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Abstract. Grasshopper Optimisation Algorithm (GOA) is a new algorithm mimicking
the behavior of grasshoppers in nature. It can effectively solve some optimization prob-
lems in the real world. A novel algorithm named Multi-group Grasshopper Optimisation
Algorithm (MGOA) is presented in this paper. MGOA adopts a multi-group strategy to
randomly divide the initial solutions into several subgroups, and exchanges information
through intergroup communication after a preset iteration value. Compared with the orig-
inal GOA, MGOA can reduce both the premature convergence and easily trap into local
optimal search space. CEC2013 is used as the benchmark for testing the efficiency and
effectiveness for the proposed MGOA. The experimental results verify its performance
as being superior to the original GOA algorithm and the other optimization algorithms,
including PSO, PPSO and GWO in the literature. In addition, MGOA is also used to
solve capacitated vehicle routing problem (CVRP). The tested results appear that MGOA
surpasses GA and PSO in performance.
Keywords: Meta-heuristic optimization, Global optimization, Particle swarm optimiza-
tion, Multi-group grasshopper optimisation algorithm, Capacitated vehicle routing prob-
lem
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1. Introduction. In recent decades, evolutionary computation has attracted widespread
interest from researchers. Due to significant advances in theory and practice, it has
successfully solved optimization problems in many engineering fields [1]. The goal of
an optimization algorithm is to discover the best value of a parameter, and standard
methods for solving these problems usually start by evaluating an objective function
that combines constraints to model the objective of the problem. Inspired by ani-
mal behavior, social events, and natural phenomena, many well-known optimization
algorithms have been proposed, including Genetic algorithm (GA) [2, 3, 4], Particle
swarms optimization (PSO) [5, 6, 7], Bat algorithm (BA) [8, 9, 10], Grey wolf opti-
mization(GWO) [11, 12, 13], Ant colony 0ptimization (ACO) [14, 15, 16, 17], Flower
pollination algorithm (FPA) [18, 19] and Multi-verse optimization (MVO) [20, 21]. The
GA algorithm is derived from Darwinian evolution. The survival principle of the fittest
makes the best individuals tend to participate more in the promotion of poor solutions.
The PSO algorithm mimics the foraging behavior of flocks of birds. The best solution
obtained to this point by each particle and the best solution of the population is used to
improve the solutions. The GWO algorithm mimics the hunting principles of gray wolves
in nature. This algorithm uses the three main steps to search for prey, encircle them, and
then initiate the attack. The ACO algorithm simulates the cooperative behavior of ant
colonies trying to find the shortest path from the nest to the food source. Finally, MVO
is inspired by the multi-verse theory in physics, implementing mathematical modeling of
white holes, black holes, and wormholes to find the best universe that meets the objec-
tive function. Cat swarm optimization (CSO) [22, 23, 24], Quasi-affine transformation
evolution algorithm (QUATR) [25, 26, 27] and some other optimization algorithms in
the literature [28, 29, 30] have also been proven to effectively solve many optimization
problems.The application of optimization algorithms in transportation [31, 32, 33, 34, 35]
and wireless sensor networks [36, 37, 38, 39] is also a popular research direction, and it
has received attention from many researchers.

The no free lunch (NFL) [40] theorem proposed by Wolpert et al. logically proves that
there is no optimization algorithm that can solve all optimization problems. Encouraged
by NFL theory, more and more optimization algorithms have been proposed. There are
two main points in the development of these algorithms. One is the improvement of the
existing algorithm, and the other is the proposal of a new algorithm with a new evolution-
ary scheme. Although optimization algorithms use different evolutionary schemes, they
all include both exploration and exploitation features. Exploration refers to optimization
algorithms that try to find different promising areas in the search space. Abrupt changes
in candidate solutions are usually effective. In contrary, exploitation refers to convergence
ability around the promising areas obtained in the exploration. It represents the local
search performance of the algorithm. A proper balance between exploration and exploita-
tion can ensure that the solution moves towards a globally optimal solution. Since the
search solution space is unknown, how to balance exploration and exploitation is a major
problem for designing an algorithm. GOA is a new optimization algorithm proposed by
Shahrzad et. al in the literature [41, 42]. GOA attempts to simulate the behavior of
locust swarm and mathematically model their social interaction. Seeking for food source
is an important feature for the grasshoppers. To quickly search for food sources, three
influencing factors: wind direction, gravity, and social interaction, are introduced into
the GOA algorithm. An adaptive coefficient in the social interaction is used to promote
the movement of grasshoppers around the food source. It balances exploration and ex-
ploitation of the locust swarm. Extensive experiments have tested GOA can solve real
problems.
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GOA has such advantages as less parameters and strong robustness, which is a very
competitive optimization algorithm. However, when solving complex real problems, GOA
also shows some shortcomings, such as converging prematurely, easy to fall into a local op-
timal solution, and search stagnation. To overcome the deficiencies of the original GOA, a
novel optimizer is presented, named MGOA. A multi-group mechanism with the commu-
nication strategy is introduced into the MGOA algorithm. First, it randomly initializes
a certain number of grasshopper locations and divide them into several subgroups. The
original GOA algorithm is used to improve the search position of grasshoppers. When the
number of iterations reaches a preset value, different subgroups can exchange data and
share information according to the best grasshopper position in other groups, and finally
find the target position. A large number of experimental results under the CEC2013
test suite confirm that MGOA can obtain more competitive optimization results than the
original GOA. It is also better than PSO, PPSO [43], GWO optimization algorithms.

