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heterogeneous. The use of dynamic scheduling is also being
considered.

Aziza and Krichen [19] devised a fitness mechanism that
aids in the reduction of mission execution costs and
minimization of makespan. The extension of GA to two
existing scheduling rules, time-shared and space-shared,
resulted in two additional policies, TSGA and SSGA. The
makespan and overall cost of execution are two metrics used
to measure performance.

Ibrahim et al. [20] proposed an Integer Linear Programming
(ILP) model that minimizes energy consumption in a Cloud
data center to create a dynamic task scheduling algorithm. In
addition, an Adaptive Genetic Algorithm (GA) is proposed to
reflect the complex nature of the Cloud world and to provide
a near-optimal scheduling solution that saves resources.

Zhou et al. [21] suggested MGGS (modified genetic
algorithm (GA) combined with greedy strategy) as a new
algorithm in this article. To maximize the efficiency of
scheduling, the proposed algorithm uses a revamped GA
algorithm paired with a greedy approach. MGGS, unlike other
algorithms, can find an optimal solution with a lower number
of iterations.

2.4 Grey wolf optimization

The grey wolf, also known as the timber wolf [5], is the
world's largest wild dog. Wolves exist in clans led by an alpha
wolf, with the rest of the pack adhering to a dominance
hierarchy. The actions like hunting and finding the location of
stay are taken by the alpha wolf. The second level of the wolf
pack is beta and is considered subordinate to the alpha. The
following levels of the wolves are delta and omega.

The phases of hunting can be considered as follows.

1) Tracking, pursuing, and closing in on the prey. 2) Pursue,
encircle, and annoy the prey until it comes to a halt. 3) Attack
on the prey.

Grey wolf optimizer is one of the metaheuristic algorithms.
It was suggested by Mirjalili et al. [5] who proposed an
intriguing meta-heuristic algorithm that mimicked the
behavior of grey wolves.

(1) Hierarchical structure

GWO has been mathematically modeled by taking into
account the social hierarchy. The best location of the search
agent in the solution space is considered as a wolf, B as the
second best, and § as the third. The remaining are known as
omega wolves [5].

(2) Encircling

During the hunting wolves encircle the prey. The equation
for encircling the prey is denoted by in Eq. (1) and Eq. (2) [4,
5]. Here, the position of the wolves and the prey is represented
by a vector. In the equation 'Dist' indicates the distance
between prey and the wolf. GW and X, correspond to the
location of the wolf and the placement of prey respectively.

D = [C * Xprey () = GW (©)] (1)
GW(t+1)= Xppe, () —A-D )
A=2d7 —ad ®3)
C=2-% (4)

Eq. (3) & Eq. (4) are vectors of coefficients.

rl and r2 represent random values between [0,1].

(3) Prey hunting

Grey wolves' encircling the prey is modeled by Eq. (5) and
Eg. (6). Guided bya, B, and & wolves, all the remaining wolves
update their position by Eq. (7).

Dy = |C * X, (t) = GW (D)
D = |C * Xp () — GW (0)] ®)
D5 = |C * X5(t) — GW (D)
GW,(t +1) = X,(¢t) — 4 - Dist,
GW,(t + 1) = Xg(t) — A - Disty (6)
GW,(t +1) = X5(t) — A - Dists

3

GW(t+1) = (7

(4) Searching & attacking the prey

The prey gets attacked by grey wolves only when it stops
progress. It is described mathematically with a vector ‘A’
employed in Eq. (3). ‘A" is a random vector and contains the
values in [-a, a] [4, 5], with 'a' decreasing from 2 to 0 during
the iterations using Eq. (8).

|A] < 1 will lead the wolf to assault the prey with movement
towards it and |A| > 1 lead the wolf to move away from the
prey [1]. The position of a, B and & wolves decide the direction
of search for the prey. Global (exploration) and local
(exploitation) searches rely on A and C vectors.

a=2-(2xt/Maxyer) 8)

The range of random values for the C vector is [0, 2], which
is critical for preventing local optima stagnation. The values
of the C vector show random behavior, in turn this helps to
explore globally.

