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Abstract

In this paper, a genetic algorithm (GA)-based approach is used to evaluate the probability of successful handoff in
heterogeneous wireless networks (HWNSs) so as to increase capacity and network performance. The traditional handoff
schemes are prone to ping pong and corner effects and developing an optimized handoff scheme for seamless, faster,
and less power consuming handoff decision is challenging. The GA scheme can effectively optimize soft handoff
decision by selecting the best fit network for the mobile terminal (MT) considering quality of service (QoS)
requirements, network parameters and user’s preference in terms of cost of different attachment points for the MT. The
robustness and ability to determine global optima for any function using crossover and mutation operations makes GA a
promising solution. The developed optimization framework was simulated in Matrix Laboratory (MATLAB) software
using MATLAB’s optima tool and results show that an optimal MT attachment point is the one with the highest handoff
success probability (PSH)value which determines direction for successful handoff in HWN environment. The system
maintained a 90% PSH with 4 channels and more while a 75% PSHwas obtained even at high traffic intensity.
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1. Introduction

In wireless networks, the ability to effectively manage users’ mobility and satisfy desired quality of service (QoS) has
been raising much interest among researchers for more than a decade now. The availability of varying wireless
technologies creates heterogeneity and provides a variety of new applications (such as multimedia) that ease smooth
transition across multiple wireless network interfaces. Future generation communication systems have to provide
solutions to the challenges of heterogeneous wireless networks (HWNs) by satisfying mobile users QoS requirements.
The 4G systems have mechanisms for providing high data transfer rates, effective user control, and seamless mobility.
Many mechanisms for internetworking such as tightly coupled and loosely coupled models that combine different
wireless technologies have been proposed (Buddhikot et al., 2003; Salkintzis, 2004; 3GPP, 2006; Verma et al., 2009).
However, apart from mobility issues relating to handoff, resource allocation, location management, security and pricing,
etc. are also challenging tasks in heterogeneous networks. One of the mobility management components is handoff
optimization which regulates how the mobile terminal (MT) changes point of attachment during active communication
(Akyildiz et al., 2004). Evolutionary Algorithms (EAs) constitute a promising class of solution techniques to effectively
treat large and complex network optimization and design problems having many variables with multiple objectives. In
wireless networks, EAs have widespread application in base station placement, channel allocation, and mobility
management. Figure 1 shows a diagram of HWN scenario with UMTS/GPRS, WLAN, Wi-Fi, WiMAX, etc. as
examples while figure 2 shows a diagram of horizontal and vertical handoffs in overlay networks.

Handoff can be described as the process of changing the communication channel used in the current connection while a
call is in progress. This process is extremely important in HWNs when considering the cellular architecture employed
so as to maximize spectrum utilization. However, it faces a lot of issues associated with mobility scenario, decision
parameters, decision strategies and procedures. Handoff scenario can be horizontal or vertical (Ylianttila et al., 2001;
Zhu & McNair, 2004; Akhila et al., 2012).The former describes the movement of MT from one cell site to another of a
homogeneous access network while the later describes a similar movement to a different (heterogeneous) access
network. In HWNSs, vertical handoff can be initiated for connectivity or convenience sake but such decision may depend
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on a number of influencing parameters which may be network-related, terminal-related, user-related and service-related
parameters. The network-related parameters are mainly concerned with bandwidth, latency, Received Signal Strength
(RSS), Signal to inference and noise ratio (SINR), cost, security and channel of transmission, etc. The terminal- related
parameters are velocity, battery power, location information, etc. User-related parameters deal with user profile and
preferences, while service-related parameters deal with service capacities and QoS, etc. Table 1 shows the behaviour of

parameters that describe horizontal and vertical handoffs (Abah ef al. 2014).