Capacitated vehicle routing problem (CVRP) [44, 45, 46] is one of the pivotal in trans-
portation. It is also an NP-hard problem. The CVRP problem can be described as
determining a set of optimal service routes for the fleet under certain constraints. Vehi-
cles depart from the depot to serve a certain number of tourists and then return to the
depot. The customer demands of each vehicle cannot violate the capacity limit of the
vehicle. Each customer is served only once by one of the vehicles, and all customers need
to be served by the vehicle. In practical problem solving, the objective function is to find
the route with the lowest total cost for the fleet. Since cost is closely related to distance,
the cost is measured by the distance traveled by the vehicle. The MGOA proposed in this
paper is used to solve the CVRP problem, and the results obtained are compared with
GA and PSO algorithms.

The rest of this article is organized as follows: Section 2 introduces the original GOA
algorithm and section 3 describes the proposed MGOA in detail. A large number of
experimental results and analyses are presented in Section 4. The application of MGOA
to solve CVRP is discussed in Section 5. Finally, Section 6 gives a summary of the
proposed MGOA and looks forward to the next work.

2. Original GOA Algorithm. GOA algorithm is presented in the literature [41]. GOA
is a new and promising optimization algorithm. It simulates the behavior of grasshopper
swarm and mathematically models three main concepts of social interaction, gravity force
and wind advection to control the movement of the grasshopper position. The position
of each grasshopper is a candidate solution for the optimization problem. The position
of the ith grasshopper is expressed as Xi, and the mathematical model of grasshopper
swarm behavior is shown in Eq. (1).

Xi = Si +Gi + Ai, (1)

where Si denotes the social interaction, Gi is the gravity force on the ith grasshopper, Ai

represents the wind advection.
Si is the social interaction of ith grasshopper and other grasshoppers, mathematically

formulated as follows.

Si =
N∑
j=1
j ̸=i

F (dij)d̂ij, (2)

where N is the number of grasshoppers, F is a function used to define social power, dij
is the distance between the ith grasshopper and jth grasshopper, dij = |xj − xi|,and d̂ij is

a unit vector, d̂ij = (xj − xi)/dij.
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The function F is calculated as follows.

F (r) = ae
−r
b − e−r, (3)

where a denotes the intensity of attraction and b denotes the attractive length scale. In
GOA algorithm, a is set to 0.5, b is set to 1.5.

The function F determines the social interaction of grasshoppers (attraction and repul-
sion) as shown in FIGURE 1. It can be seen that when the distance is in the interval [0 -
2.079], the repulsive force between grasshoppers is encouraged. The attraction gradually
increases from the distance point 2.079 to 4 and then gradually decreases. The distance
point of 2.079 is neither repulsive nor attractive, and is called a comfort zone. When the
distance between grasshoppers is large, the function F cannot show strong attraction or
repulsion. In order to solve this problem, the distances between grasshoppers are mapped
into the interval 1 to 4.

Figure 1. Function F when a= 0.5, b = 1.5

The factor of gravity is denoted as follows.

