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Abstract

Cloud computing helps mobile devices to process tasks generated from the environment due to the mobile
device’s limited processing capability, storage memory, and battery life. Due to the distance between cloud
infrastructures and mobile devices together with the problems of network fluctuations and bandwidth issues,
cloud computing introduces delay, increased energy consumption, and response time of mobile device’s
requests. Mobile edge computing was introduced to bring cloud computing closer to mobile devices through
computation offloading to minimize delay, energy consumption, and response time of mobile devices. This
improved quality of service can only be achieved with an efficient resource allocation algorithm to
appropriately schedule tasks in MEC during computation offloading. In this paper, A hybrid Genetic Algorithm
and Improved Inertia Weight Particle Swarm Optimization (GAIIWPSO) algorithm is proposed for resource
allocation in the MEC computation offloading system. The proposed GAIIWPSO algorithm enhanced the PSO
inertia weight recalculation process which leads to the minimization of delay, response time, and energy
consumption of mobile devices. The proposed algorithm is tested in a MEC environment through simulation and
the results proved to be superior to the existing algorithms.
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. Introduction

Internet of things (IoT) applications are revolutionizing modern society. The improvement in user
Quality of Experience (QoE) and Quality of Service (QoS) is progressing from both hardware and software
perspectives. This research focused on the aspect of improving QoS from a software perspective. IoT
applications take different dimensions ranging from Mobile Computing (MC), Mobile Edge Computing (MEC),
Cloud Computing (CC) [1-3], or combinations of these computing paradigms. All this different computing
architecture was introduced because of the limitations of mobile devices [4,5]. Mobile devices are limited in
processing capability, battery life, and storage capacity. Because of these limitations, cloud computing was
introduced to solve the problems of mobile devices. The introduction of cloud computing introduced increased
delays in loT task processing. MEC was introduced to reduce the delay involved in sending tasks from local
mobile devices to distant cloud infrastructures. When multiple processing devices are involved, the decision on
which tasks should be moved to MEC or the cloud becomes another problem. In addition to the decision on
which tasks to be moved, another problem of which processor at MEC or cloud is the task going to be allocated
also emerged. This paper studied task scheduling and resource allocation in MEC and proffers a solution to
resource allocation through a meta-heuristic approach. Meta-heuristic algorithms are applied in different aspects
of life to proffer a solution to problems that do not have a definite solution [6-8]. Computation offloading in
MEC is one of the examples of such NP-hard problems. Particle swarm optimization algorithm is generally
accepted for this type of problem because of its exploitation and exploration capabilities [9]. We
chronologically studied the PSO algorithm right from inception in 1995 [10] till date and identified one of the
major parameters that determine the accuracy and speed of convergence of the PSO algorithm. The most
important parameter in PSO is the inertia weight which is updated at the end of PSO iterations. This inertia
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weight update balances between exploration and exploitation processes. Different researchers have contributed
to improving the inertia weight calculation [11-13].

We, therefore, experimented with different approaches to inertia weight modification processes and
proposed inertia weight updates based on the current, average, and maximum fitness functions of the system
within the problem area. We applied the proposed inertia weight approach to our proposed hybrid genetic
algorithm and improved the inertia weight particle swarm optimization (GAIIWPSO) algorithm. We tested the
GAIIWPSO algorithm in MEC offloading and resource allocation and the proposed algorithm improved the
delay, response time, and energy consumption of the mobile devices. The contributions of this paper are as
follows;

o Proposed genetic algorithm for tasks and resource initialization in MEC system.

o Proposed a novel inertia weight calculation formula for improving the exploration and exploitation of the
PSO algorithm

o Proposed GAIIWPSO for optimal resource allocation in MEC

o Compared the results of GAIIWPSO and the existing IWPSO and CODM algorithms.