Table 1. Parameters distinguishing vertical and horizontal handoff

Parameter Horizontal Handoff Vertical Handoff
Access Network Does not change Changes

QoS Parameters Does not change May change

IP Address Changes Changes
Network Interface Does not change Changes

Network Connection  Single

Multiple
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Figure 1. Typical Heterogeneous Wireless Networks

Figure 2. Vertical and Horizontal Handoff scenarios in Wireless Network
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The handoff procedure can be characterized as hard or soft handoff. Hard handoff occurs when the MT breaks
communication with the previous point of attachment before making connection with another. It is termed
‘break-before-make’ handoff because the mobile user should release the old channel in the old cell before a new channel
is allocated for it in the new cell. On the other hand, soft handoff termed ‘make-before-break’ handoff requires that the
MT makes a connection with a new point of attachment before breaking from the previous point. In this technique,
when the mobile user moves from one cell to another, it can keep the old channel in the first cell until it is assigned a
new channel in the new cell so that it guarantee no cut in service or forceful termination. Thus, a conditional decision is
made not to/to handoff. This decision is mostly based on the received signal quality from the candidate base stations
where the user has simultaneous traffic channel communication with all candidate base stations. Using this parameter,
the user will eventually communicate with only one of the base stations. Vertical handoff decision algorithms are
helpful in ensuring that the MT is connected to only the best among available networks. The process of vertical handoff
is divided into three steps namely, system discovery or handoff initiation, handoff decision, and handoff execution (Lee
et al., 2007; Syuhada & Mahamod, 2008). During system discovery, the MT uses its multiple interfaces to determine
what services are available in the identified networks. During handoff decision phase, the MT selects the best network
from the available access networks for handoff. During handoff execution phase, connections including user’s context
information are re-routed from the current network to the best access network in a seamless manner.

Several parameters have been considered for use in the vertical handoff decision algorithms. These include received
signal strength which is closely related to service quality and can be measured (Chen et al. 2009), network connection
time which refers to the extent that a user remains connected to the current point of connection, available bandwidth
which is a calculation of existing data communication resources, expressed in bit per second (Inayat et al., 2005;
Alkhayat et al., 2009), power consumption which becomes a critical issue when the battery of MT is low (Syuhada &
Mahamod, 2008; Chandralekha & Behera, 2011), monetary cost which must be considered in making handover
decisions as every network has its own pricing policies (Chen & Hsut, 2006;Saced, 2011), security which is considered
before selecting one network over another when the integrity of the transmitted data is vital, user preferences since a
user’s individual liking could lead to the selection of one type of network over the other networks (Lee et al., 2007;
Tomar, 2009).

The RSS-based algorithms have received signal strength as the most important criteria. Vertical handoff decision
algorithms evaluate the RSS of the current connection against the others to make handover decisions (Alkhayat et al.,
2009). The main benefit of this method is that it minimizes handover failures, unnecessary handovers and connection
breakdowns as well as handover delay. The bandwidth-based vertical handoff considers the remaining bandwidth, user
service requirements, and position of the MT in deciding whether to handover from one access network to another (Lee
et al., 2009). If the MT is in the idle state a handover to the preferred access network is performed. It gives good
throughput and achieves lower handover latency for delay-sensitive applications. However ping-pong effect may be
introduced by these algorithms. The cost function based vertical handoff decision algorithm chooses a combination of
network and other factors such as RSS, available bandwidth, service cost, network covering area, security, battery
power to estimate the performance of target networks. Accordingly, the handoff decision can then be made. In this
method cost of each possible target network is calculated according to priority. This method is useful due to the use of
cost function. It reduces the handover blocking probability and increases percentage of user fulfilled requests. In cost
function based handover decision algorithm the normalization and weights distribution methods are provided and the
network which has the highest weight function is selected as the handover target. It has the benefit of reduced handover
decision delay high throughput and low handover blocking rate (Lee et al., 2007). Furthermore, a hybrid algorithm uses
various parameters or multiple criteria in the handover decision which relies on computational intelligence. This
approach makes vertical handoff decision by applying any computational intelligence technique such as Fuzzy Logic
(FL), Fuzzy Multiple Attribute Decision Making (FMADM), Artificial Neural Networks (ANN), Simulating Annealing
(SA) or Genetic Algorithm (GA).Bin and Xiaofeng (2012) proposed a speed adaptive policy enabled vertical handoff
decision algorithm based on type-2 Fuzzy logic to discover and select best handoff candidate network with maximum
throughput for vehicular heterogeneous network. In Chandralekha & Behera (2010), user preference along with ANN
was used to execute handoff for the best offered service among different reachable networks. Generally, computational
intelligence based handoff decision algorithms have high implementation complexity. However, they improve user’s
satisfaction during roaming and have high efficiency. Finally, context-aware approaches employ knowledge of
context-awareness of information relating to the MT and the network. This approach considers user information,
network and device to guarantee high quality of service and to maintain connectivity for high level user’s satisfaction