Algorithm 1: Grey-wolf-Optimization [4, 5]

grey wolves (search agents) initialized
Pops(i=1,2,...,n)

set the values of a, Aand C

All individual Search agent's (Wolf) fitness has to be
calculated

5. GWa = The first high-quality search agent/wolf

6. GWp = The second high-quality search agent/wolf

7.  GWS$ = The third high-quality search agent/wolf
8

9
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repeat
- Aq
10. (j< Max)
11. for all search agents
12. modify the location of all the search agents using Eq. 7
13. end for
14. modify a, A, C
15. all the search agent's fitness has to be calculated
16. modify GWa, GWp, GWo
17. j=j+1
18. } until(j>Max)
19. end loop
20. return GWa,

The GWO suffers from poor local search and slow
convergence rate [22].



2.5 Crow search algorithms

Crows are intelligent creatures. They have the biggest brain
in proportion to their body size. Experiments proved that they
show self awareness ingenuity. Crows may use tools to
interact in complex ways, and remember the location of their
food for many months. Crows watch other birds, observing the
place of food storage, and then stealing it after actual bird
leaves. If a crow was a victim of theft before, it will take
special care including changing hiding areas to prevent being
a victim again. This behavior of cleverness is mimicked in
finding the optimal solution using a natural-inspired algorithm
by Askarzadeh [6]. CSA's operation is based on four important
principles: herd living, recall the place of secret food, pursue
another individual of their genus, and ultimately protect their
accumulation from arbitrary plundering.

(1) Mathematical model for CSA

The position of each crow is represented by an M
dimensional vector. Searching for the optimal solution starts
from an initial population. Initialize the upper bound of
iterations, count of crows, flight length and awareness
probability. The fitness will be calculated.

The notation CPopy represents the initial population of the
crow and [CPopji, CPopj., CPopjs, ...,CPopjum] indicates the
position of crow j'.

Cpop't indicates the initial location of 'i™ crow at time 't'.
Whereas 'ri' and 'fl' indicate a random number, and flight
length respectively. The secret place is 'sp".

If j'" crow wants to visit the secret place where the food is
hidden, i crow plans to find the secret place of the crow j. This
leads to either of the following. First awareness probability is
compared with a random number. The crow updates its
position by Eqg. (9) [3, 6] if the awareness probability is larger.

Otherwise it updates its position with a random crow's position.

Cpop(i+1,t+1) — Cpopi,t + 7 X fli,t X (Spi,t_Cpopi,t)

if AP>T, ®)

Algorithm 2 shows the pseudo code for CSA.

Algorithm 2: CSA Algorithm [3, 5]
1. CPopk(k=1,2,...,n) is initialized
2. fitness of all the crows calculated
3. Initialize reminiscence of crows
4. repeat

5 {
6.

7

8

9

for all crows

Awareness probability (AP) is defined
‘rand' is a randomly generated number
if rand >= AP

. modify the location of crow with equation (9)
. else

. take the location of the crow randomly
. end if

. end for

. find the viability of the latest solution

. find the fitness of each search agent

. modify the memory of the crows

i=i+1

. until (i>Max)
. return the best solution crow

The Crow search algorithm also suffers from slow
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convergence speed and can be trapped into local optima.

3. POSED PROCEDURE TO UPDATE THE POSITION
OF SEARCH AGENTS

3.1 GWOCSA

Hasty convergence is a flaw in GWO algorithm. This is
attributable to the alpha, beta, and delta positions of the search
agent's updates. This has a small potential to be exploited as
well. By combining the GWO with the CSA, these flaws can
be overcome. This strikes an appropriate balance between
discovery and exploitation. The proposed algorithm
effectively maximizes the advantages of the two algorithms,
resulting in broad universal applicability. The CSA algorithm
uses flight [3, 6]as a control parameter. This helps in both ways,
i.e., in global and local searching. Small values guide to go for
local search and large values for global search.

