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Abstract— This paper provides a detailed overview of the Grey Wolf Optimizer (GWO).The 
social hunting behaviour of grey wolves served as the inspiration for the recently introduced 
meta-heuristic known as the GWO algorithm. The GWO has been employed in almost all 
optimization areas and engineering practice and it has grown more and more important as a tool 
of swarm intelligence. The GWO algorithm and its variations have successfully shed light on 
several difficulties from various fields. The original GWO algorithm needed to be altered or 
hybridized in order to be used to reveal various challenges. This paper undertakes a thorough 
analysis of this active and developing field of swarm intelligence in order to demonstrate how the 
GWO algorithm may be related to every problem that arises in practice. However, it enables less 
experienced researchers and algorithm makers to use this simple but incredibly powerful method 
for problem solving. It frequently makes sure that the results obtained will live up to expectations. 
 
Index Terms— Optimization, Swarm Intelligence, Natured inspired Algorithm, Grey Wolf 
Algorithm 

I. INTRODUCTION 

The concept of Meta heuristic techniques based in variety of application in the field of engineering basically this 
method depends on basic concept and execution is simple, need not require gradient information, also bypass to 
local optima and used in large range of problems covering different field [1-5].  The majority of real-world 
optimization problems are remarkably nonlinear and multimodal, and meta-heuristic algorithms have shown 
promise in their ability to solve these problems. Every metaheuristic algorithm makes use of a clear trade-off 
between local search and randomization [6]. These algorithms can investigate the best solutions for challenging 
optimization problems, however finding the best answers is not guaranteed. For global optimization, meta-heuristic 
techniques might be suitable [7]. 
Meta-heuristic algorithms that draw inspiration from nature address optimization problems by modeling natural 
phenomena [6].That can be divided in to three categories.1.Swarm intelligence (SI), II.Evolutionary Algorithm 
(EA) and III. Physical based algorithm. 
Swarm intelligence mimic the sophisticated social behavior of animal groupings. In general, evolutionary 
algorithms abandon such data from generation to generation while Swarm Intelligence-based algorithms capture 
and utilize all knowledge about the search space as the algorithm advances. The examples of representative 
algorithms in Sis  are  Particle  Swarm  Optimization  (PSO) [14],  Ant  Colony  Optimization  (ACO)  [15],  Firefly  
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Algorithm (FA) [16], Bat Algorithm (BA) [17], and Artificial Bee Colony algorithm (ABC) [18]. 
Evolutionary Algorithm  imitate the animal behavior that evolved over time in the natural world. The search 
algorithms start with generated answers that are random, commonly referred to as the population, and they continue 
to develop through subsequent generations. The key benefit of Evolutionary Algorithm is that the best individuals 
have combined to create new generations, which improves population performance over the course of iterations 
[8]. Genetic algorithms (GA) [9], Genetic Programming (GP) [10], Evolution Strategy (ES) [11], Differential 
Evolution (DE) [12], and Biogeography-Based Optimizer (BBO) [13] are a few of the well-known evolutionary-
based tactics. 
Based upon physical law of the universe, physical based algorithm has been used. The Gravitational Search 
Algorithm (GSA) [23], Multi-verse Optimizer (MVO) [24], Magnetic Optimization Algorithm (MOA) [25], 
Electromagnetic Field Optimization (EFO) [26], and Charged System Search (CSS) [27] are the example of 
physical based algorithm. 
Grey wolf optimization (GWO) [28], a capable and recently developed meta-heuristic evolutionary optimization 
approach, was introduced by Mirjalili et al. in 2014. It is based on the social hierarchy and hunting behavior of 
grey wolves. The grey wolf (Canis lupus), a member of the Canidae family, served as the model for the GWO 
technique. Grey wolves live in packs, which range in size from 5 to 12. The pioneer is referred to as the alpha and 
is competent of make decisions regarding hunting, sleeping arrangements, etc. The second, known as beta, supports 
the alpha in making decisions. The alpha wolf must be revered by the beta wolf. From a rank perspective, omega 
is the lowest grey wolf, and it shares data with all other prevailing wolves. The other grey wolves have given the 
omega and delta their names. Exploration and exploitation are the fundamental subcategories of metaheuristic 
algorithms [29, 30]. Exploration ensures that the algorithm will reach unique promising locations inside the search 
space, whilst exploitation ensures that the programme will look for the best solutions in the designated area [31]. 