The existing methods have some drawbacks in that some of them have not considered QoS requirements, network
parameters, and the nearest base station congestion while the call is being transferred. The QoS may drop below
regulated threshold value and connections are often dropped if handoff requests are not granted at the right time. Also,
they do not take into account users’ preference and the various attachment options for the mobile user. They achieve low
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throughput and are faced with ambiguous handoff decisions, increased complexity, sometimes causing superfluous
handoffs and ping pong effects which are unnecessary in handoff process. So there is a need to develop a new optimized
handover technique for improved service delivery in cellular networks. The conventional methods for handoff
optimization are not reliable and cost effective. They pose difficulty in implementation and are suitable for static
situations, only. In this paper, Genetic Algorithm (GA) is applied for optimization of soft handoff decisions in wireless
networks. The use of GA mutation, crossover, selection, and recombination techniques can greatly improve the
performance of the system. The parallel and fast convergence nature of GA makes it suitable and scalable for solving
optimization problems in a wide range of applications including wireless networks.

The paper is structured as follows. Section 1 presents this introduction. Section 2 reviews related works on handoff
optimization techniques, genetic algorithm and its fitness function. Section 3 focuses on the methodology used to
achieve low handoff latency, taking into consideration dynamic influencing parameters like interface activation interval
of MT, radius of coverage area, distance between base station (BS) and MT for the invocation of the GA optimizer. Also,
the framework of the GA-based handoff optimization is presented. Section 4 discusses simulation results while section
5 gives concluding remarks.

2. Related Works

Modern wireless network design is challenging due to the dynamic environment under which users’ services are
provided thereby making parameter optimization a complex task. This dynamic, and often unknown, operating
conditions increases wireless networking standards reliance on machine learning and artificial intelligence algorithms
(Mehboob et al., 2014). Genetic algorithms (GAs) provide a well-established framework for implementing artificial
intelligence tasks such as classification, learning, and optimization. Their versatility makes them remarkably useful in a
wide range of application domains including wireless networks. As a meta-heuristic computational method (Hillier &
Lieberman, 2001), GA has been successfully applied in aircraft and telecommunication industry, chip design, computer
animation, software creation, and financial markets (Mitchell, 1998). According to Ridley (2004), these algorithms are
inspired from biological evolution by imitating and adapting robust procedures used by various biological organisms. In
the early days of evolutionary computing, developments took place rather independently from each other (Fogel, 1998),
and this led to the emergence of different subareas such as evolutionary programming, evolution strategies, genetic
algorithms, and genetic programming (Eiben & Smith, 2003). The common underlying idea, behind all these techniques
is the same such that with a given population of individuals, natural selection (survival of the fittest) is invoked by
environmental pressure to grow the fitness of the population. This is a clear optimization process.