Il.  Review Of The Related Literature

The balance between the processes of exploration and exploitation of PSO is largely achieved by the
inertia weight parameter. The contribution rate of a particle's prior velocity to its velocity at the present step is
determined by the inertia weight. Eberhart and Kennedy first proposed the fundamental PSO in 1995 [10], and
the initial proposed PSO does not have an inertia weight parameter. Shi and Eberhart [14] initially conceived
the idea of Constant Inertia Weight in the year 1998. They expressed that high inertia Weight encourages global
optimal whereas a low inertia Weight encourages local optimal. Furthermore, the idea of changing the inertia
weight was presented by numerous researchers which improved the capabilities of PSO to some extent. PSO
inertia weight strategies are sequentially reviewed in this work. A random inertia weight approach was proposed
and experimentally proved that the approach improves the convergence of the PSO algorithm Eberhart and Shi
[15]. The approach of linearly reducing the inertia weight of PSO was proposed by [16], which improved the
efficiency and performance of the convergence of the PSO algorithm. Their experiment proved that 0.9 to 0.4
inertia weight value produces excellent results. Despite that it converges fast; it can easily be trapped by local
optima. Global-local best inertia weight was proposed in [17], and the best value for the inertial weight was
based on the global and local optima function of the particle iterations. The PSO local minimum premature
convergence fault was addressed by proposing an adaptive inertia weight algorithm in [18] to enhance the PSO
searching strategy. The population is controlled through inertia weight adaptive adjustment. Optimization of the
particle swarm algorithm (PSOSA) through simulated annealing to optimize the inertia weight was proposed by
[19]. The PSOSA algorithm performance was tested in an urban planning problem. PSOSA algorithm proves
to be better than existing algorithms in terms of sustaining the increased number of buildings in the urban
planning problem and also on the speed of convergence. Guimin et al. [20] proposed two exponent inertia
weight algorithms that use decreasing inertia weight ideas during the search process. Their experimental results
showed that the proposed algorithms converged faster during the search process than other existing algorithms.
Feng et al. [21], proposed chaotic inertia weight based on chaotic optimization merits. RIW and CRIW PSO
algorithms were compared and CRIW PSO algorithm performs better than CRIW algorithm. Malik et al. [22]
proposed inertia weight based on a sigmoid increasing pattern. The paper discovered that increasing the inertia
weight value linearly leads to speedy convergence while changing the inertia weight using sigmoid function
lead to speedy fitness. They proposed the combination of linearly increasing the inertia weight value together
with the sigmoid function which proved to enhance the convergence towards the optimal solution. Oscillating
inertia weight was proposed in [23], and the proposed algorithm periodically alternates the local search and
global search processes. The paper discovered that the proposed algorithm outperforms the existing algorithms
in terms of speedy convergence. Gao et al. [24] presented an enhanced PSO algorithm that combined a chaos
mutation operator with inertia weight based on a logarithm decreasing method. They proposed that chaos
mutation enables the algorithm to avoid being trapped in local optima while logarithm-decreasing inertia weight
enables the algorithm to converge fast. Gao et al. [25] proposed exponent decreasing inertia weight combined
with stochastic mutation to avoid the early convergence of PSO which sometimes leads to periodical oscillating
occurrences by PSO. The paper modeled a mixed integer nonlinear programming optimization problem and
used the PSO weight improvement approach to solve the problem. Zhang et al. [26] proposed Uniform
initialization and Cosine inertia weight Particle Swarm Optimization (UCPSO) algorithm to improve the global
search capability of PSO. UCPSO utilizes three effective enhancements in the PSO algorithm. First, is the
cosine inertia weight based on variable period cosine function, uniform initialization strategy, and ranked base
strategy. The proposed UCPSO improved the PSO global search. Kiani et al. [27] proposed an improved variant
of PSO to minimize the premature convergence of the PSO algorithm. The paper improved standard PSO based
on two strategies. First, the proposed algorithm controls the inertia weight through sine chaotic inertia weight
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calculation to balance between local and global search. Secondly, the proposed algorithm adopts the tangent
chaotic approach to control the acceleration coefficients for searching for an optimal solution. Agrawal and
Tripathi [28] proposed a Cumulative Binomial Probability Particle Swarm Optimization (CBPPSO) algorithm.
The algorithm improves the exploitation and exploration during the optimal solution-searching process.
CBPPSO, when compared with other existing algorithms, shows better performance on three real-world
engineering problems they were tested on. Asif et al. [29] proposed self-inertia weight adaptive PSO
(SIW_PSO) based on the feature selection method to improve the performance of classification algorithms. The
proposed algorithm proves to perform better in text classification problems because of the algorithm’s
capability in finding the feature subset. Chen et al. [9] proposed a Sigmoid Increasing inertia weight Particle
Swarm Optimization (SIPSO) algorithm for the identification of structural damage. The SIPSO algorithm is
based on structural vibration response optimization constraints. SIPSO uses a sigmoid increasing weight
approach to improve the local and global search process. SIPSO improved the performance of structural damage
identification as compared with the existing algorithms. SIPSO speed of convergence improved and the
accuracy of identification increased. The proposed algorithm suggests an improvement from the standard PSO.
Deng et al. cooperative offloading decision method (CODM) algorithm is proposed in [30]. The paper proposes
offloading decision with cooperative relay selection, power allocation to address the problem computation
offloading in MEC. The proposed algorithm addressed the issue response time in mobile edge computing. [31]
proposed user centric joint optimization loading algorithm based on improved dynamic inertia weight
calculation approach. The proposed algorithm is a multi-objective approach to minimize energy consumption,
delay, and price for mobile edge computing. From these literatures, it is obvious that the PSO is a very good
meta-heuristic algorithm used in different field of live for searching for optimal solution. It is also discovered
that Inertia weight value is an important parameter for PSO exploitation and exploration operations. We
therefore, proposed enhanced PSO based on inertia weight calculation and applied it to resource allocation in
mobile edge computing. There so many other works on improving the processes of MEC in terms of response
time, energy consumption, and delay [32-35].