II. GWO ALGORITHM GENERAL STRUCTURE 

These algorithm contain the strict social structure in their population, which may be divided into four layers [28] 
such as α (Alpha) , β (Beta), δ (Delta) and ω (Omega). This social structure is essential to the hunting process. α 
referred as leader who leads for hunting process. According to the team model of hunting, wolves look for, track, 
chase, and approach their prey. The victim is then pursued, surrounded, and harassed until it stops moving. When 
the enclosure is sufficiently small, the wolves β and δ  who are closest to the prey begin attacking, and the other 
wolves act as reinforcements. Supplements adjust the encirclement when a prey breaks loose dependent on the 
prey's location. This enables a continuous attack on the target, leading to the prey's capture. 

 
Fig 1 Population structure of grey wolves 

The first, second, and third-best search agents in the GWO algorithm are designated as α,β and δ, respectively. 
Prey's position with relation to the overall best solution to the optimization challenge. The GWO algorithm's 
optimization procedure is as follows. In a search space, it starts by randomly creating a number of grey wolves. 
The position of the prey is determined throughout the course of repetitions by α, β and δ other wolves update their 
positions based on α, β and δ positions. The hunt then ends with an attack on the target after it stops moving after 
being circled and approached. The GWO method contains various comparing definitions that are defined as 
follows [28]. The three wolves should have more knowledge of the likely location of prey in order to mimic the 
group hunting behavior of grey wolves. They determine where the prey is in the search area, and the wolves then 
set up camp around the prey at random. In order to update the positions of the wolves in accordance with the best 
three positions. 
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Separation between the grey wolf and its prey  

ܵ =  ห⃗ܥ.ܺ௣ሬሬሬሬ⃗ (ݐ)   −  ௚ܺ ሬሬሬሬሬ⃗  ห                (1)(ݐ) 

The current iteration t, X୥  and X୮ are the position of grey wolf and prey.  
C is the coefficient vector and is determined by       

ሬሬሬ⃗ ܥ ሬሬ⃗ݎ 2 =   ଵ                               (2). 

The value of   ݎሬሬ⃗ ଵ lies between [0, 1] 
The location of prey is 

ݐ) ⃗ܺ + 1) = ܺ⃗௣ (ݐ) − ሬሬሬሬሬ⃗  ܦ ܣ⃗                                                           (3) 

Where A is coefficient vector 

ܣ⃗ = 2. ݀⃗. ଶݎ⃗ − ݀⃗                                                            (4) 

The value of d is linearly decreased from 2 to 0 in entire iteration process. 
The position of grey wolf is updated based on the following equation. 

൛ܵ⃗ఈ =  ห⃗ܥଵ. ܺ⃗ఈ − ܺ⃗ห                         (5) 

൛ܵ⃗ఉ =  ห⃗ܥଶ. ܺ⃗ఉ − ܺ⃗ห                        (6) 

൛ܵ⃗ఋ =  ห⃗ܥଷ. ܺ⃗ఋ − ܺ⃗ห                         (7) 

The separation between the search agent is calculated by using equation (5), (6) and (7). 

III. GWO STRUCTURE 

A. FLOW CHAT 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

B. Algorithm 
 The population of grey wolf is optimized by using  ௜ܺ (i= 1,2,3,…….n) 
 Define d, A and C 
 Determine the position of search agent 
     where     ܺఈ = Best search agent 
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  ఉܺ = Second Best search agent 

                         ܺఋ = Third Best search agent 

  While  (t <  max iteration) 
For Each Search agent 
By using the equation ܺ⃗(ݐ + 1) = ܺ⃗ଵ + ௑ሬ⃗మ

ଶ
+ ௑ሬ⃗య

ଷ
 , update the position of current search agent. 

