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ABSTRACT

Today, cloud computing has the power to respond to the different users requests. In cloud computing, the problem of user
requests scheduling or Task Scheduling (TS) is a very efficient technique that, if done optimally, increases system performance.
Therefore, in this article, a Meta-Heuristic (MH) TS algorithm is proposed using the hybrid of Aquila Optimizer (AO), Harris-
Hawks-Optimization (HHO) and LevyFligth named AO-HHO-LevyFligth. In AO-HHO-LevyFligth, the combination of HHO
exploration phase with AO exploitation phase as well as LevyFligth is used to obtain the best timing. Comparison between AO-
HHO-LevyFligth and HHO methods, Particle Swarm Optimization (PSO), AO and Firefly Algorithm (FA) according to criteria
(throughput and makespan), shows the high efficiency of AO-HHO-LevyFligth in solving the problem is the TS.
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1. INTRODUCTION

Today, cloud computing is very efficient for processing and storing the tasks and requests of various user applications, as well as
responding to these applications that these applications can be from the users' smart devices [1-4]. In other words, cloud resources
make it easier for users to access these resources [4]. Task Scheduling (TS) is used to manage resources and tasks in the cloud and
fog environment, which assigns the set of user tasks to the most suitable resources in the cloud to be executed [5]. It has been
proven that the TS problem in all computing environments (fog and cloud) is a type of NP-hard [6].

Todays, Optimization algorithms such as Meta-Heuristic (MH) are very widely used to solve various problems[7-13]. In TS and
Internet of Things (10T) fields:

Boviri et al. [14] have used the combination of Q learning algorithm and neural network to schedule loT tasks on cloud resources.
Qobaei-Arani et al. [15] used MFO to schedule tasks in fog and reduce task performance time and increase Quality of Service
(QoSs). Abualigah et al. [16] have used the Gray Wolf Optimizer (GWO) to task allocation in the cloud with the aim of reducing
time. The authors [17] used Genetic Algorithm (GA) for TS in order to optimally allocate resources to tasks with the aim of
increasing customer satisfaction and reducing preparation time.

The mentioned articles in the literature that have used MH algorithms, some are weak in the exploration phase and some are weak
in the exploitation phase, which makes the algorithm unable to find the most optimal solutions. Therefore, in this article, we
combined two algorithms, AO and HHO, which in them, the LévyFlight method is used in the exploration and exploitation
phases, the AO exploration phase is combined with the HHO exploitation phase, and the obtained algorithm is called AO-HHO-
LevyFligth to solve the TS problem in the cloud with the aim reduce the time to perform the tasks we use. That is, the Objective
function in the AO-HHO-LevyFligth algorithm is equal to the minimization of the task makespan time. In the comparison part, the
AO-HHO-LevyFligth algorithm has been compared with the HHO, Firefly Algorithm (FA), AO and Particle Swarm Optimization
(PSO) algorithms. It has been proven that the proposed method performs better than the compared algorithms in terms of task
makespan time.

Continue the article:
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Part 2: system model and problem formulation, part 3: prerequisites, part 4. proposed method, part 5: evaluations and
experimental results and part 6: conclusion.

2. System model and problem formulation

According to the architecture in this article, user requests are sent as tasks on cloud resources and are scheduled and executed to
be processed and stored [1]. Cloud servers consist of resources that have high storage and computing capabilities for storing and
processing the tasks of the respective users. Therefore, Task Scheduler schedules tasks on resources. In this article, we use the
word node, which represents the server.

Assumptions:

1- The task set with n tasks is T = {Task1, Task2, Task3, . .., Taskn}.

2-Feature of each task includes task length, deadline and memory requirements.

3-The cloud consists of m nodes as Nodeg,,q4 = {node_cloudl, node_cloud2, node_cloud3, . . ., node_cloudm}.

4-For m nodes and n tasks, the Expected Computation Time (ECT) is represented with ECT matrix of size nxm. Scheduler uses

this matrix to make TS in the nodes. ect;; as:

Task_length;
ecti .:-—gl (1)
) node.Powi

Where, ect;; represented the expected execution time for one task(i-th task) on one node(j-th node), Task_length; represented the
task length (i-th task), and node. Pow; represented the task processing speed (j-th node). In this article the main objective is
reduces makespan time and [12, 13] the makespan time as:

M_ time= maX]- €1,2,.,n2 Z?zll eCti,]- (2)

3. Prerequisites

In this section, AO, LevyFligth and HHO algorithms are explained.