I11.  Problem Formulation And System Model
The system model of mobile edge computing is presented in Figure 1. The MEC aims at reducing the
delay in responding to the request of the mobile device, minimizing the mobile device's energy consumption,
and minimizing the response time for every request sent from the mobile device. Assuming the MEC system
consist of J mobile devices and K cloud devices, the mobile devices generate tasks that require processing. The
tasks can either be processed within the local devices or offloaded to the cloud.
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Fig. 1 System Model
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The decisions on which tasks to be processed at the local device and those to be offloaded to the cloud
are necessary to minimize delay, mobile device energy consumption, and response time in MEC. The problems
of delay in task processing, energy consumption, and response time in the MEC system are modeled as
follows:-

Time Delay Problem Modeling

In deciding whether to offload a task, the expected processing time for the generated task is estimated
for all the devices at all the layers. The essence of estimating the task processing time at both the mobile layer
and cloud layer is to determine whether to process the task at the mobile or to offload it to the cloud. The

expected processing time at the layers is estimated at the mobile layer as follows.
worklaod (0)

Time to process the task on the mobile (Pn) = . — . 1)
processing capability at mobile (PCy)

where @ is the workload and PC,, is the available processing capability of the mobile device.

Time to process the task in the cloud (Peioud) = 2 2

PC.
where PC, is the available processing capability of cloud devices.
In estimating the transmission time, the mobile device uplink bandwidth is considered.

Time to transmit the data from mobile to cloud (Tcioud) = Bzzsdkﬁ )

Taskg;,, is the task data size to be offloaded and Bandwidth is the available mobile uplink bandwidth.

The time taken to receive the results from the cloud to the mobile is assumed to be negligible. This is
because data have been processed and there is no need to resend the data back to mobile. The only signal sent
back is the required action. In addition, the cloud down Bandwidth is very high compared to the amount of data
size involved in the signals sent.

After estimating the processing time at both the mobile device and cloud together with the
transmission time required, the next thing is to check whether to offload the task from the mobile or not using
Equation (4). This equation compares the time it will take the mobile device or the cloud to respond to the
mobile request.

Pm >= Tcioud + Peloud (4)

When the condition in Equation (4) is true, it means that the time required to process the workload on
the mobile device is more than the sum of the time required to process the workload at the cloud layer and the
transmission time. Delay is the time difference between the task's expected response time and the real (actual)
response time.