End  
Update A,D and C 
Update the value of ܺ⃗ఈ , ܺ⃗ఉ, ܺ⃗ఋ 
End. 

IV. GWO ALGORITHM'S TAXONOMY  

The mathematical model of the GWO algorithm is presented briefly in this section. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

A. Hybridized version of GWO 
In general, hybridization in the context of metaheuristics refers to integrating two or more algorithms in order to 
harness the advantages and powerful aspects of each. GWO has been hybridized with various metaheuristic 
algorithms in the literature. In [33] Kamboj explain a sequential hybridization of GWO and PSO for optimizing a 
single-area unit commitment problem. The quality of the generated solutions in Neural Computing and 
Applications was competitive; but, due to the long sequential execution time, this approach suffers from slower 
convergence. Other studies, such as [32], recommended combining GWO with DE. When compared to PSO and 
DE, both efforts produced extremely competitive outcomes. 

B. Parallelism 
Parallelism is a method that can be used effectively in population-based metaheuristics in which the population is 
separated and divided into a number of subpopulations, each of which can be evolved on a distinct machine 
processor. Parallelism can significantly shorten the optimizer's execution time while also improving solution 
quality. In [34], a parallel version of GWO was implemented. In this implementation, subgroups evolve 
independently and trade the best members after a predetermined number of rounds. A comparison with the original 
GWO reveals that parallelism greatly improves performance in terms of solution quality and running speed time 
across four separate benchmark functions. 

C. Modified GWO 
The modified form of GWO is categories in to following parts: 
 Updating Mechanism 
 New operator 
 Encoding Scheme of Individuals 
 Population Structure and hierarchy. 

Theoretical 
Aspect of GWO 

Parallelism 
 

Modified GWO Hybridized 
version of GWO 
 

Updating 
Mechanism 

 

New operator Encoding 
Scheme of 
Individuals 

Population 
Structure and 

hierarchy 
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D. Updating Mechanism 
The author of [35] investigated the idea of improving the exploration process in GWO by decreasing the value of 
a using an exponential decay function, as shown in equation 8. By using different benchmark function, they 
compared by taking different algorithm PSO,BAT,CS and GWO.Finally they observed that modified version  

ܽ = 2(1− ௜మ

௠௔௫೔మ
)                                                       (8) 

Where i denote Current iteration and max i denote maximum iteration. 
Rodriguez et al. offered three different strategies for updating the placements of the omega wolves in the algorithm 
in [35]. The weighted average is one of the three approaches. Based on fitness and fuzzy logic. Although the 
performance of each method varies depending on the situation, they claimed that the fuzzy logic-based strategy 
performed better in the majority of the examined benchmark functions. 

E. New Operators 
The following are the primary works in this field of study. 
In an attempt to boost population variety in GWO, the authors proposed in [36] a modified version of the GWO 
that contains a simple crossover operator between two randomly distinct individuals. The crossover operator's goal 
is to make it easier for pack members to share information. A comparison of GWO and its modified version based 
on six benchmark functions revealed that the crossover operator improved GWO solution quality and convergence 
speed. Later, Chandr et al. [7] used this version of GWO to identify web services with optimal quality-of-service 
criteria. 
Saremi et al. [37] examined improving GWO with another sort of operator known as evolutionary population 
dynamics (EPD). EPD was used in GWO to eliminate the worst individuals in the population and reposition them 
around the population's leading wolves, i.e. a, b, and d. According to the authors, using this operator enhances the 
median of the population throughout the course of iterations and has a favorable influence on the exploration and 
exploitation processes. 
Zhang and Zhou [39] created PGWO by incorporating the Powell optimisation algorithm into GWO as a local 
search operator. Powell's algorithm is a method for determining the minimum of a function that does not need to 
be differentiable and does not take derivatives. The algorithm searches in a bidirectional fashion along search 
vectors [38]. 
Zhou et al. [40] proposed integrating GWO with chaotic local search to tune the parameters of the equivalent 
model of a small hydro generating cluster. When compared to PSO, their version of GWO performed noticeably 
better. 