3.1. Aquila Optimizer
In AO [18] the Aquila provides 4 different hunting methods for each prey as:

Step 1: Explore extensively in the search space as:
AA(ti+1)=AAbest(ti)><(1-%)+(AAm(ti)- AApes(ti)xrand) ®)
AAR(ti)= T, AA;(tD) @

AA,(ti) is the mean position in the current iteration for search agents, AAyes:(ti) is the best position in so far, N is the size of
population, rand €[0, 1], and ti is the current iteration and Ti is the maximum iteration number.

Step 2: Narrow exploration as:
AA(ti+1)=AAp e (t)XLFL(Di)+ AAg(ti)+(y1-x1)xrand (5)

Where, Di is the size of dimension, Ag(ti) is the random position, and Levy Flight function shows with LF1 (Di):

LF1(Di)=sxX2 (6)

lvi|B1

1+B1 (7)

r1(1+p1)xsin("EY)
o=
Bl—l
rl(T)xﬁlxz( z)

Where s1, ul and vl € [0, 1], 3 =0.01, y1 and x1 as:
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x1 =rl X sin(01)
y1l =11 X cos(01)
rl =r; + 0.00565 x Di, (8)

3XT

| 81 =-wlxDi; +==

Where, Di, is the integers and Di, €[1, Di], and r; €[1, 20] .

Stage 3: Extensive exploitation as:

AA(ti+1)=(AApest (ti)- AA L, (1) xa-rand+((UB1-LB1)xrand+LB1)x3 9)

Where UBL1 is the upper bound and LBL1 is lower bound of the search space, that equal to the lowest and highest virtual machine
index, respectively. a and § are equal to 0.1.

Stage 4: Limited exploitation as:

AA(ti + 1) = QF1 X AApes (ti) — (Gi; x AA(ti)) X rand — Gi, X LF1(Di) + rand % Gi,
2xrand-1
o)

QF1(ti) = ti
| Gi; =2 Xrand —1

L Gi =2x(1-1)

Where AA(ti) is the current position and QFL(ti) is the quality function for balancing in search. Gi; €[-1,1]. Gi, decreases linearly
from 2 to 0.

(10)

3.1. Harris Hawks Optimizer

This article is done using AO and HHO [19] and Obijective function minimization. Each Hawk is shown as a vector qu1 If the
HHO algorithm alone applies to the virtual machines vector in the TS, the initial location of the search agents is determined
randomly. Then, the value of the Objective function is calculated for all agents, and the search agent that the obtained Objective
function for it is less than other Hawks, is taken as a metric, and its location is determined as the virtual machines vector. In HHO,
the search agents are waiting to identify the bait based on the 2 methodologys.

Hrand (tl) — I Hrand(tl) - ZI'ZH(U)| ’ q = 0.5
(Hrappit () — Hp (1)) — r3(LB1 + r, (UB1 — LB1)), q<0.5

Hu+1) = (11)

Where, H(t1 + 1) is the vector of the next location of the search agents in the iteration t™, H,appi (ti) is the location of the bait in
the iteration t", H(t1) is the current location vector of the search agents in the iteration t" {r,, r,, rs, r, and q}erand [0, 1]
updated in each iteration. H,,,q(t1) is the location vector of search agents that is randomly selected.

Therefore, to perform a soft blockade, it is assumed that the search agents can evaluate their next move according to Eq. (12).
H1 = Hyappic(t) — E|JHpappic (8) — H(t)] (12)

The escape energy of baits:

E = 2E,(1 — ti/T) (13)
Where, E, indicate the primary escape energy, and T is the maximum repetitions. For each iteration E, (-1, 1).
That is:

H2 = H1 + S x LF(Di) (14)
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Size of S is 1xDi, that is a random vector, and LF is the received Levy Flight function.

LF(x) = 0.01 x =3 (15)
IvIB
. TR 1
r(1+p)xsin(=-) .=
o= (Hﬁigz_l)B (16)
ré2Bxpx2z”

Where {u, v}erand[0, 1]. B=1.5. So:

H1, ifF(H1) < F(H(t))

H(u+1) = {HZ, ifF(H2 ) < F(H(t))

17)

Then, the algorithm's output is the optimal virtual machine vector.

3.2. LévyFlight
LévyFlight is a statistical description of motion. There are many natural and artificial phenomena that are based on LévyFlight
statistical description [20]. The flight behavior of many animals has shown typical features of randomness to search for food from
one place to another. The selection of the direction to change location relies on the LévyFlight statistical model [21]. Even light
can be related to LévyFlight [20, 21]. In other words, LévyFlight is used for optimization and optimal search and improves the
results. In this article, we further improve the hybrid AO-HHO-LévyFlight in the exploration and exploitation by LevyFlight.