Given an objective function to be maximized, one can randomly create a set of candidate solutions and apply the
objective function as an abstract fitness measure - the higher the better. Based on this fitness, some of the better
candidates are chosen to seed the next generation by applying recombination and mutation to them. Recombination is a
binary operator applied to two selected candidates (the so-called parents) and results one or two new candidates (the
children). Mutation is a unary operator, applied to one candidate and results in one new candidate. Executing
recombination and mutation leads to a set of new candidates (the offspring) that compete — based on their fitness — with
the old ones for a place in the next generation. This process can be iterated until a solution is found or a previously set
computational limit is reached. In this process, there are two major forces driving progress; 1) selection that acts as a
force pushing quality, and 2) variation operators (recombination and mutation) that create the necessary diversity,
thereby pushing novelty. Their combined application leads to improving fitness values in consecutive populations
showing that evolution is optimizing. Many components of an evolutionary process are stochastic. Variation operators
are normally stochastic, since the choice on which pieces of information will be exchanged during recombination, as
well as the changes in a candidate solution during mutation, are random. Selection operators can be either deterministic,
or stochastic. In the latter case, fitter individuals have a higher chance to be selected than less fit ones, but typically
even the weakest individuals have a chance to become a parent or to survive. The general scheme of an evolutionary
algorithm can be given as follows:

INITIALIZE population with random individuals (candidate solutions)
EVALUATE (compute fitness of) all individuals

WHILE not TERMINATION CONDITION DO

SELECT parents

RECOMBINE pairs of selected parents

MUTATE the resulting offspring

EVALUATE the offspring

SELECT new population from last population and offspring
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In Wang et al. (1999), a policy-enabled handoff across heterogeneous network environment using cost function was
proposed. The idea is to use the cost function for MT’s handoff decision and as a measurement of the benefit obtained
by handing off to one of these access networks. Available bandwidth, power consumption, and service cost were the
considered parameters. Consequently, a cost function-based vertical handoff decision algorithm for multi-services was
presented in Zhu & McNair (2004). The access network with the lowest cost function value becomes the handoff target
amongst available networks. However, only available bandwidth and RSS were considered in the decision algorithm. A
network selection algorithm that employs analytical hierarchy process (AHP) and grey relational analysis (GRA) as
multiple attribute decision making (MADM) techniques was presented in Songand Jamalipour (2005) with a number of
parameters. Multiplicative Exponent Weighting (MEW), Simple Additive Weighting (SAW), and Technique for Order
Preference by Similarity to Ideal Solution (TOPSIS) are also classical applicable MADM methods (Savitha &
Chandrasekar, 2010; Asuquo & Onuodu, 2016).

Stoyanova& Mahonen(2007) used MEW, SAW, and TOPOSIS algorithms with a number of attributes in their vertical
handoff decision for four traffic classes. The traffic classes are conversational, streaming, interactive and background.
Results from simulation showed that MEW, SAW and TOPSIS provide similar performance to all traffic classes.
Savitha & Chandrasekar (2011) used GRA to rank available networks and select the one with the highest ranking for
handoff while Radhika & Venugopal (2013) used AHP to decompose the network selection problem into several
sub-problems, assigning weighted score to sub-problems in the AHP process. In Nikhil & Kiran (2012), a dynamic
decision model for vertical handoff was proposed. The model comprises a three phase approach namely, priority phase,
normal phase and decision phase. Priorities are assigned to candidate networks in the first phase while system’s
information and user preferences are recorded in the second phase. Later, a cost function for each candidate network is
computed and finally, in the last phase, a score function for each candidate network is computed where the network with
the highest score (highest quality and lowest cost) is selected as “best network™ for handoff and all ongoing
transmissions are connected to it. This method is able to maximize user’s satisfaction.

