key aspects of few heuristic 

optimization algorithms. Considering this literature 

foundations on heuristic optimization, variants of 

Biogeography Based optimization are proposed. This 

literature study paved the way to take the best from 

the other existing optimization algorithms and 

hybridize it with that of the Biogeography Based 

Optimization to obtain the better results and 

reduction in total cost incurred for location area 

planning. Thus the early literature studies on various 

optimization techniques are as follows: 

 Kennedy, et al., 1995 proposes a particle swarm 

methodology which is a concept of optimizing 

nonlinear functions. Implementation of the paradigm 

is described by benchmark testing. Also the 

applications including nonlinear function and 

training the neural network are proposed. The PSO 

and genetic algorithm (GA) relationship are also 

described.  

 A new computational paradigm called ant 

system is suggested by Dorigo, et al [2]. This 

proposed methodology is applied to the classical 

Traveling Salesman Problem (TSP). The main 

characteristics are positive feedback, distributed 

computation and the use of constructive greedy 

heuristic. The positive feedback accounts for good 

solutions, distributed computation avoids the 

premature convergence and constructive greedy 

heuristic helps to find the acceptable solutions in 

early stage of search process. To prove the 

robustness of the suggested approach, the results are 

applied to the other optimization problems like 

asymmetric traveling salesman, the quadratic 

assignment and the job-shop scheduling.  

 Storn & Price, [3] presents a heuristic approach 

named Differential Evolution (DE) for minimizing 

the nonlinear and non-differentiable continuous 

space functions. This method converges faster and 

with more certainty is demonstrated by means of an 

extensive testbed. This method is robust, used easily, 

lends very well to parallel computation. 

 Shi & Eberhart, 1999 empirically study the 

performance of particle swarm optimizer (PSO) and 

tested on four different benchmark functions. PSO 

converges fast towards the optimal solution but the 

convergence speed is slow. An adaptive inertia 

weight is suggested in the new approach to improve 

the PSO’s performance. 

 Kirley, 2002 proposes a novel evolutionary 

algorithm called Cellular Genetic Algorithm with 

Disturbances (CGAD) which is inspired by the 

nature of spatial interactions in ecological systems is 

described as a hybrid between fine-grained and a 

coarse-grained parallel genetic algorithm. The 

mechanism for maintaining flexible subpopulation 

size and self-adaptive controls on migration is 

provided by disturbance-colonization cycle. This 

algorithm uses the problems with the range of 

stationary and non-stationary optimization.            

 Yang, 2005 developed a new Virtual Bee 

Algorithm (VBA) and is tested on solving the 

function optimizations. A swarm of virtual bees are 

generated and start to move randomly in the phase 

space, for the functions with two-parameters. These 

bees interact when they find some target nectar 

corresponding to the encoded values of the function. 

From the intensity of bee interactions, the solution 

for the optimization problem can be obtained. 

 Erol & Eksin, 2006 proposes a new optimization 

method named Big Bang-Big Crunch (BB-BC) and 

tested on benchmark test functions. It is one of the 

theories of evolution of universe namely, the Big 

Bang and Big Crunch Theory. Energy dissipation 

produces disorder and randomness is the main 

feature in the Big Bang phase; whereas randomly 

distributed particles are drawn into an order in the 

Big Crunch phase. 

 Menser & Hereford, 2006 proposes a new 

optimization technique named Particle Swirl 

Algorithm (PSA) to locate minimum or maximum 

value of a function. This algorithm utilizes the 

particles which are multiple solutions that rotate 

around a center point. The swirling motion is based 

on the principle of water spiraling toward a drain; 

hence the center point is called as vortex. The vortex 

moves towards the highest known fitness value in 

search space and it is not stationary 

 A new algorithm called Intelligent Water Drops 

(IWD) is proposed by Shah-Hosseini, 2007 for 

solving the Traveling Salesman Problem (TSP). This 

algorithm is based on processes that happen in 

natural river where the actions and reactions takes 

place between water drops in the river and changes 

happen in environment that river is flowing. The 

river chooses an optimal path regarding the 

conditions of its surroundings to get to its ultimate 

goal which is often a lake or sea.  