4. Proposed scheduling with AO-HHO-LévyFlight
In this section the TS in cloud using the combination of HHO and AO is described. In the TS using AO-HHO-LévyFlight, the
solutions updated in the exploitation with AO or HHO operators. But in the exploration, only AO operators are used.

The start of the optimization in AO_HHO-Lévyflight is to generate N agents randomly in the cloud to perform the TS problem
and convert them into integers. Then, the Objective function is calculated for all members of the population in order to evaluate
the quality of each member using Eq. (2). Then, according to the minimization criterion of the Objective function, the member of
the population with the lowest value of the Objective function is selected as the best solution. Then the position of other members
of the population are updated according to the solution with the lowest value of the Objective function.

The updating of the population members in the AO_HHO-Lévyflight exploration phase is done using Eq. (5), which is the same as
the AO exploration phase. But in the exploitation phase of Proposed-method, updating of each member of the population is done
according to the competition between the exploitation phases of AO and HHO according to the Ph; for population members as:

Objective_function;
Phi=cg——— ’ (18)

173N _ Objective_function;

Therefore, the each member of the population Ph; is updated by Eq.(18). Updating the population members continues until the
stop is reached. The member of the population position; is updated in the exploitation phase as.

operators of AO Ph; > thresh

operators of HHO otherwise (19)

positioni={

5. Evaluation metrics and experimental results
In this article, all the simulations have been done by MATLAB R2017a. 5 hosts and 23 resources (Virtual Machine (VMs)) are set
for the cloud system. Table 1 shows the features of hosts and VMs.

Table 1. Features of hosts and VMs

Specification Amount
Client Clients Count [61, 110]
Hosts Number 5

Host
08 Capacity of CPU [0, 4000]
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Capacity of Storage 1TB
Bandwidth of
Network 10 Gbis
Size of RAM 6 GB
VMs Number 23
Capacity of CPU [100, 4000]
VM Capacity of Storage 20 GB
Size of RAM 1GB
Bandwidth of
Network 1 Gbls

Two datasets NASA Ames iPSC/860 and HPC2N [22] evaluated. The AO_HHO-LévyFlight scheduling algorithm is compared
with AO, FA [23], PSO [24], and HHO. 30 runs are considered for each algorithm and the average of these 30 runs is considered
as the output.

5.1. Evaluation metrics
The evaluation metric that used in this article, includes throughput time, Objective function and makespan.

a.Objective function

In minimization problems, the optimal solutions correspond to the lowest value of the objective function, which in this article is
the makespan time (Eq.(2)).

b. Makespan time

5.2. Comparison phase
In this section, the AO_HHO-LévyFlight is evaluated using objective function, makespan time (second or sec), then compared
with PSO, AO, FA and HHO. Table 2 shows the results of makespan time for datasets.

Table 2. Results of Makespan time

NASA Ipsc HPC2N
Dataset Tasks Tasks
Algorithm 500 1000 1500 2000 500 1000 1500 2000

Proposed-method | 41.52 83.65 128.5149 158.53 | 2558.59  9457.63 16050.41 24458.32
AO 47.61 89.38 138.29 168.41 | 383549 10375.79 17266.33 25460.43

PSO 81.62 169.32 29756  338.25 | 794546  19789.69 32459.72 47141.17

HHO 53.75 105.32 160.52  199.79 | 457452 11248.79 18831.39 27080.25

FA 75.85 149.81 276.48  329.12 | 7763.73 18677.25 30728.65 4475151

According to Table 2, Proposed-method is better than other for makespan time, which is the same value of the objective function,
for both datasets, and it is lower for Proposed-method than other methods. According to Table 2, AO and Proposed-method are
stronger than HHO. But FA and PSO have a different structure, which makes them slow in achieving the good solution.
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Fig. 1. difference value for makespan time.
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Fig.1 shows the makespan difference for Proposed-method compared to the compared methods. According to
Fig.1, for the number of different tasks, the makespan difference value is the highest for PSO, and then it is
higher than that of FA. The makespan difference value for HHO is less than all algorithms. The amount of
makespan difference is as:

Diff_makespan =makespan 5q yyo-makespan ; (20)

In which, makespan 5 »yo is the makespan of Proposed-method and makespan ; is the makespan of other
methods.

6. Conclusions

In this article, the optimization of the TS problem in the cloud environment according to the QoS
requirements was investigated using the combination of HHO, AO and LévyFlight, which is called Proposed-
method. Proposed-method was used to improve the HHO discovery phase, which is implemented in the
exploitation phase of one of the AO or HHO algorithms based on a probability and a threshold value. Also,
we further improve the hybrid AO-HHO-LévyFlight in the exploration and exploitation by LevyFlight. In
Proposed-method, the minimization of the objective function, which is makespan, was used for optimization
in optimizer algorithms.
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