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Abstract 

Meta-heuristic algorithms are used to get optimal solutions in different engineering branches. Here four types of meta-

heuristics algorithms are used such as evolutionary algorithms, swarm-based algorithms, physics based algorithms and 

human based algorithms respectively. Swarm based meta-heuristic algorithms are given more effective result in 

optimization problem issues and these are generated global optimal solution. Existing swarm intelligence techniques 

are suffered with poor exploitation and exploration in given search space. Therefore, in this paper Hybrid Artificial 

Grasshopper Optimization (HAGOA) meta-heuristic algorithm is proposed to improve the exploitation and exploration 

in given search space. HAGOA is inherited Salp swarm behaviors. HAGOA performs balancing in exploitation and 

exploration search space. It is capable to make chain system between exploitation and exploration phases. The 

efficiency of HAGOA meta-heuristic algorithm will analyze using 19 benchmarks functions from F1 to F19. In this 

paper, HAGOA algorithm is performed efficiency analyze test with Artificial Grasshopper optimization (AGOA), 

Hybrid Artificial Bee Colony with Salp (HABCS), Modified Artificial Bee Colony (MABC), and Modify Particle 

Swarm Optimization (MPSO) swarm based meta-heuristic algorithms using uni-modal and multi-modal functions in 

MATLAB. Comparison results are shown that HAGOA meta-heuristic algorithm is performed better efficiency than 

other swarm intelligence algorithms on the basics of high exploitation, high exploration, and high convergence rate. It 

also performed perfect balancing between exploitation and exploration in given search space.     

 

Keywords- Swarm intelligence (SI), Hybrid artificial grasshopper optimization (HAGOA), Modified artificial bee 

colony (MABC), Modify particle swarm optimization (MPSO). 

 

 

 

1. Introduction 
Most real-world issues have high complexity, non-linear constraints, interdependencies amongst 

variables and an oversized solution space. In recent years meta-heuristic algorithms are most 

commonly used in engineering application (Gogna and Tayal, 2013). The utilization of a method 

that's capable of solving advanced optimization issues in real time application (Mirjalili, 2015; 

Mirjalili and Lewis, 2016). Meta-heuristic optimization algorithms are standard in engineering 

applications as a result of the supply simplicity, flexibility, derivation-free mechanism, and local 

optima avoidance (Mirjalili et al., 2014). It solves optimization issues. Optimization suggests that 

to finding the most effective values for the variables of a specific downside to reduce or 

maximize an objective function (Saremi et al., 2017). Meta-heuristic algorithms are used in 

engineering and technological application (Bose and Pain, 2018). Meta-heuristic algorithms are 

performed random operators and familiar with stochastic optimization techniques. These 
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algorithms have a large number of local optima and helpful to avoid local solutions in given 

search space. 

 

In this paper, HAGOA new hybrid meta-heuristic optimization algorithm is proposed for solving 

single-objective and multi-objective optimization issues. It will also solve problems such as slow 

convergence rate, avoidance local optima and balancing between exploitation and exploration 

phases. The rest of the paper is organized as follows: In section 2, the related work is presented. 

In section 3, the stochastic optimization is discussed. Section 4, presents result and efficiency 

evaluation using benchmark functions. In section 5, conclusion and future works is discussed. 

 

2. Related Work 

Meta-heuristic algorithms are divided in four categories such as evolutionary algorithms (Back, 

1996), swarm intelligence algorithms (Blum and Li, 2008), Physics based algorithms and Human 

based algorithms. Evolutionary algorithms (EA) are optimized by natural selection. Evolutionary 

algorithms are heuristic-based approach to solving problems that cannot be easily solved in 

polynomial time, such as classically NP-Hard problems, and anything else that would take far too 

long to exhaustively process. EA is categorized such as Evolutionary Strategy (ES), Differential 

Evolution (DE), Biogeography-Based Optimization (BBO) algorithm, Evolutionary Programming 

(EP), and Genetic Algorithm (GA) (Fogel et al., 1966; Rechenberg, 1973; Storn and Price, 1997; 