Gi = −gêg, (4)

where g is a gravity constant, êg is a unit vector pointing to the center of the earth. The
factor of wind is denoted as follows:

Ai = wêw, (5)

where w is a constant drift, êw is the unit vector of wind direction. Eq. (1) can be
rewritten as

Xi =
N∑
j=1
j ̸=i

F (|xj − xi|)
xj − xi

dij
− gêg + wêw. (6)

The grasshopper positions in Eq. (6) will quickly converge to a comfort zone instead
of converging to a specific point, so it cannot be used directly to solve the optimization
problem. In order to effectively solve optimization problems, an optimizer needs to be
equipped with both exploration and exploitation. An adaptive parameter c is introduced



A Multi-group Grasshopper Optimisation Algorithm for Application in Capacitated Vehicle Routing Problem45

to promote the grasshopper swarm to find the best position in the search space, so that
all positions finally converge to a specific point. The modified version of Eq. (6) is as
follows.

Xd
i = c(

N∑
j=1
j ̸=i

c
ubd − lbd

2
F (|xd

j − xd
i |)

xj − xi

dij
) + Td, (7)

c in Eq. (7) is an adaptive parameter, which decreases as the number of iterations de-
creases. The first parameter c is responsible for reducing the movement of the grasshopper
swarm around the food source. It is used to balance the exploration and exploitation of the
GOA algorithm. The role of the second c is to reduce the comfort zone of grasshoppers,
and to reduce the attraction and repulsion between grasshoppers as the number of itera-
tions increases. ubd and lbd are the upper bound and the lower bound in the d dimension,
respectively. Td is the value of dth dimension in the best position obtained at present. In
Eq. (7), it is assumed that the wind direction always points to the best position found so
far, and does not consider the effect of gravity on the grasshopper movement.

The parameter c is updated as the number of iterations increases as follows.

c = cmax−m
cmax− cmin

M
, (8)

where cmax represents the maximum value of c parameter and is set to 1. cmin represents
the minimum value of c parameter, which is set to 0.00001 in the GOA algorithm. The
current iteration is denoted by m and the maximum iteration is denoted by M.
The main steps of the GOA algorithm are summarized as follows. First set the initial-

ization parameters and then randomly generate a certain number of grasshoppers. Then
map the distance between the grasshoppers to the interval 1 to 4 to calculate the social
interaction, and update the grasshopper position through the social interaction and the
best target currently found. Finally, when the termination condition is met, the optimal
position of the grasshopper and its corresponding objective function are presented.

3. MGOA Algorithm. This section will describe the MGOA algorithm in detail, using
a multi-group communication mechanism to improve the original GOA algorithm.

3.1. Multi-group strategy. The GOA algorithm simulates the behavior of grasshoppers
searching for food sources in nature. This algorithm can effectively solve a number of
optimization problems in real life. However, when solving complex optimization problems,
GOA shows some inherent deficiencies: for example, it is easy to fall into the local optimal
solution space and converge prematurely. In order to reduce the above shortcomings, a
new optimization algorithm is proposed called MGOA. Based on the GOA algorithm,
a multi-group communication mechanism is designed. In the multi-group strategy, the
number of initialized grasshoppers is divided into S subgroups. The position of the
grasshopper in each group moves according to the evolutionary method of the original
GOA. When the number of iterations reaches a preset value, the grasshoppers in different
groups exchange information to strengthen their cooperation, which will help improve
the diversity of grasshoppers and avoid stagnation in search. In this paper, the number
of groups S is set to 3, and the communication mechanism between different groups is
mathematically modeled as follows:

Xi,P = Xi,P + (
Xb,Q +Xb,K

2
−Xi,P )× r, (9)
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where Xi,P indicates the position of the ith grasshopper in Pth group. Xb,Q and Xb,K are
the best grasshopper positions in Qth and Kth groups, respectively. The parameter r is
a random number in [0, 1].

The communication mechanism of proposed MGOA algorithm can be triggered as when
the number of iterations meets a preset value, the grasshoppers in one group randomly
move towards the center point of the best positions in the other two groups. The main
framework of MGOA is presented in FIGURE 2. Initialize a set of solutions and ran-
domly divide them into 3 groups, m is the current number of iterations, and M is the
set maximum number of iterations. As the number of iterations increases, the position of
the solution within each group is updated using the GOA algorithm. When the number
of iterations reaches the preset value Ri, the communication mechanism is triggered, and
information exchange between different groups at this time. Then the position of each
group solution continues to be updated individually until the next communication mech-
anism is triggered. When the maximum number of iterations is reached, the algorithm is
terminated, the optimal solution and its corresponding optimal fitness value are output.