 Das, et al., 2009 proposes Bacterial Foraging 

Optimization Algorithm (BFOA) which is inspires 

by the foraging behavior of Escherichia Coli. The 

lucid outline of Classical BFOA, the dynamics of 

simulated chemotaxis analysis with the help of 

mathematical model, the adjustment of chemotactic 

step size according to the current fitness of a viral 

bacterium and the analysis of dynamics of 

reproduction operator in BFOA are also discussed in 

this paper.  
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 Yang, 2009 presents the new Firefly Algorithm 

(FA) for multimodal optimization applications. The 

proposed algorithm is compared with the particle 

swarm optimization (PSO) which is a metaheuristic 

algorithm to prove the superiority of proposed 

approach.  

 Kaveh & Talatahari, 2010 presents Charged 

System Search (CSS) algorithm and verified this 

approach using standard benchmark functions. It is 

based on some principles from physics and 

mechanics. Each agent is Charged Particle (CP). 

Based on the fitness values and the separation in 

distances, CPs can affect each other. 

 Yang, 2010 proposes Bat Algorithm which is a 

metaheuristic algorithm. it is based on the 

echolocation behavior of bats. A comparison is made 

with genetic algorithms and particle swarm 

optimization to explain the proposed approach 

superiority.  

 Zhu & Kwong, 2010 propose an improved ABC 

algorithm called gbest-guided ABC (GABC) 

algorithm and tested it on a set of numerical 

benchmark functions. To improve the exploitation in 

this algorithm, the information of global best solution 

is incorporated into the solution search equation to 

improve the exploitation. 

 An algorithm which mimics the social behavior 

of fireflies called Firefly Algorithm (FA) and is 

based on the flashing and attraction characteristics of 

fireflies. Gandomi, et al.,, 2013 introduces chaos into 

FA and verified on benchmark problems. Global 

search mobility is increased for robust global 

optimization. 

 Afrabandpey, et al., 2014 proposes an improved 

version of Bat algorithm (BA) with chaos called 

Chaotic Bat Algorithm (CBA). This paper is based 

on the substitution of the random number of 

generator (RNG) with chaotic sequences of 

parameter initialization. This algorithm outperforms 

the classical BA.  

 In order to prevent premature conclusion of the 

best solution in the original Particle Swarm 

Optimization (PSO), the Binary Hybrid Particle 

Swarm Optimization with Wavelet Mutation 

(BHPSPWM) is proposed by Tran, et al., 2015. This 

algorithm was used for finding solutions in several 

mathematical functions applied in training block-

based neural network (BBNN). The solution stability 

and quality of hybrid PSO is improved. It is operated 

on binary-based problem space. The movement 

mechanisms of particles as well as the mutation 

process have been transformed.  

 Zheng, 2015 presents a novel metaheuristic 

method used for global optimization problem called 

water wave optimization (WWO) and tested this 

algorithm on a diverse set of benchmark problems 

and applied to a real-world high-speed train 

scheduling problem in China. To derive the effective 

mechanisms for searching in a high-dimensional 

solution space; the phenomena of water waves such 

as propagation, refraction and breaking were used. 

 With respect to the studies on heuristic 

optimization techniques had with, this proposes 

various hybrid forms of Biogeography Based 

Optimization to achieve better results for efficient 

location area planning in mobile wireless cellular 

networks.   

 The main objective of the proposed variants of 

BBO is to minimize the constrained optimization 

problem. The description of the system and the 

mathematical modeling of the system considered for 

which the location area planning is achieved 

minimizing the total cost.    

 

3. Proposed Methodology: 

 The proposed Hybrid BBO – Differential KHA 

developed with an aim to achieve better location 

updation cost and paging cost for location area 

optimization of mobile wireless cellular networks by 

minimizing the fitness function. 