The poor global searching capability can be overcome by
accommodating a constant. This is adapted from CSA. Eq. (10)
and Eq. (11) represent this scenario. The constant 'flI' guides to
search in the global space and local space based on the selected
value. This helps to stabilize both exploration and exploitation.

Algorithm 3 represents the pseudo-code for GWOCSA. In
the GWO based approach, updating of the search agent's
position will be done in view of a, B, and & wolves location.
However, in the proposed hybrid model, the update of the grey
wolf is done in accordance with Eq. (10). This helps greatly in
avoiding local optima and helps to search in the global space.

Algorithm 3: GWOCSA [3]
Initialize the grey wolves GW; (i=1,2,...,n)
a, A, and C initialized.
find the fitness of all the search agents (Wolf)
find GW, and GWjg
while (t<Max)
for all the search agents
if AP>random number
modify the location of the present search agent by Eq.
(10)
else
. modify the location of the present search agent by Eq.
(11)
end if
end for
modify AP using Eq. (12)
modify 'a’ using Eq. (13)
modify A, C
modify the fitness of all search agents.
modify GWa, GWf
t=t+1
end while
return GWo,

N~ WNE

©w

11.
12.
13.
14.
15.
16.
17.
18.
19.
20.

However, to modify the location of the search agent is done
based on an adaptive parameter. If AP is greater than a
randomly generated number, Eq. (10) helps to calculate latest
location of the agent. Otherwise, Eq. (11) is used to update the
position. Eq. (12) shows the adaptive balance probability.

W(iter+1) = W + fl.rand. ((Wl - W)

+ (G, — GW)) /2 (0



GWiters1) = GW + fl x rand ((GW, — GW)) (11)
1.01 x ¢3
AP =1—( (12)

Max_iteration3

In the proposed model, a new update method is adopted.
Instead of using Eq. (8), to change the value of 'a’, Eq. (13) is
used. This helps to improve the overall performance.

a=2—cos (rand()) x (13)

Max_iteration

4. EXPERIMENTAL RESULTS

The proposed algorithm is checked in MATALB R2020A
software for its efficiency on Intel core™i7 CPU@1.80-GHz
with 8 GB of RAM using synthetic data. As it is an NP-
Complete problem, the algorithm gives various outputs based
on the random numbers. In this setup five jobs and five
heterogeneous virtual machines are considered. Table 1
presents the initial population. Table 2 represents the
execution time of each job on every VM. Table 3 shows the
final allocation of the algorithm.

Table 1. Initial population

Initial population

Job2 Job3 Job5 Job4 Job1l
Job3 Job2 Jobl Job5 Job4
Job4 Job2 Job3 Job5 Job1l
Jobl Job3 Job5 Job4 Job2
Job4 Job3 Jobl Job5 Job2
Job3 Job5 Job2 Job4 Jobl
Job4 Job5 Jobl Job3 Job2
Jobl Job3 Job2 Job5 Job4
Job3 Job4 Jobl Job2 Job5
Job4 Job3 Job2 Jobl Job5
Jobl Job5 Job3 Job2 Job4
Job3 Job4 Jobl Job2 Job5
Job2 Job4 Jobl Job3 Job5
Job5 Jobl Job2 Job3 Job4
Job4 Job5 Job2 Jobl Job3
Job3 Job2 Job5 Jobl Job4
Job3 Job4 Job5 Jobl Job2
Jobl Job4 Job2 Job5 Job3
Job5 Job3 Job2 Jobl Job4
Job3 Job5 Jobl Jobh2 Job4

Table 2. Execution times of jobs on VMS

VM1 VM2 VM3 VM4 VM5
JoB1 28 26 28 24 17
JOB2 17 16 24 25 24
JOB3 28 20 15 25 15
JOB4 28 27 26 20 18
JOBS 21 26 28 24 15

Table 3. Final allocation-GWOCSA

VM1
JOBS

VM2
JOB2

VM3
JOB3

VM4
JOB4

VM5
JOB1

Completion time
89

The best makespan of the given problem after 10 iterations
calculated by GWOCSA=124, with GWO=122 and with
CSA=128. After iteration 120, the best makespan is 89.
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GWOCSA algorithm converges quickly. GWO and CSA
suffer from slow convergence. Based on the values obtained
from results it can be concluded that the proposed algorithm
competes with GWO and CSA algorithms. It has proven that
at times its efficiency is better than the other two algorithms.