Delays can either occur during the queuing process, transmission, processing, or both. In
computational offloading, the major challenges are how to offload computationally intensive tasks to remote
processing nodes without increasing the delay [36]. This metric is efficient in evaluating the performance of a
system in terms of delay which also affects the response time. The system with minimal delay encourages 10T
applications in latency-sensitive cases such as healthcare, connected cars, augmented reality, smart home, and
smart cities. In latency-critical applications, if the latency target is exceeded, it will typically result in
application failure. Latency and delay are used interchangeably in most literature [37,38]. In this paper, we
proposed GAIIWPSO for efficient and dynamic resource allocation which minimizes the delay in the system.
The delay (D) is calculated within the simulation environment according to equation (5);

D =Trea — Tear ®)
where T,..,; is the actual finish time of a task and T,; is the expected (calculated) finish time of the task.

Energy Consumption Problem modeling

Energy consumption has been identified as an important metric in 10T applications [39]. Energy
consumption is the amount of energy consumed by a resource to get a workload completed. The energy
consumption rate is the ratio of the number of workloads the system has successfully executed to the total
energy consumed to execute those tasks [39,40]. CPU chip architecture has a fixed energy consumption rate
both for a busy time and idle time for the same architecture. The energy consumption of a device is proportional
to the number of tasks processed. Let's assume that all mobile devices have equal bandwidth and equal energy
consumption rates. The mobile device energy consumption (E,,) will be calculated according to Equation (6);
Em = Ep X (Teioua + Bn) (6)

where E}, is the mobile device energy consumption rate at a busy time, T,;,,q is the time taken by a
mobile device to transmit the offloaded tasks to the cloud (Equation 3), and B,, is mobile device processing time
(Equation 1). The mobile device can be busy when it is transmitting tasks to the cloud and when it is processing
the task. Therefore there are two parts of energy consumption, when it is processing tasks and when it is
transmitting tasks to other processors [41].
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Response Time Problem modeling

Response time measures the time between task arrival time at the mobile device and when the response
is received [36,38,42,43]. It is also called the completion time required to complete a particular job. Put in
another way, it is the difference between the workload finish time and the workload execution start time [44].
This metric is good for evaluating the performance of a system [45]. Response time increases with an increased
number of operations and/or tasks [38]. We employed response time in this study to evaluate the performance of
the proposed scheduling algorithm in terms of speedy response to 10T device requests compared to the current
state of the art in computational offloading in a mobile edge computing environment. In this work, we measured
the response time by taking the difference between task submission time and finish time within the simulation
period. The response time (T-¢sponse) IS Calculated within the simulation environment according Equation (7);
Tresponse = Tfinish - Tarrival (7)
where Tgin;sp, IS the task finished time and T,.iq, is the task arrival time.

IV.  Proposed Genetic Algorithm And Improved Inertia Weight Particle Swarm
Optimization (GAIIWPSO) Based Task Offloading Algorithm

In this research work, meta-heuristic algorithms were studied and enhanced. We followed discrete
event simulation methodology as illustrated in Figure 2. We studied genetic algorithm and particle swarm
optimization algorithms and from the inspirations gained from the study, proposed a Hybrid Genetic Algorithm
and Improved Inertia Weight Particle Swarm Optimization (GAIIWPSO) algorithm to improve on the
exploration and exploitation strategies of PSO. The proposed algorithm achieved the improved PSO search
process in two important stages. First, the algorithm introduced a genetic algorithm for the initialization process
to avoid premature convergence of standard PSO. Secondly, the proposed algorithm enhances the process of
calculating the inertia weight of the standard PSO to improve the exploration and exploitation process of the
standard PSO. These two enhancements gave rise to better results for the GAIIWPSO algorithm. The proposed
algorithm is tested in mobile edge computing which improved the tasks-resource allocation in the system. We,
therefore, present the two stages involved in the proposed GAIIWPSO algorithm.
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Fig. 2 Research Methodology