 

3.1 Biogeography Based Optimization (BBO) – An 

overview: 

 Biogeography is the concept of how species 

migrate from one island to another, how new species 

arise, and how species become extinct. As a well 

known fact, a habitat is any Island (area) that is 

geographically isolated from other Islands. Habitats 

with a high HSI (High Suitability Index) tend to have 

a more number of species, while those with a low 

HSI have a small number of species. Habitats with a 

high HSI have a low species immigration rate 

because they are already nearly saturated with 

species. By the same token high HSI habitats have a 

high emigration rate. Habitats with a low HSI have a 

high species immigration rate because of their sparse 

populations. Emigration in BBO does not mean that 

the emigrating island loses a feature. The worst 

solution is assumed to have the worst features; thus, 

it has a very low emigration rate and a low chance of 

sharing its features. The solution that has the best 

features also has the highest probability of sharing 

them. This approach is known as biogeography based 

optimization (Simon 2008, Aniruddha & Pranab 

2010). 

 Mathematically the concept of emigration and 

immigration can be represented by a probabilistic 

model. Let us consider the probability sP  that the 

habitat contains exactly S  species at t . sP  changes 

from time t  to time tt   as follows: 

tt)tt)(t()tt( ssssssss PPPP    1111     
(1)                                 

 where s and s  are the immigration and 

emigration rates when there are S  species in the 

habitat. This equation holds because in order to have 

S  species at time )tt(  , one of the following 
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conditions must hold: there were S  species at time 

t , and no immigration or emigration occurred 

between t  and )tt(  ; there were )S( 1 species 

at time t , one species immigrated; there were 

)S( 1 species at time t , one species emigrated. 

 If time t  is small enough so that the 

probability of more than one immigration or 

emigration can be ignored and as 0t  gives the 

following equation: 
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 The equation for emigration rate k  and 

immigration rate k  for k  number of species can 

be written as per the following way: 
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 When the value of IE  , then combining the 

above said equation, it results in, 

kkk E            (4) 

 In BBO, there are two main operators, the 

migration and the mutation. It can be noted that the 

mutation rate changes the habitat’s Suitability Index 

Variable (SIV) in a random manner based on the 

mutation rate. Also, the mutation rate will be 

inversely proportional to the probability of species – 

count.  With the migration operator, BBO can share 

the information among solutions. Especially, poor 

solutions tend to accept more useful information 

from good solutions. This makes BBO be good at 

exploiting the information of the current population. 

Details about the two operators can be found in 

Simon 2008. 

 

3.2 Differential Krill Herd Algorithm – An overview: 

 The modified form of Krill Herd Algorithm as 

developed by Kalaiselvi & Radhakrishanan (2014). 

To ensure that a krill individual learns from good 

exemplars and to minimize the time wasted on poor 

directions, we allow the krill individual to learn from 

the exemplars until the krill individual ceases 

improving for a certain number of generations called 

the refreshing gap. Three main differences between 

the differential operated krill herd algorithm and the 

original KHA are observed and are listed as follows:  

 Once the sensing distance is used to identify the 

neighboring members of each krill individual, as 

exemplars to update the position. This mechanism 

utilizes the potentials of all krill individual as 

exemplars to guide a krill individual’s new position.  

 Instead of learning from the same exemplar krill 

individual’s for all dimensions, each dimension of a 

krill individual in general can learn from different 

krill individuals for different dimensions to update its 

position. In other words, each dimension of a krill 

individual may learn from the corresponding 

dimension of different krill individual. 

 Finding the neighbor for different dimensions to 

update a krill individual position is done randomly 

(with a vigil that repetitions are avoided). This 

improves the thorough exploration capability of the 

original KHA with large possibility to avoid 

premature convergence in complex optimization 

problems.  

 
Table 1: Pseudo code for the Differential KHA. 

Step 0: Initialize the data structures i.e., the bounds of the system under consideration, initializing the necessary algorithmic parameters 

and so on. 
Step 1: Randomly generate the initial population in the designed search space. 

Step 2: Perform Fitness function evaluation: Each krill individual will be evaluated according to its available position. 

Step 3: Perform Motion calculation. 
Step 4: Motion induced by the presence of other individuals, 

 Foraging motion 
 Physical diffusion 

 Implement the Updating steps of the differential operating mechanism. 

Step 5: Perform Updation: Update the krill individual position in the search space. 
Step 6: Iterate: Go to Step 2 until the said stopping criteria is reached. 