Figure 1 shows the comparison of the GWOCSA with
GWO and CSA. From the figure, it can be observed that at the
initial stages GWO shows a better solution. CSA algorithm
does not converge quickly. However, the proposed algorithm
balances the exploration and exploitation and reaches an
optimal solution. The makespan after 20 iterations was 123
with GWO,130 with CSA, and 120 with GWOCSA.
GWOCSA converges to the optimal solution after 120
iterations. The convergence of the GWO algorithms takes after
160 iterations, and with CSA algorithm happens after 180
iterations.

140

[ G\WOCSA
[ Gwo
[IcsA

120

100

80

Makespan

60

40

20

20 40 60 80 100 120

Iterations

140 160 180 200

Figure 1. Comparison of makespan

5. CONCLUSION

Present paper discusses the drawbacks of existing meta-
heuristic algorithms. GWO and CSA algorithms are
considered to enhance the drawbacks of the algorithms when
considered individually. Exploration and exploitation are
balanced with the help of hybridization. This work can be
further enhanced by applying a multi-objective function, in
which multiple objectives can be addressed. The proposed
algorithm is tested on MATLAB. The proposed algorithm
converges quickly when compared with GWO and CSA
algorithms. The present work can be extended further.
Interested researchers may test on real clouds like
OPENSTACK and CLOUDSTACK to check for the
efficiency.

REFERENCES
(1]
(2]
3]

https://cloudacademy.com/blog/surprising-ways-cloud-
computing-is-changing-education/.
https://www.healthitoutcomes.com/doc/ways-cloud-
computing-is-impacting-healthcare-0001.

Xu, F., Liu, F., Jin, H., Vasilakos, A.V. (2013).
Managing performance overhead of virtual machines in
cloud computing: A survey, state of the art, and future
directions. Proceedings of the IEEE, 102(1): 11-31.
https://doi.org/10.1109/JPROC.2013.2287711



[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

Mirjalili, S., Mirjalili, S.M., Lewis, A. (2014). Grey wolf
optimizer. Advances in Engineering Software, 69: 46-61.
https://doi.org/10.1016/j.advengsoft.2013.12.007

Askarzadeh, A. (2016). A novel metaheuristic method

for solving constrained engineering optimization
problems: Crow search algorithm. Computers &
Structures, 169: 1-12.

https://doi.org/10.1016/j.compstruc.2016.03.001
Arora, S., Singh, H., Sharma, M., Sharma, S., Anand, P.
(2019). A new hybrid algorithm based on grey wolf

optimization and crow search algorithm for
unconstrained function optimization and feature
selection. IEEE  Access, 7 26343-26361.

https://doi.org/10.1109/ACCESS.2019.2897325
Tawfeek, M.A., EI-Sisi, A., Keshk, A.E., Torkey, F.A.
(2013). Cloud task scheduling based on ant colony
optimization. 2013 8th International Conference on
Computer Engineering & Systems (ICCES), Cairo,
Egypt, pp. 64-69.
https://doi.org/10.1109/ICCES.2013.6707172

Li, K., Xu, G., Zhao, G., Dong, Y., Wang, D. (2011).
Cloud task scheduling based on load balancing ant
colony optimization. 2011 Sixth Annual Chinagrid
Conference, Liaoning, China, pp. 3-9.
https://doi.org/10.1109/ChinaGrid.2011.17