Yao et al., 1999; Simon, 2008; Mirjalili and Lewis, 2016) etc. Swarm Intelligence (SI) shows a 

current computational and behavioral similitude for taking care of disseminated issues that 

initially took its motivation from the biological illustrations gave by social insects like ants, 

termites, honey bees, wasp. SI algorithms are categories as: 

 

 

 
 

Figure 1. Meta-heuristic algorithms 

 

Ant Colony Optimization (ACO), Honey Based Optimization (HBO), Particle Swarm 

Optimization (PSO) and Elephant Swarm Optimization (ESO) are most popular SI algorithms 

(Archie and Chiyo, 2012).  ACO is performed to enhance the lifetime of WSNs with energy 

efficiency. Every wireless sensor node is demonstrated as a mock ant and automatic routing is the 

demonstrated as an ant searching. Particle swarm improvement (PSO) approach is a swarm 

intelligence family. PSO approach begins from the investigation of the nature of the behavior of 

predacious birds. The essential guideline of PSO approach is that every bird is inattentive as a 
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particle (Liang and Yu, 2005; Wang et al., 2010; Kaveh et at., 2014). Therefore, the increased 

outcome compares to the position of the particles in the search area (He and Huang, 2012).  

 

In every cycle step, the particles are updated by following the accompanying 2 extremes: one is 

the best position of the neighborhood arrangement and another is that the best position of the 

excellent best solution. Through their learning background and therefore the commercialism of all 

particles information, it decides the following stage of the flight speed and direction and its steps 

by step advancement toward the optimal solution. Accordingly, the presentation of the PSO 

approach can generally enhance the WSNs execution as far as load adjusts vitality utilization and 

so forth. Honey Bee Optimization (HBO) approach is utilized as a part of this work to perform 

viable grouping of nodes based on the distance from the target point and capable to find food 

source based on highest fitness (Archie et al., 2006; Ari et al., 2016). Elephant Based Swarm 

Optimization (ESO) ways to deal with enhance WSNs lifetime. Elephants are social warm-

blooded creatures, and show propelled knowledge (Wilson, 2000). Elephants are frequently found 

to be present in a "liquid splitting combination" social condition (Krebs and Davies, 1993). 

Elephants portrayed by their great memory, their tendency to exist together and make due inside a 

cluster (Archie et al., 2006), socially detailed amid testing circumstances such as movement and 

when the resources are panic. Elephants identified a magnanimous conduct which empowers 

them to develop and is the mystery of their life span. Remembering advancement and 

survivability the more seasoned elephants separate or isolate from the group. Elephants by the 

environment are more grounded defensive of their more youthful age (Archie and Chiyo, 2012; 

Adams, 2013). Salp Swarm rule (SSA) is the most well-known SI approach. Salp is family of 

salpidae. slap chain is designed using leader and followers. It manages into two sets: leader and 

followers respectively. The leader is head swarm and followers are followed leader. Slap 

approach gave best results for single and multi-objective optimization problems (Mirjalili et al., 

2017).  

 

Some other SI algorithms are: Curved Space Optimization (CSO) (Moghaddam et al., 2012), 

Artificial Bee Colony (ABC) algorithm (Karaboga et al., 2007), Galaxy-based Search Algorithm 

(GbSA) (Shah, 2011), Cuckoo Search (CS) algorithm (Yang and Deb, 2009), Small-World 

Optimization Algorithm (SWOA) (Du et al., 2006), Firefly Algorithm (FA) (Yang, 2010), Ray 

Optimization (RO) algorithm (Kaveh and Khayataza, 2013), Bat Algorithm (BA) (Yang, April-

2010), Black Hole (BH) algorithm (Hatamlou, 2013), Grey Wolf Optimizer (GWO) (Mirjalili et 

al., 2014; Aswani et al., 2016; Kumar et al., 2017), Artificial Chemical Reaction Optimization 

Algorithm (ACROA) (Alatas, 2011), Dolphin Echolocation (DE) (Kaveh and Farhoudi, 2013), 

Central Force Optimization (CFO) (Formato, 2007), Whale Optimization Algorithm (WOA) 

(Mirjalili, and Lewis, 2016), Charged System Search (CSS) (Kaveh and Talatahari, 2010), 