Step 7: Stop 

 

3.3 Proposed Hybrid BBO – Differential Krill Herd 

Algorithm (DKHA): 

 The fundamental basic algorithm of 

biogeography based optimization and differential 

krill herd algorithm. In BBO process, as the habitat 

suitability index play a major role, the location of the 

species is identified based on the HSI value. During 

the flow of migration, if the transfer of species 

involving decision making gets oscillated, this might 

increase the convergence time and mutation process 

in BBO helps to identify or locate new species which 

results in improved fitness value. Henceforth the lack 

of BBO algorithm in its migration point will be 

handled by initiating differential KHA to result in 

faster convergence with better solution. Once the 

DKHA is invoked at the migration point, the species 

will be searched by updating their movements 

through the motion calculation and physical diffusion 

process in a differential manner and the best global 

fitness would be arrived. If required after the DKHA 

process is completed, then the BBO mutation process 

may be restarted to generate a new species and repeat 
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the procedure for the specified number of iterations 

to obtain the solution. Introducing the differential 

KHA during the migration process of BBO has 

resulted in the development of a new algorithm 

known as Hybrid BBO – Differential KHA. The 

structure of proposed hybrid BBO – DKHA is simple 

in nature and the pseudo code for the proposed 

algorithm is as given in Table 2. 

 
Table 2: Pseudo Code for Proposed Hybrid BBO – DKHA. 

Start 

 Initialize the population randomly. 
 Compute the fitness and sort the population from best to worst. 

 Initialize probability of species count of each Habitat 

 When The termination criteria is not met do 
 Save the best habitats in a temporary array (Elitism) 

 For each habitat, map the Habitat Suitability Index (HSI) to number of species S,λ andμ 

 Choose the immigration island based on μ 
 Migrate randomly selected SIVs based on the selected island in previous step. 

Invoke DHKA: 

 Take the current population to be the point at which best fitness occurred and initiate the process  
 Perform Motion calculation                                  Take the motion induced by the presence of other individuals Carry out Foraging 

Motion and Physical Diffusion 

Mutate the particles probabilistically using basic BBO mutation process 

Compute the fitness and sort the population from best to worst. 

Perform the checking condition 

Refine the habitats  
end if 

Sort the population 
Check for feasible solution and the presence of a similar habitat 

Stop 

 

 The proposed hybrid BBO – DKHA is applied 

for the LA optimization of mobile wireless cellular 

networks. 

 

3.4 Experimental Setup for Location Area 

Optimization using proposed hybrid BBO - DKHA: 

 The model variation analysis carried out for the 

system model 2 holds the same in this case also. The 

proposed hybrid BBO – DKHA is applied for 

determining optimal location area planning. The 

algorithm is activated to minimize the location 

updation cost and paging cost. The optimal 

parameters chosen for the operation of hybrid BBO- 

DKHA is tabulated in Table 3.      

 
Table 3: Parameters of Hybrid BBO – DKH Algorithm. 

Parameters BBO Parameters DKHA 

Habitat Size 50 Number of krills in the population 40 

Habitat Modification probability 1 Foraging speed 0.02 

Immigration Probability bounds per gene [0,1] Diffusion speed 0.006 

Step size for numerical integration 1 Initial violation tolerance 1.0 

Maximum Immigration 1 Decrement 1.002 

Migration rate for each island 1 Ωmin 0 

Mutation probability 0.005 

Maximum Iteration 30000 ωmax 1 

Filter Coefficients Limits -2 to +2 Number of iterations 30000 

 

 The applicability of the proposed hybrid BBO – 

DKHA to solve the constrained optimization 

problem. For evaluating the performance of the 

Location Area optimization problem for the 

considered population, the network size and the call-

to-mobility ratio are varied and it is intended to find 

out the optimum cost for varying the input 

parameters. Here also the micro-cellular 

configuration with each hexagonal cell possessing a 

radius of 1km and moderate user density (50 

users/km
2
) are considered. To calculate the cost 

coefficient for LU (U) is 1 and that for paging (V) is 

1.  