Dai, Y., Lou, Y., Lu, X. (2015). A task scheduling
algorithm based on genetic algorithm and ant colony
optimization algorithm with multi-QoS constraints in
cloud computing. 2015 7th International Conference on
Intelligent Human-Machine Systems and Cybernetics,
Hangzhou, China, pp. 428-431.
https://doi.org/10.1109/IHMSC.2015.186

Azad, P., Navimipour, N.J. (2017). An energy-aware task
scheduling in the cloud computing using a hybrid cultural
and ant colony optimization algorithm. International
Journal of Cloud Applications and Computing (IJCAC),
7(4): 20-40. https://doi.org/10.4018/IJCAC.2017100102
Chen, X., Long, D. (2019). Task scheduling of cloud
computing using integrated particle swarm algorithm and
ant colony algorithm. Cluster Computing, 22(2): 2761-
2769. https://doi.org/10.1007/s10586-017-1479-y

Kao, Y.T., Zahara, E. (2008). A hybrid genetic algorithm
and particle swarm optimization for multimodal
functions. Applied Soft Computing, 8(2): 849-857.
https://doi.org/10.1016/j.as0c.2007.07.002

Pandey, S., Wu, L., Guru, S.M., Buyya, R. (2010). A
particle swarm optimization-based heuristic for
scheduling workflow applications in cloud computing

332

[14]

(18]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

environments. 2010 24th IEEE International Conference
on Advanced Information Networking and Applications,
pp. 400-407. https://doi.org/10.1109/AINA.2010.31
Awad, A.l, El-Hefrawy, N.A., Abdel_kader, H.M.
(2015). Enhanced particle swarm optimization for task
scheduling in cloud computing environments. Procedia
Computer Science, 65: 920-929.
https://doi.org/10.1016/j.procs.2015.09.064

Verma, A., Kaushal, S. (2017). A hybrid multi-objective
particle swarm optimization for scientific workflow
scheduling.  Parallel ~ Computing, 62:  1-19.
https://doi.org/10.1016/j.parc0.2017.01.002

Gill, S.S., Buyya, R., Chana, I., Singh, M., Abraham, A.
(2018). BULLET: Particle swarm optimization based
scheduling technique for provisioned cloud resources.
Journal of Network and Systems Management, 26(2):
361-400. https://doi.org/10.1007/s10922-017-9419-y

Li, M., Du, W., Nian, F. (2014). An adaptive particle
swarm optimization algorithm based on directed
weighted complex network. Mathematical Problems in
Engineering, 2014: 434972.
https://doi.org/10.1155/2014/434972

Zhao, C., Zhang, S., Liu, Q., Xie, J., Hu, J. (2009).
Independent tasks scheduling based on genetic algorithm
in cloud computing. 2009 5th International Conference
on Wireless Communications, Networking and Mobile
Computing, Beijing, China, pp. 1-4.
https://doi.org/10.1109/WICOM.2009.5301850

Aziza, H., Krichen, S. (2018). Bi-objective decision
support system for task-scheduling based on genetic
algorithm in cloud computing. Computing, 100(2): 65-91.
https://doi.org/10.1007/s00607-017-0566-5

Ibrahim, H., Aburukba, R.O., El-Fakih, K. (2018). An
integer linear programming model and adaptive genetic
algorithm approach to minimize energy consumption of
cloud computing data centers. Computers & Electrical
Engineering, 67: 551-565.
https://doi.org/10.1016/j.compeleceng.2018.02.028
Zhou, Z., Li, F., Zhu, H., Xie, H., Abawajy, J.H.,
Chowdhury, M.U. (2020). An improved genetic
algorithm using greedy strategy toward task scheduling
optimization in cloud environments. Neural Computing
and Applications, 32(6): 1531-1541.
https://doi.org/10.1007/s00521-019-04119-7

Wang, J.S., Li, S.X. (2019). An improved grey wolf
optimizer based on differential evolution and elimination
mechanism.  Scientific ~ Reports, 9(1): 7181.
https://doi.org/10.1038/s41598-019-43546-3