Initializ-

ation

G1

G2

G3

…

…

…

Commu-

nication

…

…

…

…

…

…

Commu-

nication

m=1 m=2 m=R1 m=11 m=R2 m=M

Figure 2. The main framework of the proposed MGOA

3.2. The pseudo code of MGOA. The pseudo code of MGOA algorithm is presented
in TABLE 1. MGOA starts the process by initializing a group of search agents and
randomly dividing them into 3 groups. The position of search agents in each group is
updated according to Eq. (7). In addition, the parameter c is updated according to Eq.
(8), and the distance between grasshoppers is normalized to the interval [1, 4] in each
iteration. When the number of communication iterations is reached, each search agent
updates the position according to Eq. (9). If a better position is found in each iteration,
the best search agent obtained so far is updated. When the termination condition is
satisfied, the optimal search agent and its corresponding fitness value are output.

4. Experimental analysis. In this section, the proposed MOGA algorithm is evalu-
ated under the CEC2013 test suite. The experimental results confirm that the MGOA
algorithm is more competitive than the original GOA and PSO, PPSO, GWO algorithms.

4.1. Parameter settings. The test suite CEC2013 contains 28 functions for real number
optimization. There are five unimodal test functions (f1-f5), fifteen multi-modal test
functions (f6-f20), and eight composition functions (f21-f28) in the benchmark. In order
to facilitate the comparison between different algorithms, all fitness function values are
modified to the same minimum value. Usually, a competitive algorithm will find a smaller
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Table 1. The pseudo code of MGOA

Initialization:    

Set the initialization space, initialize N grasshoppers and randomly divide them into 3 groups, 

initialize cmax, cmin, the maximum number of iterations, and R is the generation to trigger the 

communication strategy, calculate the fitness function of each agent, 𝑋𝑔𝑏𝑒𝑠𝑡  equals the best 

search agent. 

Iteration: 

1: while m < Maximum number of iterations do  

2:      Update the parameter c using Eq. (8) 

2:      for gth = 1 to 3 do 

3:         for i = 1 to N/3 do 

4:          Normalize the distance between grasshoppers to the interval [1, 4]. 

Update the position of grasshoppers in the gth group by using Eq. (7).  

If the updated grasshopper position is out of bounds, the original position is 

retained. 

5:         end for 

6:      end for 

7:      if m = R 

8:      Communication strategy: the position of each grasshopper is updated using Eq. (9) 

9:      end if 

10:     Update 𝑋𝑔𝑏𝑒𝑠𝑡  if a better value is found 

11:     m = m + 1  

12:  end while 

Output: 

The global best grasshopper 𝑋𝑔𝑏𝑒𝑠𝑡 , and its corresponding fitness function value 𝑓(𝑋𝑔𝑏𝑒𝑠𝑡) 

 

global optimal value. Literature [47] provide more detailed introductions of the CEC2013
test suite.

The proposed MGOA algorithm is evaluated by comparing with the minimum val-
ues obtained by GOA, GWO, PSO, and PPSO (parallel strategy 1) algorithms. These
optimization algorithms all randomly initialize the number of solutions to 90, and each
solution is set to 10 dimensions, and the search space range of each dimension is -100 to
100. The maximum number of iterations is 500. For a fair comparison, each algorithm
is run 21 times. The remaining parameter settings in each algorithm are presented in
TABLE 2.

4.2. Results comparison. In this part, we have tested a number of comparative ex-
periments. FIGURE 3 plots the convergence curves of best values for five optimization
algorithms in the functions f3, f4, f12, and f21. In FIGURE 3, it can be seen that the
fitness error obtained by MGOA simulation is the smallest, which indicates that the op-
timization result of MGOA is better than GOA, GWO, PSO and PPSO algorithms. In
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Table 2. Parameter settings of MGOA, GOA, GWO, PSO and PPSO algorithms

Algorithm Parameter setting

MGOA S = 4, R= 10, 20, . . . , 500, cmin = 0.00001, cmax = 1

GOA cmin = 0.00001, cmax = 1

GWO a = 2 to 0

PSO Vmin, Vmax = 10, w = 0.9 to 0.4, c1, c2 = 1.49455

PPSO S = 3, R= 10, 20, . . . , 500, Vmin = 10, Vmax = 10 w =
0.9 to 0.4, c1, c2 = 1.49455

order to comprehensively evaluate the performance of the proposed MGOA algorithm,
we recorded the best value, mean, and standard deviation of the function error for each
algorithm run 21 times. The smaller the value obtained by each algorithm, the better
the optimization result. The detailed experimental data are presented in TABLE 3 and
TABLE 4. The best results are shown in bold.