Initialization Using Genetic Algorithm

Genetic Algorithm (GA) is one the good heuristics algorithms that are applied widely in different areas
of optimization problem-solving. GA algorithm is flexible and easy to implement. GA makes use of evolutions
which makes it acceptable widely. The chromosomes mating and forming new offspring that evolve is one of its
main characteristics that makes it applicable in solving an optimization problem. The basic GA algorithm is
based on a set of possible solutions which represent optimization problem solutions. A given solution is a
prospective candidate for an optimal solution to the optimization problem. Candidate representation is very
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important because it is used to decide on the choice of a genetic operator to start with. In MEC, this candidate is
a representation of a pair of tasks and the processing device that the task is assigned for processing. These three
genetic operators include the selection operator, crossover operator, and mutation operator. In a genetic
algorithm, the first step is the initialization process. In the MEC environment, this initialization means assigning
all available tasks to all available processing devices randomly without minding whether each pair are the best
pair or not. After the random pairing of tasks and devices, GA uses its three operators to re-assign those tasks to
their best processors based on the fitness function.

Selection operator

To achieve convergence towards an optimum solution and avoid premature convergence, GA selects
the best offspring to represent the parents in a new population. A sequence of offspring solutions is generated at
each stage and the best offspring is selected to improve the pairing toward the optimal solution. The selection
operator gives rise to a new generation. The selection operator is also called survival selection because it is not
all solutions that survive. Some solutions will survive while others will die.

Crossover operator

The Crossover operator in GA is used to combine two solutions from the selection operator. The
crossover operator combines the genetic materials usually called genes to form new offspring. The operator can
combine more than two parent’s solutions components wise to form new offspring. Some GA algorithms can
simplify the crossover steps by randomly choosing the parents with uniform distribution.

Mutation operator.

The last GA operator makes changes from the solution by disturbing the present population from the
crossover operator. It is based on a random modification of the candidate’s genes to get a better fitness solution.
The mutation operator has a mutation rate. It generates candidates which are less or equal to the mutation rate. It
selects two genes randomly from the same chromosomes and checks whether they are the same. If they are not
the same, they will retain their present positions, else, they will be swapped to generate a new population. This
new population represent a new distribution of tasks and available resource in MEC. The GA algorithm
illustrates how GA is used to initialize tasks for the improved inertia weight PSO as presented in Algorithm 1.
For this experiment, GA runs for 10 iterations which means that the value of i in the GA algorithm is 10.

Algorithm 1: Genetic Algorithm

1 Initialize the population randomly
2 for i = 1 to number of iterations do

3 selection operator

Input: Random Generated Chromosomes

Output: Allocation Solution ”Chromosomes best fitness”
1 Set: Number of Tournaments
5 for i = 0 To numberOfTournament do

6 L id = Math.Random() * chromosomes-size

tournament|i] = get-chromosome(id)

8 Fitnessvalue — tounamentl[i].Fitness
0 Transfer to Crossover operator

10 crossover nl)l-l'.’ltul'

Input: Two Chromosomes

Output: Offspring Chromosome

11 r =(Math.Random()*chromosome.lenght)

12 fori=0,j=0tordo

13 L offspring-chromosome [j] = chromosomeli]

14 for i = r to chromosome.lenght do
15 L offspring-chromosome [j] = chromosome2|r]

16 mutation operator

Input: offspring-Chromosomes

Output: New-Chromosome

17 Set: MutationRate = 0.5

if Math.random() <MutationRate) then

18 t1 = Rand[0.1] * offspring-chromosome.lenght

19 tz = Rand[0,1] * offspring-chromosome.lenght

20 if offspring-chromosome[t1] = offspring-chromosome[t2] then
21 L Swap (offspring-chromosome][t;], offspring-chromosome][t3])

22 if Fitness is attained then
23 | Exit

26 end

Algorithm 1 Genetic Algorithm for Initializing Tasks in MEC
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Improved Inertia Weight PSO (11WPSO)