Fruitfly Optimization Algorithm (FOA), Gravitational Search Algorithm (GSA) (Rashedi et al., 

2009), Harmony Search (Geem et al., 2001), A powerful and efficient algorithm for numerical 

function optimization: artificial bee colony (ABC) algorithm (Kumar et al., 2015), Improved 

artificial bee colony algorithm for global optimization, Compact Optimization (Kaveh and 

Khayatazad, 2012; Neri et al., 2013), A global best artificial bee colony algorithm for global 

optimization (Gao and Liu, 2011; Abro and Mohamad, 2012), Enhanced global-best artificial bee 

colony optimization algorithm, Improved artificial bee colony meta-heuristic for energy-efficient 

clustering in wireless sensor networks (Du et al., 2006; Yang, 2010; Yang, April-2010; Kaveh 

and Khayatazad, 2012; Hatamlou, 2013; Aswani et al., 2016; Mirjalili et at., 2014; Mann and 

Singh, 2017; Kumar et al. 2017).  
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Another side many Physics-based algorithms are discussed in literature such as Big-Bang Big-

Crunch (BBBC) (Erol and Eksin, 2006), Simulated Annealing (SA) (Kirkpatrick et al., 1983) and 

Gravitational Local Search (GLSA) (Cerny, 1985; Webster, and Bernhard, 2003). Human 

behaviors based algorithm also described in literatures such as: Group Counseling Optimization 

(GCO) (Kashan, 2011) algorithm, Teaching Learning Based Optimization (TLBO) (Tan and Zhu, 

2010), Exchange Market Algorithm (EMA), Harmony Search (HS) (Kaveh and Nasrollahi, 

2014), Social-Based Algorithm (SBA), Tabu (Taboo) Search (TS) (Gandomi, 2014; Kaveh and 

Mahdavi, 2014), Seeker Optimization Algorithm (SOA), Group Search Optimizer (GSO) 

(Moosavian and Roodsari, 2014a; Sadollah et at., 2013), Soccer League Competition (SLC) 

algorithm, Imperialist Competitive Algorithm (ICA), Mine Blast Algorithm (MBA) (Kaveh et at., 

2014), League Championship Algorithm (LCA), Colliding Bodies Optimization (CBO) (Bramer 

et al., 2010; Eita and Fahmy, 2014), Interior Search Algorithm (ISA) (Dai et al., 2007; Ramezani 

and Lotfi et al., 2013; Eita and Fahmy, 2014; Moosavian and Roodsari, 2014b), Firework 

Algorithm (Ghorbani et al., 2014; Mirjalili and Lewis, 2016) and Grasshopper Optimization 

(GOA) (Saremi et al. 2017). All types of nature-inspired algorithms are optimization of solution 

till the satisfactory result is not found. The optimization needs to perform on either exploration or 

exploitation phase. Exploration phase has a large search capability in given search space and 

works globally. Other side exploitation phase has a small search capability in given search space 

and works locally. A balancing of exploration and exploitation will give global optimum solution 

in given search space (He and Huang, 2012). 

 

3. Stochastic Optimization 
This section describes stochastic optimization. It is divided into two classes: single and multi-

objective optimization. This section describes the advantage and disadvantage of single and 

multi-objective optimization in given search space. Single-objective optimization works with one 

objective and only one objective to be minimized or maximized. It is divided into two categories: 

equality and inequality (Mirjalili et al., 2014). It is designed as minimization problem: 

 

𝑀𝑖𝑛: 𝐹(𝑥⃗ ) = {𝑓 1 (𝑥⃗ )}                                                                                                                               (1) 

Subject to: 𝑔𝑗(𝑥⃗ ) ≥ 0, j = 1,2 … … … … … ne                                                                                         (2) 

ℎ𝑗(𝑥⃗ ) = 0, 𝑖 = 1,2, … … … . 𝑒                                                                                                                                  (3) 

𝑙𝑏𝑗 ≤ 𝑥𝑗 ≤ 𝑢𝑏𝑗, 𝑗 = 1,2, … … … … . . 𝑛                                                                                                         (4) 

 

In equation (1), f1 defines objective function. In equation (2), ne defines number of inequality 

constrained. In equation (3), e defines the number of equality constraints. According to equation 