 In Figure 1 it can be observed the variation of 

perimeter of optimum LA for different population 

sizes. When the population size is increased then the 

optimum value of the threshold is found to increase 

and hence the size of the location area is increased. 

Hence it can be noted that when larger number of 

mobile terminals are serviced by a single mobile 

switching centre, the number of mobile terminals 

residing closer to the boundary of an LA will be 

high. Because of this, possibility of number of 

boundary crossings by mobile terminals also 

increases. In order to minimize the total cost 

incurred, the movement threshold value also 

increases so that after each boundary crossing one 

LU does not take place. However, Figure 1 shows 

that the nature of solution for hybrid BBO – DKHA 

results in smaller LA. For a population size of 800, 

hybrid BBO – DKHA finds an optimum d value, 

which is 3.11% less than that generated by earlier 

proposed DHKA in and thus about 7.08% with 

respect to the SA (Maitra et al 2005). However, for a 



26                                                               F. Vincylloyd and Dr. B. Anand, 2015 

Advances in Natural and Applied Sciences, 9(7) June 2015, Pages: 21-32 

population size of 20,000, using the proposed hybrid 

BBO - DKHA, the optimum value obtained is 8.03% 

less than that obtained by running SA (Maitra et al 

2005). 

 

 
 

Fig. 1: Variation of perimeter of location area for change in candidate size. 

 

 Figure 2  shows the nature of variation of the 

optimum LU cost and paging cost and henceforth 

their effects on the total cost with number cells per 

LA with 1.0C , CMR = 0.1. Here, the simulation 

set up as presented in Maitra et al (2005) with varied 

network size consisting of 7 cells to 469 cells 

corresponding to movement threshold values in the 

interval [1, 12] is considered for implementation part. 

However, on presenting the results, the values are 

rounded up to the number of cells per location area 

for effective utilization. In this case also, for a cell 

size from about 37 onwards, the location update cost 

will become indeterministic. On the other hand, the 

paging cost increases as the size of an LA increases.  

 The computed optimal location update cost, 

paging cost and thereby the over total cost for the 

considered system model with the hybrid BBO – 

DKHA run are tabulated in Table 4. It is inferred 

from Table 4, for an LA consisting of cells specified 

in the interval from [13, 37] results in minimum total 

cost. With respect to performance wise the proposed 

algorithm generate results which are comparable; 

average paging cost is observed to be 0.11% less 

than that obtained by DHKA proposed. Average total 

cost only varies by 0.10%. Variation in LU cost is 

found to be 0.005%. Here all the LU cost, paging 

cost and subsequently the total cost are 

comparatively less when the cell number is 25. Thus 

the results computed confirm that the location area 

problem minimization is much effectively solved 

using the proposed hybrid BBO – DKHA compared 

to the GA and SA methods reported in Maitra et al 

(2005) and proposed DHKA. 

 

 
 

Fig. 2: Variation of the optimum total cost using various techniques. 

 

 The other method of analysis involves varying 

the call to mobility ratio values to perform 

observations on optimum total cost per call arrival. 

The simulation carried out in this regard is shown in 

Figure 3, in which case the optimum cost per call 

arrival is found to decrease when the call to mobility 
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ratio increases. It is clear that when CMR becomes 

low, lower the call arrival rate and higher the 

mobility rate of the mobile terminal. In this case, the 

possibility of boundary crossings by an MT 

increases. This result in increasing the location 

update cost significantly, whereas paging cost will be 

observed to be minimum. When CMR increases, the 

LU cost drastically decreases and hence forth is the 

total cost. Optimum movement threshold value d and 

hence the perimeter of an LA obtained employing 

proposed hybrid BBO – DKHA is noted to be less 

than that SA and DHKA. 
 

Table 4: Results obtained for LA minimization problem using proposed hybrid BBO – DKHA. 

No. of cells Location Update cost 

(Cu) 

Paging Cost 

(Cv) 

Total cost 

(CT) 

13 187222 18190 205412 

19 86257 18962 105219 

25 47446 18021 65467 

31 24844 42447 67291 

37 17506 52639 70145 

 

 
 

Fig. 3: Variation of the optimum total cost for various CMR values. 