In Shen & Zeng (2006), a novel handoff decision strategy aimed at reducing unnecessary handoffs was considered in
order to meet users’ needs. The time-adaptive strategy makes right and timely handoff decisions by adjusting MT’s
interface activating interval based on user’s movement and prevailing network conditions. Radhika & Venugopal (2011)
presented a decision algorithm for handoff using Game Theory approach. The algorithm enables mobile users choose
the optimal network based on Bayesian Nash-equilibrium point which maximizes offered service quality with minimum
delay and cost. Artificial intelligence approaches such as genetic algorithm, fuzzy logic, and neural network can be
applied to choose when and over which network to hand over among different available access networks. These
methods can be combined with multiple criteria or attribute decision making methods in order to develop advanced
decision algorithms for both non-real-time and real-time applications. Dhand & Dhillon (2013) proposed a handoff
optimization scheme in wireless and mobile networks using fuzzy logic controller. They argued that traditional handoff
algorithms using fixed parameter values can only perform creditably in specific environments but a fuzzy controlled
handoff scheme adds more capabilities to provide adaptation to dynamic environments. In Nasser et al. (2006), artificial
neural network was used to control and manage handoffs across heterogeneous wireless networks. The method was
capable of selecting the best existing network that satisfies set users’ preferences as the MTs attempt vertical handoff. In
Wei et al. (2006), an adaptive quality of service handoff priority scheme for mobile multimedia networks was proposed.
Ylianttila et al. (2002) proposed a hybrid approach to vertical handoff decision based on fuzzy logic and neural
networks. Although fuzzy logic and neural network approaches are good for pattern classification due to their
non-linearity and generalization capabilities, using knowledge of context information of the MT and available networks
to take intelligent and improved handoff decision offers promising solutions. Thus, this paper considers the use of GA to
optimize soft handoff decision in wireless networks with dynamic channel configurations. Often times, GAs avoid local
optima with a high probability using the mutation and crossover operators, thereby providing satisfactory performance
in changing network conditions.

2.1 Overview on Genetic Algorithm

Genetic algorithms are considered part of optimization techniques that mimics the process of natural evolution. The
method solves both constrained and unconstrained optimization problems based on the principle of natural selection by
repeatedly modifying a population of individual solutions such that at each step, it selects individuals at random from
the current population to be parents and uses them to produce the children for the next generation. This is done in a loop
towards an optimal solution. It can be said however that most methods of genetic algorithm have these elements in
common (Weise, 2009): populations of chromosome; selection according to fitness; crossover to produce new offspring;
and random mutation of new offspring. The chromosomes of genetic algorithm usually take the form of bit strings. The
pseudocode of a simple genetic algorithm is presented in figure 3 with selection, crossover, and mutation operators.
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Function SGA ()
{

initialize population;
calculate fitness function;

whileTerminationCriteriaNotSatisfied

{

select parents for reproduction;
perform recombination and mutation;

evaluate population;

}

}
Figure 3. Pseudocode of a simple GA

The selection process determines the solutions that should be preserved for reproduction while allowing others to die
out. Thus, the selection operator simply selects the best solution and discards the rest while keeping the population size
constant. The crossover operator randomly chooses a locus between two chromosomes to create two offspring, thereby
mimicking biological recombination between two single chromosome (haploid) organisms (Melanie, 1999). The
mutation operator randomly flips some of the bits in a chromosome. A fitness function is used for identification of good
solution where the fitness value quantifies the optimality of a solution. Thus, the value assigned to each solution
depends on how close the solution is to the optimal solution of the problem. Commonly used methods to implement
selection are roulette wheel selection method, linear ranking method, and tournament selection method. The theory of
roulette wheel selection developed by John (1992) assumes that the chromosomes are selected based on their
probabilities that are proportional to their fitness value. The probability of selecting an individual a; is represented as:

ps(a) = f(a)/Zif(a);j=1,2,..,n )
Where  is the size of population, f{a;) is the fitness value of the individual a;. The linear ranking selection in GA was
introduced to eliminate the disadvantages of proportionate selection. In this method, individuals are first sorted
according to their fitness value and then ranks are assigned to them. The best individual gets rank ‘N’ and the worst gets
rank ‘1°. The selection probability is then assigned linearly to the individuals according to their ranks as follows:

P, = %(n‘+(n+—n_)%);i=l,...N (2)

whereP; is the selection probability of the i, individual, / nis the probability of selecting the worst individual, and
n+/ N is the probability of selecting the best individual. In tournament selection, individuals are chosen at random from

the population where several tournaments are played among a few of them and the winner at each tournament level is

selected for the next generation.