F. Encoding Scheme of Individuals 
In [41] proposed a modification to GWO at the individual encoding scheme. Instead of the more common real-
valued encoding method, the authors chose a complex-valued one. The genes in the person have two major parts 
in this encoding: an imaginary part and a real part.  

G. Population Structure and Hierarchy 
GWO has a distinct hierarchical population structure. Four different types of individual each type has just one 
person, and the others are the fourth type. This notable structure has prompted several scholars to investigate the 
impact of making some changes to the hierarchy. Yang et al. [42] published an important paper in which they 
proposed a variation of GWO with a modified leadership structure. The variant's population is separated into two 
autonomous subpopulations: the first is called the cooperative hunting group, and the second is called the random 
scout group. The scout group's task is to conduct a wide exploration process, whereas the cooperative hunting 
group's task is to conduct a deep exploitation. 
This variant's inventors used it to tune the parameters of interactive proportional-integral controllers in doubly fed 
induction generator-based wind turbines. They compared their findings to those of GA, PSO, GWO, and MFO. 
When compared to the other optimizers, their findings exhibited superior fitness values and higher stability. 

V. APPLICATION OF GWO 

A. Challenges in Engineering Design 
The enhancement of engineering processes holds significant importance within the field, directly impacting the 
quality of life. The versatility of Grey Wolf Optimization has led to its adoption in addressing various engineering 
challenges, a topic thoroughly explored in this section 



 
5769 

For Design and Control 
The algorithm's performance was assessed and validated through a comparative analysis with well-known 
algorithms [43]. The results demonstrated that GWO outperformed other renowned heuristic algorithms examined 
in the study. Additionally, in [44], the authors applied the algorithm to address engineering design challenges, 
illustrating its applicability to the design of optical instruments. 

Scheduling 
In their work [45], Lu et al. introduced a multi-objective discrete grey wolf optimizer (MODGWO) to address a 
practical scheduling problem in welding production. The effectiveness of MODGWO was assessed by comparing 
it with NSGA-II and SPEA2 across various instances. Results revealed that MODGWO outperformed both NSGA-
II and SPEA2. Similarly, Panwara et al. [46] applied the Binary Grey Wolf Optimizer (BGWO) to determine the 
dedication timetable for the UC problem. Experimental results demonstrated the superior performance of BGWO 
in solving UC problems for small, medium, and large-scale systems compared to other approaches considered in 
the study. 

Path Planning and Robotics 
In their study [47], Zhang et al. applied Grey Wolf Optimization (GWO) to address the two-dimensional path 
planning problem for Unmanned Combat Aerial Vehicles (UCAV). GWO demonstrated highly competitive 
performance when compared to alternative techniques, showcasing effectiveness comparable to that of advanced 
algorithms. Additionally, Jain et al. [42] devised a hybrid system integrating Particle Swarm Optimization (PSO) 
and GWO to tackle the problem of robotic localization. 

B. Machine Learning 
GWO has been utilized in various machine learning tasks [48--50], which will be elaborated upon in the subsequent 
discussion 

Optimization Problem 
Mirjalili et al. [48] employed the multi-objective grey wolf optimizer (MOGWO) to address a multi-criterion 
optimization problem. Experimental results demonstrated the favorable performance of the MOGWO algorithm, 
surpassing MOEA/D and MOPSO.  

Clustring: 
Jeet [49] employed the MOGWGA algorithm to cluster a set of five sample software, considering six clustering 
objectives for the application. The algorithm's performance was evaluated against Two-Archive, MOGA, and 
NSGA-II based methods. The results indicate that the MOGWGA algorithm surpasses the other two approaches 
in addressing the problem discussed in the paper.  

Feature Selection: 
Singh et al. [50] employed the Multi-objective Grey Wolf Optimizer (MOGWO) to navigate the feature space, 
aiming to identify the optimal subset that effectively describes data with minimal redundancy while maintaining 
high classification accuracy. The proposed method was compared against PSO and GA, as well as other 
optimization problems aimed at finding optimal solutions for specific challenges. Notably, MOGWO 
outperformed both PSO and GA in these evaluations.  