 

3.5 Proposed Non-Consistent Biogeography Based 

Optimization (NCBBO): 

 The proposed NCBBO algorithm based on the 

traditional BBO algorithm (Simon 2008). Traditional 

Biogeography Based Optimization (BBO) as 

developed by Simon (2008) consists of major two 

steps – migration and mutation. In the proposed Non-

Consistent BBO, a new mutation mechanism is 

employed to increase the exploration capability in the 

search space. The detail on the traditional BBO 

algorithm is detailed. The proposed NCBBO 

algorithm to find the optimal location area planning 

by reducing the location updation and paging cost.  

 

3.5.1 Proposed Non-Consistent Mutation operation: 

 Conventional BBO performs mutation operation 

for habitat search process. Basically, mutation is a 

varying operator that randomly changes the values at 

one or more search positions of the selected species. 

In Non-Consistent mutation, for each species 

 m
t
i s,...,s,sS 21  in the population of t-th 

iteration, a habitat  m
''t

i s...,,s,sS 21
1 

 is 

produced as below: 
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                        (5)                                     

 Where, IM and EM are the immigration and 

emigration rates of the variables sk. The function 

 y,q  returns a value in the range [0,y] such that 

 y,q  approaches zero as t increases. This equation 

(5) makes the mutation operator to search the space 

uniformly at initial stages (when q is small), and very 

locally at forthcoming stages. This search technique 

increases the probability of generating a new number 

close to its follower than a random choice. The 

function  y,q  is evaluated as below: 
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                       (6) 

where  is a random number between [0,1], T 

specifies the maximum generation, p is a system  

parameter that determines the degree of dependency 

on the generation number. This proposed non-

Consistent mutation operation is applied in the 

mutation process of conventional BBO to increase 

the convergence rate and based on this proposed 

NCBBO algorithm is developed. 

 

3.5.2 Proposed Non-Consistent Biogeography Based 

Optimization (NCBBO) Algorithm: 

 Generally, researchers applied various concepts 

for generating the feasible solutions by controlling 

the amount of diversity. Mutation process in 
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traditional BBO is designed to increase the diversity 

of the population. It can be noted that the mutation 

rate changes the habitat’s Suitability Index Variable 

(SIV) in a random manner based on the mutation 

rate. Also, the mutation rate will be inversely 

proportional to the probability of species – count. 

Thus in basic BBO, when a solution is selected for 

mutation, it will be replaced by means of a randomly 

generate new solution set. Hence, this random 

mutation is found to affect the exploration capability 

of basic BBO. To improve the exploration capability 

of BBO, mutation process is modified as to refine the 

habitats and perform in a better manner to achieve 

optimal solution.              

 In the traditional BBO (Simon 2008) algorithm, 

the probability of selection of species (Ps) that 

changes from a particular time to an another time is 

given by,  

tt)tt)(t()tt( ssssssss PPPP    1111   
 (7) 

 Where, s and s are the immigration and 

emigration rates when there are S species in the 

habitat. In the proposed NCBBO algorithm, no 

changes are made in the migration part so as to 

maintain the exploitation ability. The modification 

made in the mutation part with non-Consistent 

criteria increases the exploration capability. Thus the 

proposed NCBBO results in a balanced exploration 

and exploitation ability of the algorithm. The pseudo 

code for the proposed NCBBO algorithm is given in 

Table 5.   

 
Table 5: Pseudo code for proposed NCBBO Algorithm. 

Start 

 Initialize the population randomly. 
 Compute the fitness and sort the population from best to worst. 

 Initialize probability of species count of each Habitat 
When The termination criteria is not met do 

 Save the best habitats in a temporary array (Elitism) 

 For each habitat, map the Habitat Suitability Index (HSI) to number of species  S,λ andμ 
 Choose the immigration island based on μ 

 Migrate randomly selected SIVs based on the selected island in previous step. 