The performance of the algorithm is enhanced by finding a chromosome that stores specific information about the
problem as well as a possible solution to the problem setting. The objective or evaluation function is what provides the
mechanism for evaluating the status of each chromosome by creating a link between the genetic algorithm and the
system. It takes a chromosome (potential solution) as input and produces a number (objective value) which is a measure
of the chromosome’s performance indicating how well that chromosome solves the problem. To maintain uniformity, a
fitness function is used to map the objective value to a fitness value proportional to the utility of the individual which
that chromosome represents. Although there are a number of techniques used for this mapping the two most commonly
used are windowing and linear normalization. During reproductive phase, individuals are selected from the present
population and recombined to produce offspring that will constitute the next generation.

2.2 Handoff Decision in Wireless Networks

Handoff can be initiated for reasons that deal with the quality of service experienced by the MT such as channel
interference, changes in user behaviour, lack of capacity in current cell, and need to avoid call termination. During
handoff, packet loss is likely to occur and one of the goals of mobility management is to minimize packet loss. It also
ensures provision of seamless handoff, where upper layers (e.g. applications) experience minimal disruption. The
various techniques for controlling handoff decision can be classified into mobile-initiated, network-initiated,
mobile-controlled, network-controlled, mobile-assisted, and network-assisted handoff (Wang et al., 1999; Shengdong &
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Meng, 2009). In mobile-initiated handoff, the mobile node makes the initial decision to handoff while the network
makes the decision to handoff in network-initiated handoff. In mobile-controlled handoff, the mobile node has primary
control over the handoff process while the network has primary control over the handoff process in network-controlled
handoff. Finally, in mobile-assisted handoff, information and measurement from the mobile node are used by the core
network to decide on the execution of a handoff while network-assisted handoff entails that the core network provides
information that can be used by the mobile node in a handoff decision.

In wireless communication networks, basic handoff algorithms use traditional handoff decision schemes where target
network is compared with current network based on received signal strength indication(RSSI)(Kaur & Sood, 2013). The
disadvantage of choosing RSSI is that when the MT moves near the cell boundary of two BSs, the received signal
strengths from both BSs will be very close. Moreover, the strength of signal will be more susceptible to shadowing
effect, capable of causing unnecessary handoff between the two BSs back and forth constantly. This problem is called
ping-pong effect. The decision is made based on the RSSI at the edge of the two networks coverage area using the ideal
coverage concept or adaptive handoff decision method. The idea is to perform evaluation on the candidate networks
using utility function, utility index, and utility ratio. The utility function provides a value indicating QoS of the wireless
networks. The utility function of network j from the view of mobile user is composed of several normalized factors
fi; that are multiplied with their weights of importance w; as given in equation (3).

wherew; is the weight of factor i and f;; is factor i of network j.

The weight of factors may vary in different applications. As a result there is need for normalization of factors. This is
done by defining acceptable maximum and minimum values for each factor. The normalized factor is zero if the real
factor value R;j, is less than or equal to minimum and is one for the reverse. The mapping of real factor value to
normalized factor for network jis given in equation (4) as:
0,ifR;; < LB;
1,ifR;; > UB;
%, otherwise
whereLB; and UB; are lower bound and upper bound of the i factor, respectively.
The utility ratior, is the ratio between the two networks, i.e. utility of the target vs. utility of the current network. It is
evaluated in equation (5) as:

fij = “

r = U_target/U_current (5)

If the target utility is higher, the system checks if that target network is consistently higher by calculating the stability
Tstabitity as in equation (6):

lhandoff (6)

Tstability = lhandOff + r—1

The stability is measured in intervals, determined by the last utility evaluation result. Hence, the interval between the m,
evaluation and the m + 1, evaluation is given in equation (7) as:

lhand lhand
Tintervar = ar;V ot Nxa(r;mo_ff) @)
wherelpanaors s the last handoff while 7, — 1 is the utility obtained in the m-1" evaluation.