PSO is considered suitable for this study because 10T devices behave in the same way as a swarm. In
mobile edge computing, connectivity is always through a wireless connection, in that case, the network
resources are dynamically changing. The variations are as a result of mobility of mobile devices, bandwidth
instability within the network [2,3]. For these reasons, the network workload at the cloud or mobile node varies
frequently. In order to ensure the reliability of mabile devices receiving responses on time, the need to consider
an proficient resource allocation algorithm arises. Particle swarm optimization algorithm is a heuristic algorithm
which copies the intellect of a swarm. PSO practices communication and learning as their basic ideologies.
Different particles generate their way to the best solution and communicate with other members. Every other
members of the swarm get the information and learn the optimal solution to take. The particles create a common
global best solution for the swarm. This idea of cooperation and intellect shown by the swarm makes them
achieve better results quicker. The aim of particle swarm optimization algorithm is to discover the best solution
through separate particles' cooperation and communication between the entire swarm to find the global best
solution. The swarm particles are potential solutions. Every particle remembers its current velocity (V(t)) and
current position (X(t)). The particles also remember their best position called particle best position (X,p.s:) and
the swarm's best position called the global best position (X,,.s). The particles search for optimal solutions
iteratively. The velocity and position of the particles are updated using Equations (8 & 9).
Xt+D)=X®)+V(t+1) (8)

where X(t + 1) is the position for the particle at t +1 time (new position), X(t) is the initial position
the particle, and V(t + 1) is the new velocity of the particle.

V(t+1) = wV(t) + C1R1(0,1) * (Xppese — X(£)) + C2R2(0,1) * (Xgpese — X(£)) 9)

where w is the inertia weight, C, and C; are the acceleration coefficients for the X,,.s; and 9Xgpese
respectively. X, ;¢ is the particle’s best position. Xy, is the global best position for swarm, and R, and R, is
a numbers between 0 and 1 choosed randomily.

The inertia weight of PSO represents the influence that the previous velocity has on the new velocity.
When the value of the inertia weight is high, the particles are prevented from falling into the region of interest
immediately. A large inertia weight value makes the particles keep on searching outside the region of interest
for some time. Small inertia weight is capable of causing the particles to move to the region of interest
immediately. This means that a large inertia weight encourages global search capability known as exploration
whereas a small inertia weight encourages local capabilities to search referred to as exploitation. Exploration
helps PSO to avoid being trapped in the local optimum, but exploration can minimize the PSO convergence
accuracy and lowers the convergence speed. Exploitation increases convergence speed and increases the
convergence accuracy, but can cause PSO to fall into premature convergence and can easily be trapped into
local optimal. The exploration and exploitation function influences the performance of PSO greatly. Therefore,
choosing the appropriate inertia weight is necessary for PSO to perform optimally. The inertial weight of PSO
was introduced in 1995 and has undergone a series of modifications as chronologically discussed in the
literature review of this paper. In this paper, we experimented with different methods and proposed a novel
inertia weight calculation method which is used to update inertia weight for each of the PSO iterations using the
minimum, maximum, and average inertia weight values. The novel inertia weight proposed in this work
improves the exploration and exploitation that leads to better accuracy and speed of convergence in the PSO
algorithm. The proposed enhanced inertia-weight formula for PSO is calculated according to Equation (10);

WDmin, f < fa
W = § Wave, f=Fa (10)
wmax' f > fa

where Woiny Wmax, ANd w4y are the inertia weight minimum, maximum, and average values
respectively. f, and f are the value of the average fitness function and the value of the present iteration fitness
function. With this proposed inertia weight formula, PSO checks the fitness of the particles at every iteration, if the
fitness function is not yet met, it will compare the current fitness value with the average fitness value based on
Equation (10) and use the result to update the inertia weight value accordingly. The improved inertia weight PSO
algorithm is presented in Algorithm (2).

DOI: 10.9790/0661-2702031425 www.iosrjournals.org 20 | Page



Computation Offloading In Mobile Edge Computing Via Hybrid GA And Improved Inertia.......