 Mutate the population probabilistically as per equation (5) and (6) (i.e., the non-consistent mutation process is initiated) 
Compute the fitness and sort the population from best to worst.Perform the checking condition 

Refine the habitats  

end if 
Sort the population 

Check for feasible solution and the presence of a similar habitat 

Stop 

 

4. Experimental Results: 

 For evaluating the performance of the Location 

Area optimization problem the population, network 

sizes as well as CMR are varied and procedures are 

developed to determine the optimum cost for 

different input parameters. A micro-cellular 

configuration comprising each hexagonal cell with 

radius of 1km is utilized. For computing the cost that 

would be incurred the coefficient for LU (U) is 1, 

paging (V) is 1 and that of user density with 50 

users/km
2 

is considered. The parameter settings for 

the proposed NCBBO are given in Table 6.  

 
Table 6: Parameter setting for proposed NCBBO. 

Parameters Proposed NCBBO 

Habitat Size 50 

Habitat Modification probability 1 

Immigration Probability bounds per gene [0,1] 

Step size for numerical integration 1 

Maximum Immigration 1 

Migration rate for each island 1 

Mutation probability 0.005 

Maximum Iteration 30000 

Filter Coefficients Limits -2 to +2 

 

 The variation of perimeter of optimum LA with 

varying population size for the number of 

generations run for the proposed NCBBO is as 

shown in Figure 4. On increasing the population size 

it should be noted that the movement of threshold 

decreases due to the exploration capability for the 

non-consistent mutation operator. For more number 

of mobile terminals that are being handled by single 

mobile servicing centre, when it is required to place 

it within a single location area planning, the number 

of mobile terminals that is located near to that of the 

location area will be definitely high. Because of this 

fact, the possibility of the mobile terminal that 

crosses the boundary also increases. As a result, to 

reduce the cost factor, the threshold motion increases 

to protect boundary crossing of a location update 

unit. From Figure 4, it can be noted that the proposed 

NCBBO results in smaller LA than the earlier 

proposed hybrid BBO – DKHA.     

 For a population size of 800, proposed NCBBO 

finds an optimum threshold value, which is 3.03% 

less than that generated by earlier proposed DHKA 
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and thus about 6.87% with respect to the SA (Maitra 

et al 2005). However, for a population size of 

20,000, using the proposed NCBBO, the optimum 

value obtained is 8.00% less than that obtained by 

running SA (Maitra et al 2005). 

 

 
 

Fig. 4: Variation of perimeter of location area for change in candidate size. 

 

 The variation of the optimum LU cost, paging 

cost and the total cost with number cells per LA with 

1.0C
, CMR = 0.1 are as shown in Figure 5. In this 

case as carried out in Maitra et al (2005), the network 

size is made in such a manner; consisting of 7 cells to 

469 cells corresponding to movement threshold 

values in the interval [1, 12]. In spite of this, on 

presenting the results, the values are rounded up to 

the number of cells per location area in order to make 

it lucid without any confusion. For cell size 37 

onwards, the LU cost becomes insignificant and the 

paging cost increases as the size of an LA increases.  

 From Table 7, it is an apparent that, an LA 

consisting of cells in the interval [13, 37] results in 

minimum total cost based on the mutation operator 

involving the dynamic changes in the convergence 

process. On considering the performance wise 

characteristics of the proposed algorithm, the 

generated results are comparable; average paging 

cost is observed to be 0.09% less than that obtained 

by DHKA and average total cost varies by 0.10%. 

Variation in LU cost is found to be 0.005% as similar 

in case of proposed hybrid BBO - DKHA. In 

NCBBO based evaluation, the paging cost and 

subsequently the total cost are comparatively less 

when the cell number is 25.  

 
 

Fig. 5: Variation of the optimum total cost using various techniques.  

 
Table 7: Results obtained for LA minimization problem using proposed NCBBO method. 

No. of cells Location Update cost 

(Cu) 

Paging Cost 

(Cv) 

Total cost 

(CT) 

13 185537 18145 203682 

19 86166 18925 105091 

25 47319 17930 65249 

31 24780 42325 67105 

37 17498 52601 70099 
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Fig. 6: Variation of the optimum total cost for various CMR values. 

 

 The optimal total cost variation for different 

CMR values for the call arrivals individually are 

shown in Figure 6. The optimal cost is found to 

decrease when the call to mobility ratio increases.  