A MT may handoff as soon as possible if the utility ratio increases and may not want to handoff if the utility ratio
decreases. In this model, an evaluation of the system shows that they are more sensitive than static decision algorithms
even when the initial utility ratio is high. Handoff decision in wireless networks is a challenging task and tradition
handoff schemes are not sufficient to deal with seamless mobility demand in the presence of context-aware services.
They increase complexity and ambiguity in handoff decision as user’s velocity increases leading to increase call drop rate.
Hence, the need for optimization approaches.

3. Methodology

The optimized handoff algorithm is expected to make faster handoff decision so as to reduce latency and service
degradation. The framework for optimizing soft handoff decision is based on the use of GA technique, as presented in
figure 4 while figure 5 presents the flowchart showing required GA operations and terminating criteria for the framework.
Furthermore, a fitness function is developed to ensure high handoff success probability which can result to timely network
discovery and handoff decision.
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3.1 GA-based Handoff Performance Optimization

The major components of the framework comprise the GA-based optimizer, Database Server, Mobile Terminal, and
Wireless Access Networks. The proposed GA-based framework takes into consideration several wireless networks such
as WIMAX, WLAN, 3G-UMTS and 4G-LTE. The major focus is on optimization of soft handoff such that the MT will
have the ability to scan and find the best available access networks on time. In optimizing handoff decision to select the
best available network, the GA technique takes these three major steps:

Step 1: The algorithm creates a random initial population of wireless mobile nodes.

Step 2: Asequence of new population of mobile nodes is created from individuals in the current generation by
iteratively performing the following operations:

- Evaluating the fitness value of candidate solutions in the current population.

- Selecting better solutions called parents based on their fitness.

- Choosing some individuals with lower fitness values in the current population as elite individuals and pass
them to the next population as children.

- Performing crossover by combining the vector entries of two parents to form potentially better solutions
(offspring) for the next generation. Crossover is controlled by the crossover probability, pc which is
typically in the range 0.7— 0.95.

- Applying random changes to one or more vector entries of an individual parent (mutation) to form children.
Mutation, which adds to the diversity of a population, is typically performed with a low probability, pm in
the range 0.01-0.2.

- Replacing the current population with the children created by selection, crossover, and mutation to form the
next generation.

Step 3: The algorithm stops once a stopping criterionis established, then the three phases of handoff (network
discovery, handoff decision, and handoff execution) become initialized. Otherwise, fitness value evaluation of
candidate solutions is revisited.

During handoff discovery phase, the framework activates the wireless interfaces on the MT within an interval, scanning
for available networks that overlap with the current network. The activation uses an adaptive discovery scheme adopted
by the MT to ensure a potential wireless network is ready for handoff, based on the list stored in the database containing
Royaxs Riin, and the position of the base station. The interval for activation is evaluated using equation (8) as:

— Reurrent—Rmin
Tinterval - (Tmax - Tmin) X R _R.. + Tmin (8)
max~"min

where, T} 1S the interface activating interval, 7, is the upper bound of Tiyervat, Zrnin 18 the lower bound of Tiyerval, Rinax 1S the
radius of the ideal coverage, R,,;, is the radius of the minimum coverage, R, is the distance between base station and MT.

Database
Server
4—| Mobile Terminal |
Genetic Algorithm Optimization
Initialize Population
{mobile nodes)
I Evaluate fitness function |
Handoff
m Execution —
Netwnrleele:tinn
Handoff Decision

Figure 4. GA-based Framework for Soft Handoff Decision
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New Population
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s —— Stop
criteria

Figure 5. Flowchart of the GA-based Framework

Once the network has been discovered, the framework invokes the GA optimizer to make a decision to handoff. The
model in equation (9) evaluates the probability of successful handoff, P(SH) at any cell as:

P(SH) =
kp n kp1+nc
- (d t) _ no_ |(d om
1— |—me 7 ;wl (drt') th+kp + pi/nc! kP(‘:l'rf) e~drt 4 ncl ’”p drt )
n'Z /ll ’ Z?:O( /i!) ’ n!Z{fo( /i!)