VI. CONCLUSION 

This study offers a comprehensive overview of Grey Wolf Optimization (GWO) applications across various fields, 
intending to provide researchers and engineers with accessible insights into its practical use. The aim is to inspire 
researchers to develop new GWO variants that address existing algorithmic shortcomings. Grey Wolf Optimization 
can be broadly categorized into single-objective GWO and multi-objective GWO. The former focuses on solving 
single-objective problems, while the latter is tailored for addressing multiple objective problems. The review 
underscores that GWO algorithms have gained attention across diverse domains, including classical engineering 
design problems, image processing, clustering, job scheduling, Insights drawn from GWO applications suggest 
that it outperforms existing bio-inspired algorithms like BA, GA, FA, PSO, and others in terms of performance. 
However, the study also notes that the applications of GWO are relatively limited in the literature due to its novelty, 
with ongoing exploration by the research community. 



 
5770 

REFERENCES 
[1] H. Shayanfar, F.S. Gharehchopogh, Farmland fertility: A new metaheuristic algorithm for solving continuous optimization 

problems, Applied Soft Computing, 71: 728-746, 2018.  
[2] F.S. Gharehchopogh, H. Gholizadeh, A comprehensive survey: Whale Optimization Algorithm and its applications, 

Swarm and Evolutionary Computation, 48: 1-24, 2019.  
[3] F.S. Gharehchopogh, H. Shayanfar, H. Gholizadeh, A Comprehensive Survey on Symbiotic Organisms Search 

Algorithms, Artificial Intelligence Review, Springer Netherlands, pp. 1-48, 2019.  
[4] M. Abedi, F.S. Gharehchopogh, An Improved Opposition Based Learning Firefly Algorithm with Dragonfly Algorithm 

for Solving Continuous Optimization Problems, Intelligent Data Analysis, 24(2): 309-338, 2020.  
[5] H. Majidpour, F.S. Gharehchopogh, An improved flower pollination algorithm with adaboost algorithm for feature 

selection in text documents classification, Journal of Advances in Computer Research, 9(1): 29-40, 2018. 
[6] S. Khalandi, F.S. Gharehchopogh, A New Approach for Text Documents Classification with Invasive Weed Optimization 

and Naive Bayes Classifier, Journal of Advances in Computer Engineering and Technology, Science and Research Branch, 
4(3): 167-184, 2018.  

[7] A. Allahverdipour, F.S. Gharehchopogh, An improved k-nearest neighbor with crow search algorithm for feature selection 
in text documents classification, Journal of Advances in Computer Research, 9(2): 37-48, 2018. 

[8] G. Kaur, S. Arora, Chaotic whale optimization algorithm, Journal of Computational Design and Engineering, Vol. 5, Issue 
3, pp. 275-284, 2018.  

[9] J. H. Holland, Adaptation in Natural and Artificial systems, University of Michigan Press, Ann Arbor, MI, 1975.  
[10] J.R. Koza, Genetic programming: on the programming of computers by means of natural selection, MIT Press, 1992  
[11] H.G. Beyer, H.P. Schwefel, Evolution strategies –A comprehensive introduction, Natural Computing: an international 

journal, Vol. 1, Issue 1, pp. 3-52, 2002.  
[12] R. Storn, K. Price, Minimizing the Real Functions of the ICEC’96 Contest by Differential Evolution, International 

Conference on Evolutionary Computation, Nagoya, Japan, 1995.  
[13] D. Simon, Biogeography-based optimization, IEEE Trans Evol Computer, 12(6):702-13, 2008. 
[14] R. Eberhart, J. Kennedy, A new optimizer using particle swarm theory, in: Proceedings of the Sixth International 

Symposium on Micro Machine and Human Science, IEEE, pp. 39-43, 1995. 
[15] M. Dorigo, M. Birattari, T. Stutzle, Ant colony optimization, IEEE computational intelligence magazine, 1(4): 28-39, 

2006.  
[16] X.S. Yang, Nature-Inspired Meta-heuristic Algorithms, Luniver Press, 2008.  
[17] X.S. Yang, A new metaheuristic bat-inspired algorithm, in: Nature inspired cooperative strategies for optimization 