(4) n is the number of objectives and lbj is the lower bound of the jth variable, and ubj indicates the 

upper bound of the jth variable. Search space is collection of variables, the range of variables, 

constraints and objectives. The single objective function is only capable to draw search space in 

one dimension, two dimensions and three dimensions problems. But it is unable to draw more 

than three dimensional for search space. So that more than three dimensions be the first issue 

when solving the optimization problem. Other issue with single objective function is the 

availability of local solutions. The local solution means many other solutions give value closer to 

the objective value of global optimum. But the local solution is not the best solution globally into 

complete search space. 
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In exploitation phase one best solution is called global optimum in given search space. Local 

solutions are affected by many optimization algorithms. So during the searching local optima 

should be avoided and efficiently search the global optimum based on collective technique. The 

solution is to move globally called the exploration process. Exploration is identified as the most 

suitable area in the search space and avoid local solution. After completion of the exploration 

process, again solution move locally called exploitation process. Therefore main objective of 

exploitation to improve the accuracy and local solution avoidance got in exploration time. 

 

The second side, multi- objective optimization is based on more than one objective (Pramy, 

2018). All objectives should be optimized concurrently to resolve the multi-objective problem. It 

is derived as: 

 

𝑀𝑖𝑛: 𝐹(𝑥⃗ ) = {𝑓1 (𝑥⃗ ), 𝑓2 (𝑥⃗ ) … … … … … … . . 𝑓o(𝑥⃗ )}                                                                        (5) 

Subject to: 𝑔𝑗(𝑥⃗ ) ≥ 0, j = 1,2 … … … … … ne                                                                                         (6) 

ℎ𝑗(𝑥⃗ ) = 0, 𝑗 = 1,2, … … … . 𝑒                                                                                                                      (7) 

𝑙𝑏𝑗 ≤ 𝑥𝑗 ≤ 𝑢𝑏𝑗, 𝑗 = 1,2, … … … … . . 𝑛                                                                                                         (8) 

 

Where, the equation (5), fo defines number of objectives. Equation (6), ne defines number of 

inequality constrained. In equation (7), e defines number of equality constraints. In the last 

equation (8), n defines number of variables and lbj defines the lower bound of the jth variable, and 

ubj indicates the upper bound of the jth variable. The multi-objective problem should be resolved 

based on relational operators. Relational operators make comparison between two solutions 

generated by a multi-objective function called Pareto optimal dominance (dominating solution) 

and without holding of two solutions called non dominated solution. Therefore, Pareto optimal 

plays more significant role in multi-objective optimization. It is identified as the best optimal 

solution among the multiple solutions. The pareto optimal set is optimized multiple solutions and 

projected in objective space called optimal front. Proper balancing between exploitation and 

exploration phases, slow convergence and avoid local solution are common issues between single 

objective and multi-objective. Other optimization algorithms have applied to solve single and 

multiple objective problems like Multi-Objective Evolutionary Algorithm based on 

Decomposition (MOEA/D), ABC, Non-dominated Sorting Genetic Algorithm version 2 (NSGA-

II) and DE-based methods, Pareto-frontier Differential Evolution (PDE), PSO. Based on the 

various benefits of proposed algorithms in literature and tested by the No-Free-Lunch (NFL) that 

all nature inspired algorithms are unable to resolve all optimization issues. That’s why always the 

chance to bring a new algorithm. In this paper, HAGOA hybrid meta-heuristic optimization 

algorithm is proposed for solving single-objective and multi-objective optimization issues. It will 

also solve problems such as slow convergence rate, avoidance local optima and balancing 

between exploitation and exploration phases. 
 