Algorithm 2: [TWPSO Algorithm
1 Initialization: n, D, C1, C2, R1, R2, W, Xppest, Xgbest, X, V, and t

2 for t < tmax or Fitness achieved do

3 for i = 1 to n do

4 for d = 1to D do

5 Update velocity Vg according to Equation (9);
6 Update velocity Xg according to Equation (8);
7 Update Inertia Weight (w) according to Equation (10);
8 end

9 if Fitness (Xi) < Fitness (Xpbest) then

10 L Fitness (Xppest) = Fitness (X{)

11 if Fitness (Xppest) < Fitness (Xgpest) then

12 L Fitness (Xgpest) = Fitness (Xppest)

13 end

14 end
15 end
16 t=t+1

17 end

Algorithm 2 11TWPSO Algorithm

Proposed GAIIWPSO Offloading Algorithm

This section presents the proposed hybrid GA and ITWPSO algorithm for resource allocation in the tasks
offloading system. The process of offloading tasks from mobile devices to the cloud infrastructures is illustrated in
Algorithm 3. Tasks are generated on mobile devices. The algorithm uses the generated tasks and the information
about the mobile devices and the processing devices of the cloud to estimate the processing time required by the
tasks at both the mobile layer and the cloud layer. It also estimates the transmission time required if the tasks are to
be offloaded. The processing time on mobile is calculated according to Equation 1, while Equation 2 calculates the
time required for processing the task in the cloud, and Equation 3 calculates the transmission time from mobile to
the cloud. The algorithm compares the time to process the task on mobile with the sum of the time to transmit the
task to the cloud and the time to process the task in the cloud. If the processing time at the mobile layer is higher,
then there is a need to offload the task to the cloud. If task offloading exists according to Equation 4, then the
algorithm uses Algorithms 1 and 2 to allocate the task to the available processing resources. If Equation 4 is not
true, the task will be processed at the mobile layer. Finally, the proposed algorithm will calculate the delay
experienced by the mobile device according to Equation 5, calculate the energy consumed by the mobile device
according to Equation 6, and the response time according to Equation 7. The proposed GAIIWPSO algorithm is
presented in Algorithm 3.

Algorithm 3: GAIIWPSO Tasks Offloading Algorithm

1 Generate tasks randomly at IoT layer

2 Calculate the processing time at IoT (Tm) and at Edge server (Tedge). and Cloud (T¢p) required by
the task based on processing capabilities at IoT and edge server as in steps 3 and 4

3 Pm = W/PCm (According to Equation (1))

1 Pedge = w/PCE (According to Equation (2))

5 if Pp >= ngge + Pedge (According to Equation (4)) then

6 Task is offloadable

7 if Task is offloadable then

8 Initialize the tasks with the available devices according to Algorithm (1)
0 L Apply Algorithm (2) to finalize the resource allocation
10 | Process the task and return the results

11 else

12 if Task is not offloadable then

13 Process the task at the IoT layer

14 Calculate the Delay according to Equation (5)

15 Calculate the energy consumption according to Equation (6)
16 | Calculate the response time according to Equation (7)

Algorithm 3 GAIIWPSO Tasks Offloading Algorithm
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Experimental settings

Following the base paper system specifications and parameter settings, the experiment simulated the
proposed GAIIWPSO algorithm and compared the result with the benchmark results. The proposed algorithm is
implemented using Python 2.7 together with Networkx. The system comprises smart mobile devices, a smart
gateway, and the cloud. The computational capacity of the cloud device is set at F = 10GHz while the CPU
frequency of the smart devices is randomly distributed between 0.5GHz to 1GHz. The number of mobile
devices in the network is set to be between 10 devices. The bandwidth of the individual edge devices is
uniformly distributed within the range of 10 Mb/s to 1000 Mb/s. The tasks’ latency is 0.5s each. The mobile
device energy consumption rate at the busy time is 100mJ given as E, = 100mWatts in the base paper
(1watts = 1J/s). The device idle time power consumption rate is 10mJ. Table 1 presents the summary of the
simulation parameters.

Table 1 Parameters Settings for GAEIWPSO Algorithm

Parameter Value
Mobile devices 10
Mobile device APC 0.5-1GHz
Bandwidth 10mb/s — 1Gh/s
Mobile device power consumption rate at a busy time (E},) 100mJ/s
Mobile device power consumption rate at idle time 10mJ/s

V.  Results Discussions
The results for the proposed GAINWPSO algorithm are discussed in this section. The delay
experienced by the tasks and energy consumption recorded by the mobile devices in the simulations is
compared with the IWPSO algorithm of [31] while the response time of the proposed algorithm is compared
with the response time of the CODM algorithm according to [30].