(NICSO 2010), Springer, pp. 65-74, 2010.  
[18] D. Karaboga, An idea based on honeybee swarm for numerical optimization, Technical Report TR06, Erciyes University, 

Engineering Faculty, Computer Engineering Department, 2005.  
[19] X.S. Yang, S. Deb, Cuckoo search via Levy flights, in: World Congress on Nature & Biologically Inspired Computing, 

2009, NaBIC 2009, IEEE, pp. 210–214, 2009.  
[20] W.T. Pan, A new fruit fly optimization algorithm: Taking the financial distress model as an example, Knowledge-Based 

Systems, Vol. 26, pp. 69-74, 2012.  
[21] S. Mirjalili, Dragonfly algorithm: a new meta-heuristic optimization technique for solving single-objective, discrete, and 

multi-objective problems, Neural Computing and Applications, 27 (4): 1053-1073, 2016. 
[22] H. Shayanfar, F.S. Ghhashchopogh, Farmland fertility: A new metaheuristic algorithm for solving continuous optimization 

problems, Applied Soft Computing, Vol. 71, PP. 728-746, 2018.  
[23] E. Rashedi, H. Nezamabadi-Pour, S. Saryazdi, GSA: a gravitational search algorithm, Information sciences, 179(13): 

2232-2248, 2009.  
[24] S. Mirjalili, S. M. Mirjalili, A. Hatamlou, Multi-verse optimizer: a nature-inspired algorithm for global optimization, 

Neural Computing and Applications, 27(2): 495-513, 2016.  
[25] M.H. Tayarani-N, M.R. Akbarzadeh-T, Magnetic Optimization Algorithms a new synthesis, IEEE Congress on 

Evolutionary Computation (IEEE World Congress on Computational Intelligence), pp. 2659-2664, 2008.  
[26] H. Abedinpourshotorban, S.M. Shamsuddin, Z. Beheshti, D.N.A. Jawawi, Electromagnetic field optimization: A physics-

inspired metaheuristic optimization algorithm, Swarm and Evolutionary Computation, Vol. 26, pp. 8-22, 2016.  
[27] A. Kaveh, S. Talatahari, A novel heuristic optimization method: charged system search, ActaMechanica, Vol. 213, Issue 

3-4, pp. 267-289, 2010. 
[28] S. Mirjalili, S.M. Mirjalili, A. Lewis, Grey Wolf Optimizer, Advances in Engineering Softwhas, Vol. 69, pp. 46-61, 2014.  
[29] A. Allahverdipour, F.S. Gharehchopogh, A New Hybrid Model of K-Means and Naïve Bayes Algorithms for Feature 

Selection in Text Documents Categorization, Journal of Advances in Computer Research, 8(4): 73-86, 2018.  
[30] E.E. Miandoab, F.S. Gharehchopogh, A novel hybrid algorithm for software cost estimation based on cuckoo optimization 

and k-nearest neighbors algorithms, Engineering, Technology & Applied Science Research, 6(3): 1018-1022, 2017.  
[31] F.S. Gharehchopogh, I. Maleki, A. Talebi, Using Hybrid Model of Artificial Bee Colony and Genetic Algorithms in 

Software Cost Estimation, 9th International Conference on Application of Information and Communication Technologies 
(AICT), IEEE, pp. 102-106, 2015. 



 
5771 

[32] Pamir, N. Javaid, A.U. Khan, S.M. Mohsin,Y.K. Jadoon, and O. Nazeer, A Hybrid Flower-Grey Wolf Optimizer Based 
Home Energy Management in Smart Grid, International Conference on Innovative Mobile and Internet Services in 
Ubiquitous Computing, IMIS 2018: Innovative Mobile and Internet Services in Ubiquitous Computing, pp. 46-59, 2018. 

[33] Kamboj VK (2016) A novel hybrid pso-gwo approach for unit commitment problem. Neural Comput Appl 27(6):1643–
1655. 