4. Result and Efficiency Evaluation Using Benchmark Functions 
The proposed Hybrid Artificial Grasshopper Optimization (HAGOA) meta-heuristic algorithm is 

compared with Artificial Grasshopper Optimization (AGOA) (Saremi et al., 2017), Hybrid 

Artificial Bee Colony with Salp (HABCS), Modify Artificial Bee Colony (MABC) (Gao et al., 

2012) and Modify Particle Swarm Optimization (MPSO) (He and Huang, 2012) to count 

efficiency evaluation. The numerical efficiency of HAGOA algorithm is tested by nineteen 
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benchmark functions. These nineteen benchmark functions are used in optimization literature 

(Dai et al., 2007; Karaboga and Basturk, 2007; Gao et al., 2013; Saremi et al., 2017). The 

benchmark test functions are divided into two categories: Unimodal and multimodal. Unimodal 

functions (F1-F8) are defined in Table 1 and multimodal functions (F9-F19) are defined in Table 

2. For all the algorithms, a population size varies from 10 to 100. 

 
 

 

 

 

Table 1. Unimodal benchmark functions 
 

Acronym Function Dim Search Range 

F1   2

1

n

j

j

yf jy


  05 [-100,100] 

F2   2

1

n

j

jf yy


  05 [-100, 100] 

F3    4

1

0,1   

n

j

j

f jy randomy



   05 [-100, 100] 

F4 

 

 
  

2 2 2

1 2 1

2 2 2

3 3 4

2 2

2 4

2 4

100( ) ( 1)

( 1) 90( )

10.1(( 1) 1)

19.8 1 1

f y y y

y y y

y

y

y

y y

   

   

   

  

 05 [-100, 100] 

F5  
1

2 2 2

1

1

[100( ) ( 1) ]

n

j j j

j

f yy y y







     05 [-100, 100] 

F6 

( / ) 2

( 1) (4 3) (4 2)

2 4

(4 1) 4 (4 2) (4 1)

4

(4 3) 4

( ) ( 10 )

5( ) ( )

10( )

n k

j j j

j j j

j

f y y y

y y yj y

y y j

  

  



 

   

 


 05 [-100, 100] 

F7    
2 2 2

1

0

1 (2 1)
n

i i

i

f x x i x x


       05 [-100, 100] 

F8 

     

    
1 2

2 2

1 2exp

f x cos x cos x

x x 

 

   
 05 [-100, 100] 
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Table 2. Multimodal benchmark functions 
 

Acronym Function Dim Search Range 

F9    2

1

10cos 2 10
n

i i

i

f x x x


    05 [-100, 100] 

F10    
1

sin
n

i i

i

f x x x


   05 [-100, 100] 

F11      2 2

1

sin (sin / )
n

m

i i

i

f x x ix 


   06 [-100,100] 

F12  
25

2 6
1

1

1 1
1

500 ( )j i iji

f x
j x a



 
   
   




 02 [-100, 100] 

F13    
5

1

1

( ( ) ]T

i i i

i

f x x a x a c 



      06 [-100, 100] 

F14    
2

1 1

)( / ) 1
n n

k k

i

k i

f x i x i
 

    02 [-100, 100] 

F15    
2

1

p

i i

i

f x A B


   05 [-100, 100] 

F16 

2

( 1)
1

2

( 1)

( ) ( ( 1/ ( )

( ( ) )))

m
n

i j ij
i

n

j ij

f x c exp x a j

cos x a j






   



 



 05 [-100, 100] 

F17  
  

2 2

1 2

2 2

1 2

sin ²( ) 0.5
0.5

1 0.0001 ²

x x
f x

x x

 
 

 

 
05 [-100, 100] 

F18   2

1 1

1
cos 1

4000

n n
i

i

i i

x
f x x

i 

     05 [-100, 100] 

F19  
 211

1 2 2

2
1 3 4

( )
i i

i

i i i

x b b x
f x a

b b x x


 

 
  05 [-100, 100] 

 

 

 

4.1 Efficiency Evaluation of the Algorithm Using Unimodal Benchmark Functions 

Uni-modal has single optimum solution and it is analyzed exploitation space, local search space 

and convergence rate of the proposed HAGOA and existing algorithms. Functions F1 to F8 in 

above defined in Table 1. The different iterations are running 40 times for all algorithms and start 

with different population’s randomly generated result based on average cost (mean) function and 

standard deviation. HAGOA is compared with AGOA, HABCS, MABC and MPOS algorithms 

using benchmark functions. Figure 2 to Figure 9 represent unimodal test functions. HAGOA is 

more efficient than AGOA, HABC, MABC, and MPSO on the popular of test cases. It is also 

proved that suitable for high exploitation. 
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Figure 2. HAGOA search behavior on unimodal function (F1) 