The parameters considered are probability of blocked call P(B), probability of call congestion P(C), and probability of
dropped call P(D). These probabilities are evaluated in equations (10) — (12), respectively,where p = A X t.

pTlC

P(B) = (10)
P(C) = k.p (11)
P(D) = " -art (12)

nc is the number of channels, p is the traffic intensity, & is a constant, d, is the dropped calls rate, ¢ is the call duration, » is
the number of dropped calls, and A is the number of carried connections per unit time.

4. Results and Discussion

The focus of this paper is on the decision phase where the genetic algorithm is applied to help MT find the optimal target
network to connect with and on time. Deploying GA is aimed at maximizing the probability of successful handoff. A
database on the MT is used to store information obtained from the wireless network cell site. The algorithm takes P(SH) as
its fitness function, and performs evaluation with the parameter values obtained from available cell sites of appropriate
wireless networks. The parameters include number of channels, call duration, number of dropped calls, dropped calls rate,
and traffic intensity. The constant & in the model is obtained from previously evaluated probabilities. The solution to the
problem is the parameter values with the highest P(SH) fitness. Randomly generated parameter values were used in this
paper and the results are presented in figures 6-10.

Figure 6 shows a plot of P(SH) vs. dropped call rate while figure 7 is a graph of P(SH) vs. number of channels. Results
from figure 6 indicate that although success probability of handoff requests decreases with increase in drop call rate, the
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system can still assure seamless handoff to 67% of roaming users. Figure 7 shows that increasing the number of channels
for communication in the network enable more handoff requests to be accepted as handoff success probability increases.
Consequently, the algorithm helps the system maintain a 90% constant handoff success probability when channels
availability rises from 5 and above. In figure 8, where a plot of P(SH) vs. traffic intensity is presented, success probability
of handoff requests decreases as traffic intensity increase. The GA still optimized soft handoff decision by ensuring a
success probability of 75% even at high traffic intensity thereby ensuring drastic handoff latency reduction. Figure 9
shows a graph of best individual values vs. the parameters using GA for optimization. As expected the current best
individual should have the ability to sustain some connection or traffic intensity and have a reasonable number of
channels. Furthermore, the optimal system should have an almost non-existent dropped call rate and be able to permit
long call durations. The base station selected is expected to have the closest value to the global optima of the handoff
probability model. Figure 10 shows the plot of fitness value in each generation vs. the iteration. This graph indicates that
the optimum of the function was reached after the 70-80 generation iterations.
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5. Conclusion

Handoffs are extremely important in heterogeneous networks because of the cellular architecture deployed to maximize
spectrum utilization. The soft handoff framework in this paper considers important handoff parameters such as number
of channels, traffic intensity, average call duration, number of dropped calls and dropped calls rate. To really establish
relationships between model parameters, a simulation of the model was carried out to aid prediction after a careful study
of the system behavior influenced by the impact of these parameters. This process reveals that with high traffic intensity
at minimum of two channels, the system could achieve about 75% and 83% handoff success rate, respectively indicating
that a telecommunication system can be planned to achieve desired maximum handoff success rate. In conclusion, the
GA scheme is simple, efficient, generic, suitable for soft vertical handoff decision and can be adapted to any other
wireless network types after obtaining the required simulation parameters. The method can satisfy the QoS requirements
of both users and network operators. Future works will consider the use of distributed evolutionary algorithm in a
distributed network environment to maintain population diversity, further improve system availability and provide more
satisfactory results within reasonable time thereby avoiding local optima and facilitating multi-objective search.
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