[34] Pan TS, Dao TK, Chu SC, et al (2015) A communication strategy for paralleling grey wolf optimizer. In: International 
conference on genetic and evolutionary computing. Springer, pp 253–262. 

[35] Rodrı´guez L, Castillo O, Soria J, Melin P, Valdez F, Gonzalez CI, Martinez GE, Soto J (2017) A fuzzy hierarchical 
operator in the grey wolf optimizer algorithm. Appl Soft Comput 57:315–328. 

[36] Kishor A, Singh, PK (2016) Empirical study of grey wolf optimizer. In: Proceedings of fifth international conference on 
soft computing for problem solving. Springer, pp 1037–1049. 

[37] Saremi S, Mirjalili SZ, Mirjalili SM (2015) Evolutionary population dynamics and grey wolf optimizer. Neural Comput 
Appl 26(5):1257–1263. 

[38] Powell MJD (1977) Restart procedures for the conjugate gradient method. Math Program 12(1):241–254. 
[39] Zhang S, Zhou Y (2015) Grey wolf optimizer based on Powell local optimization method for clustering analysis. Discret 

Dyn Nat Soc 2015:17. 
[40] Zhou J, Zhu W, Zheng Y, Li C (2016) Precise equivalent model of small hydro generator cluster and its parameter 

identification using improved grey wolf optimiser. IET Gener Transm Distrib 10(9):2108–2117. 
[41] Luo Q, Zhang S, Li Z, Zhou Y (2015) A novel complex-valued encoding grey wolf optimization algorithm. Algorithms 

9(1):4 
[42] Yang B, Zhang X, Yu T, Shu H, Fang Z (2016) Grouped grey wolf optimizer for maximum power point tracking of 

doubly-fed induction generator based wind turbine. Energy Convers Manag 133:427–443. 
[43] Mirjalili, S., Mirjalili, S. M., Lewis, A., “Grey wolf optimizer”, Advances in Engineering Software, 69, 46-61, (2014). 
[44] Wang, G. G., Deb, S., Coelho, L. D., “Elephant herding optimization”, In 2015 3rd International Symposium on 

Computational and Business Intelligence (ISCBI) 2015 Dec 7, IEEE, 1-5, (2015). 
[45] Lu, C., Xiao, S., Li, X., Gao, L., “An effective multi-objective discrete grey wolf optimizer for a real-world scheduling 

problem in welding production”, Advances in Engineering Software, 99, 161-176, (2016). DOI: 
http://dx.doi.org/10.1016/j.advengsoft.2016.06.004 

[46] Panwar, L. K., Reddy, S., Verma, A., Panigrahi, B. K., Kumar, R., “Binary grey wolf optimizer for large scale unit 
commitment problem”, Swarm and Evolutionary Computation, 38: 251-66, (2018). DOI: 
http://dx.doi.org/10.1016/j.swevo.2017.08.002 

[47] Komaki, G. M., Kayvanfar, V., “Grey Wolf Optimizer algorithm for the two-stage assembly flow shop scheduling problem 
with release time”, Journal of Computational Science, 8: 109-20, (2015). DOI: 
http://dx.doi.org/10.1016/j.jocs.2015.03.011 

[48] Mirjalili, S., Saremi, S., Mirjalili, S. M., Coelho, L. D. S., “Multi-objective grey wolf optimizer: a novel algorithm for 
multi-criterion optimization”, Expert Systems with Applications, 47, 106- 119, (2016). DOI: 
http://dx.doi.org/10.1016/j.eswa.2015.10.039. 

[49] Jeet, M., Arora, S., “Chaotic grey wolf optimization algorithm for constrained optimization problems”, Journal of 
Computational Design and Engineering, 5(4): 458-72, (2018). DOI: http://dx.doi.org/10.1016/j.jcde.2017.02.005 

[50] Singh, N., Singh, S. B., “A novel hybrid GWO-SCA approach for optimization problems”, Engineering Science and 
Technology, an International Journal, 20(6): 1586-601, (2017). DOI: https://doi.org/10.1016/j.jestch.2017.11.001 

 
 
 