 

 

 
 

Figure 3. HAGOA search behavior on unimodal function (F2) 

 

 

 
 

Figure 4. HAGOA search behavior on unimodal function (F3) 

 

 

 
 

Figure 5. HAGOA search behavior on unimodal function (F4) 
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Figure 6. HAGOA search behavior on unimodal function (F5) 

 

 

 
 

Figure 7. HAGOA search behavior on unimodal function (F6) 

 

 

 
 

Figure 8. HAGOA search behavior on unimodal function (F7) 

 

 

 
 

Figure 9. HAGOA search behavior on unimodal function (F8) 
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Table 3. Performance evaluation on unimodal functions 
 

Function MPSO MABC HABCS  AGOA HAGOA 

F1  
Avg. 4.981E-07 4.234E-9 4.198E-10 5.187E-12 2.798E-17 

Std. ±0.010E+00 ±0.009E+00 ±0.003E+00 ±0.044E+00 ±0.110E+00 

F2  
Avg. 0.010E+00 1.653E-09 1.010E-12 1.781E-09 0.010E-12 

Std. ±0.0004E+00 ±2.101E+00 ±1.008E+00 ±3.171E+00 ±0.004E+00 

F3 
Avg. 1.157E-03 0.800E-04 0.698E-08 0.907E-04 0.757E-08 

Std. ±1.760E-04 ±0.911E-02 ±0.780E-03 ±8.911E-02 ±6.780E-03 

F4 
Avg. 0.008E+00 0.144E-04 0.053E-07 0.944E-03 0.078E-07 

Std. ±0.010E+00 ±0.266E-00 ±0.123E+00 ±0.356E-00 ±0.011E+00 

F5 
Avg. 1.100E-06 1.654E-08 0.111E-13 1.870E-09 0.100E-12 

Std. ±0.040E-06 ±1.660E-08 ±0.104E-08 ±1.660E-08 ±0.140E-08 

F6 
Avg. 5.748E-01 2.189E-05 2.148E-06 1.789E-02 3.748E-07 

Std. ±3.037E+01 ±2.538E+00 ±2.987E+00 ±4.838E+00 ±2.137E+00 

F7 
Avg. 6.667E-03 1.127E-05 1.337E-07 1.237E-03 1.667E-08 

Std. ±0.000E+00 ±0.100E+00 ±0.097E+00 ±0.100E+00 ±0.010E+00 

F8 
Avg. 0.900E+00 1.817E-07 0.700E-13 −1.180E-07 -0.900E-12 

Std. ±0.080E+00 ±0.60E+00 ±0.040E+02 ±0.100E+00 ±0.080E+02 

 

 

 

 

4.2 Efficiency Evaluation of the Algorithm Using Multi-modal Benchmarks 

Functions 
The HAGOA algorithm is running 40 times start with different populations and randomly 

generated result based on average cost (mean) function and standard deviation. HAGOA is 

compared with AGOA, HABCS, MABC, and MPSO algorithms using benchmark multi-modal 

functions. Efficiency analyzed of algorithms on unites functions according to Table 3. Figure 10 

to Figure 20 represent the multi-modal test functions. It is proved that HAGOA is more efficient 

than AGOA, HABCS, MABC, and MPSO on the popular of test cases. It is also proved that 

suitable for high exploration. High exploration helps to select the most promising region in search 

space. Table 4 is proved high convergence rates in search space. It is fulfilled local optimum 

avoidance condition and able to select global optimum one. 
 