Delay

Figure 3 shows the graph of the delay recorded in the simulations while Table 2 presents the values for
the delay recorded for different sets of tasks simulated. The proposed GAIIWPSO algorithm achieved a better
delay compared to the existing IWPSO algorithm because the proposed algorithm was able to minimize the delay
resulting from the resource allocation. The delay recorded in the simulations increases with an increase in the
number of mobile device requests. In particular, when 200 tasks are simulated, the delay recorded by IWPSO is
25ms while the proposed GAIIWPSO recorded 15ms, which is 40% improvement in the delay of loT
application requests. Similarly, when 300 tasks are simulated, IWPSO recorded a delay of 44ms while
GAIIWPSO recorded 35ms, which represents a 20% improvement. The result shows that as the number of input
tasks increases, the percentage improvement reduces.

Table 2 Delay
Input Tasks (number) Delay
IWPSO (ms) GAIIWPSO (ms)
200 25 15
300 44 35
500 60 51
650 80 72
80 T T =T T
-
-
70~ _ - - _ -
- -
- -
- -
60 - - 4
- -
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- - -
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Fig. 3 Delay

DOI: 10.9790/0661-2702031425

www.iosrjournals.org

22 | Page



Computation Offloading In Mobile Edge Computing Via Hybrid GA And Improved Inertia.......

Energy Consumption for GAEIWPSO

Figure 4 shows the energy consumption of the proposed GAIIWPSO algorithm and the base paper
IWPSO algorithm. Table 3 presents the values recorded during the simulations. The total energy consumption
increases as the input tasks increase. When the input tasks are 350 in number, the proposed GAIIWPSO
algorithm's total energy consumption is 143J while the benchmark result energy consumption by the IWPSO
algorithm is 230J representing a 37.8% improvement in the energy consumption. When the total input tasks
increased to 650, the GAIIWPSO algorithm energy consumption is 254J as against 410J for the IWPSO
algorithm representing 38.04% energy enhancement. The improvement is achieved because the proposed
GAIIWPSO algorithm reduced the mobile device duration of usage by making the resource allocation in the
network faster. The speedy resource allocation is achieved through the proposed enhancement of the PSO
inertia weight calculation method and initializing the resource allocation with the GA algorithm.

Table 3 Energy Consumption for GAIIWPSO

Input Tasks Energy Consumption (J)
IWPSO Algorithm GAIIWPSO Algorithm
200 130 80
350 230 143
500 310 192
650 410 254

Inputtasks

Fig. 4 Energy Consumption for GAIIWPSO

Response Time

The response time of the proposed GAIIWPSO algorithm is compared with the response time of the
existing CODM algorithm. For example, when 30 numbers of tasks are simulated, the CODM algorithm
response time is 12.5ms while the GAIIWPSO algorithm response time is 11ms. Likewise, when 40 numbers of
input tasks are simulated, the CODM algorithm recorded 18.4ms response time while the proposed GAIIWPSO
algorithm recorded 17ms response time. These results show that the proposed GAIIWPSO algorithm responds
to mobile device requests faster than the existing CODM algorithm. Table 4 and Figure 5 represent the values
and graph of the existing algorithm and proposed algorithm response time.

Table 4 Response Time for GAIIWPSO

Tasks Response Time (ms)
(number) CODM GAIIWPSO
10 5 4
20 7 5.5
30 12.5 11
40 18.4 17
50 22 19

Fig. 5 Response Tihé for GAIIWPSO
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VI.  Conclusion
This research proposed the GAIIWPSO algorithm which minimized delay, mobile energy
consumption, and response time of the mobile edge computing system. The algorithm achieves these by
hybridizing GA and PSO with an enhancement of the inertia weight of PSO which improved the efficiency of
the proposed algorithm resource allocation in the network. The algorithm performed better compared with
IWPSO and CODM algorithms in terms of delay, energy consumption, and response time.
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