 

Comparative study on the performance of the 

proposed solution methodology: 

 To assess the performance of the two heuristics 

proposed and (Proposed Hybrid BBO – DKHA and 

Proposed NCBBO), the computation time taken by 

each algorithm are compared for convergence on 

varying the population size and network as well. 

Figures 7 and 8 show that even as the network size 

grows, the two proposed algorithms; hybrid BBO – 

DKHA and NCBBO converges within a run time less 

than that of KHA which had the least. On comparing 

the proposed algorithms with that of the proposed 

DHKA, it is observed that DHKA takes much more 

time to converge. DHKA performs twice the size of 

the herd compared to KHA and it continues to search 

for the best member scanning through generations.  

 

 
 

Fig. 7: Simulation time of the proposed techniques with respect to LA size. 

 
Table 8: Results obtained for LA minimization problem using various methods. 

No. of cells Methodologies adopted Location Update cost 

(Cu) 

Paging Cost 

(Cv) 

Total cost 

(CT) 

13 Maitra et al (2005) Method 189521 18547 208068 

KHA 188654 18332 206986 

Proposed DHKA 188551 18254 206805 

Proposed Hybrid BBO – DKHA 187222 18190 205412 

Proposed NCBBO 185537 18145 203682 

19 Maitra et al (2005) Method 87661 19365 107026 

KHA 87421 19122 106543 

Proposed 
DHKA 

87225 19085 106310 

Proposed Hybrid BBO – DKHA 86257 18962 105219 

Proposed NCBBO 86166 18925 105091 

25 Maitra et al (2005) Method 46442 22541 68983 



31                                                               F. Vincylloyd and Dr. B. Anand, 2015 

Advances in Natural and Applied Sciences, 9(7) June 2015, Pages: 21-32 

KHA 46102 22269 68371 

Proposed 

DHKA 

45894 21687 67581 

Proposed Hybrid BBO – DKHA 47446 18021 65467 

Proposed NCBBO 47319 17930 65249 

31 Maitra et al (2005) Method 25647 44221 69868 

KHA 25362 44095 69457 

Proposed 
DHKA 

25112 43885 68997 

Proposed Hybrid BBO – DKHA 24844 42447 67291 

Proposed NCBBO 24780 42325 67105 

37 Maitra et al (2005) Method 17889 53252 71141 

KHA 17567 53054 70621 

Proposed 
DHKA 

17539 52985 70524 

Proposed Hybrid BBO – DKHA 17506 52639 70145 

Proposed NCBBO 17498 52601 70099 

 

 
 

Fig. 8: Simulation time of the proposed techniques with respect to candidate size. 

 

 The cost incurred for the location updation, 

paging and thereby the total cost computed for the 

proposed methodologies. 

 From Table 8, it is inferred that for all the cases 

of cell values considered from 13, 19, 25, 31 and 37, 

the proposed NCBBO method devised yields 

minimal total cost in comparison with that of all the 

methods considered for comparison and as well that 

from the literature. The convergence time for the 

proposed NCBBO is found to be the least with that 

of the proposed approach which includes, proposed 

DHKA proposed hybrid BBO – DKHA and that 

from the earlier research works. The reason behind 

NCBBO achieving faster convergence with better 

solution is due to the fact of the non-consistent 

mutation parameter which leads to increase the 

exploration capability during the search process. 

Thus for several variations of the candidate size, LA 

size the convergence of solution is at the earliest for 

NCBBO.  

 

5. Conclusions: 

 A novel hybrid BBO – DKHA and NCBBO for 

finding the solutions of the combinatorial 

optimization problem defined to obtain the total cost 

incurred during the location area planning of mobile 

wireless cellular networks. The proposed 

optimization algorithm is run on 50000 iterations for 

30 trials and the solutions were observed. The 

iterations considered is very high, this is because of 

the reason to carry out the exploring process as long 

as it does not get saturated. The computed results of 

the proposed algorithms is verified and validated 

with that of the other existing algorithms employed 

for designing optimal location area planning by 

optimizing location update cost and paging cost.  
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