 

 

 
 

Figure 10. HAGOA behavior on multimodal function (F9) 
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Figure 11. HAGOA behavior on multimodal function (F10) 

 

 

 
 

Figure 12. HAGOA behavior on multimodal function (F11) 

 

 

 
 

Figure 13. HAGOA behavior on multimodal function (F12) 

 

 

 
 

Figure 14. HAGOA behavior on multimodal function (F13) 
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Figure 15. HAGOA behavior on multimodal function (F14) 

 

 

 
 

Figure 16. HAGOA behavior on multimodal function (F15) 

 

 

 
 

Figure 17. HAGOA behavior on multimodal function (F16) 

 

 

 
 

Figure 18. HAGOA behavior on multimodal function (F17) 
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Figure 19. HAGOA behavior on multimodal function (F18) 

 

 

 
 

Figure 20. HAGOA behavior on multimodal function (F19) 

 

 

 

 

 

Table 4. Performance evaluation on multimodal functions 
 

Function MPSO MABC HABCS  AGOA HAGOA 

F9 
Avg. -6.909E-7 -0.566E-07 -0.539E-12 -1.0266E-8 -1.239E-12 

Std. ±6.790E+02 ±2.876E-02 ±1.895E-02 ±2.208E-02 ±1.875E-02 

F10 
Avg. 1.681E-01 0.965E-05 1.263E-8 0.225E-05 1.373E-09 

Std. ±7.412E+00 ±1.538E-01 ±2.114E-03 ±1.538E-01 ±2.564E-03 

F11 
Avg. 9.980E-03 2.011E-05 4.291E-09 1.034-03 6.993E-10 

Std. ±0.030E+00 ±0.440E-01 ±0.321E-02 ±0.540E-01 ±0.110E-02 

F12 
Avg. -1.087E-01 -0.215E-04 -0.859E-09 -0.315E-03 -1.652E-09 

Std. ±5.878E+00 ±0.409E-03 ±2.543E-04 ±0.309E-02 ±2.121E-03 

F13 
Avg. 3.605E-03 2.586E-04 0.543E-08 3.786E-06 0.419E-09 

Std. ±4.893E-02 ±2.137E-02 ±0.478E-01 ±2.137E-02 ±0.478E-01 

F14 
Avg. 0.070E-05 0.123E-09 0.101E-12 0.070E-12 0.100E-29 

Std. ±0.600E-08 ±0.600E-01 ±0.100E-02 ±0.600E-01 ±0.100E-02 

F15 
Avg. 0.100E-08 -1.721E-04 -1.594E-09 -1.423E-04 -2.694E-07 

Std. ±0.010E+00 ±1.812E-02 ±1.101E-03 ±1.812E-02 ±1.101E-03 

F16 
Avg. 5.760E-03 0.876E-09 0.131E-13 1.189E-09 1.139E-13 

Std. ±1.000E-02 ±3.785E-03 ±3.834E-03 ±3.785E-03 ±3.834E-03 

F17 
Avg. 9.877E-05 0.166E-05 0.664E-10 0.183E-05 0.794E-09 

Std. ±1.158E-02 ±2.291E-01 ±1.161E-01 ±2.291E-01 ±1.161E-01 

F18 
Avg. 3.976E-04 1.000E-06 1.007E-09 1.187E-05 1.927E-11 

Std. ±1.860E-04 ±6.181E-04 ±0.181E-06 ±8.781E-05 ±0.981E-05 

F19 
Avg. 1.457E-02 2.303E-02 1.127E+03 4.303E-03 1.457E+03 

Std. ±1.269E-02 ±9.469E-03 ±1.269E+03 ±9.469E-03 ±1.269E+03 
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4. Conclusion and Future Work 
This paper is proposed Hybrid Artificial Grasshopper Optimization (HAGOA) meta-heuristics 

algorithm. It is merged features of AGOA and Salp swarm intelligence. It is improved 

exploitation, exploration, convergence rates and balance in exploitation and exploration phased in 

given search space. The efficiency of HAGOA algorithm is evaluated using unimodal (F1-F8) 

and multimodal (F9-F19) benchmark functions. HAGOA is proved that more suitable for high 

exploitation and it is capable to balance between exploitation and exploration phases in given 

search space. It is also improved convergence rate in given search space. In this paper, high 

exploitation helps to select optimal search space and high exploration helps to select the most 

promising region in search space. It is satisfied local avoidance condition and it is also capable to 

select global optimal in given search space. In this paper, HAGOA meta-heuristics algorithm has 

proved efficiency using unimodal and multimodal benchmark function compared with variants of 

swarm intelligence algorithms. In future work, HAGOA meta-heuristic algorithm will be applied 

in wireless sensor networks to increase lifetime and improve energy efficiency. 
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