TABLE 3 shows a comparison of the results of MGOA with GOA and GWO. From the
perspective of best value, compared with GOA, the proposed MGOA algorithm achieves
21 better results, 7 worse results and 0 similar result. From the perspective of mean value,
compared with GOA, the proposed MGOA algorithm achieves 20 better results, 5 worse
results and 3 similar results. From the perspective of standard deviation, compared with
GOA, the proposed MGOA algorithm achieves 14 better results, 14 worse results and 0
similar result. These experimental results confirm that MGOA performs better than the
original GOA, which means that our multi-group communication mechanism is effective.
Compared with the GWO algorithm, MGOA also achieves 18 better performances, 10
worse performances and 0 similar performance from the perspective of best value. It
also achieves 14 better performances, 13 worse performances and 1 similar performance
from the perspective of mean value. It also achieves 17 better performances, 11 worse
performances and 0 similar performance from the perspective of standard deviation. The
experimental data shows that MGOA performs better than GWO.

TABLE 4 provides the comparison results of MGOA with PSO and PPSO. Compared
to the best value of PSO, the MGOA algorithm has obtained 14 better results, 10 worst
results, and 4 similar results. For the mean value, its result is 16 better performances,
9 worst performances and 3 similar results. Considering the standard deviation, it also
achieved 16 better results, 12 worse results, and 0 similar result. So GMOA performs
better than PSO. Compared with the PPSO algorithm, MGOA achieves 13 better results,
13 worse results and 2 similar results in terms of best value. From the mean value of view,
it achieves 15 better performances, 12 worse performances and 1 similar performance.
From the standard deviation of view, it also produces 14 better results, 14 worse results
and 0 similar result. In summary, the results under the CEC2013 test suite confirm that
the proposed MGOA algorithm is superior to the comparative algorithms: GOA, GWO,
PSO and PPSO.

5. MGOA algorithm application in CVRP. In this section, we apply the proposed
MGOA algorithm to solve the CVRP problem. CVRP problem was proposed by Dantzig
and Ramser in 1959 [48]. It is one of the main problems in the transportation field.
There are three main types of methods for solving CVRP problems: exact, heuristic,
and meta-heuristic. When the number of customers served is large, the computational



A Multi-group Grasshopper Optimisation Algorithm for Application in Capacitated Vehicle Routing Problem49

Table 3. Test results of MGOA, GOA and GWO algorithms for 28 func-
tions under CEC2013

10D 
GOA GWO MGOA 

Best Mean Std Best Mean Std Best Mean Std 

1 3.29E-07 1.55E-06 6.61E-07 2.36E-03 1.77E+01 5.58E+01 3.26E-09 2.22E-08 2.12E-08 

2 7.77E+04 6.88E+05 4.95E+05 1.35E+05 1.49E+06 1.33E+06 8.28E+04 1.88E+05 1.22E+05 

3 5.36E+04 3.64E+07 8.92E+07 9.67E+02 2.57E+07 3.74E+07 2.04E+00 1.56E+07 3.60E+07 

4 9.76E+01 1.08E+03 1.06E+03 3.01E+03 1.05E+04 4.51E+03 2.05E+01 2.38E+02 2.96E+02 

5 9.97E-04 1.49E+01 2.97E+01 1.29E-02 2.62E+01 1.63E+01 2.01E-03 4.64E-03 1.39E-03 

6 1.05E+00 1.01E+01 9.63E+00 1.38E+00 2.19E+01 2.64E+01 2.43E-03 1.01E+01 1.36E+01 

7 6.32E-01 1.51E+01 1.11E+01 1.26E-01 1.36E+01 1.57E+01 6.21E-01 2.12E+01 2.58E+01 

8 2.03E+01 2.04E+01 7.00E-02 2.03E+01 2.04E+01 6.47E-02 2.01E+01 2.04E+01 1.04E-01 

9 3.29E+00 5.19E+00 1.43E+00 1.86E+00 3.67E+00 9.60E-01 8.01E-01 3.62E+00 1.56E+00 

10 1.16E-01 1.40E+00 4.99E+00 4.61E-01 8.93E+00 7.86E+00 1.18E-01 2.86E-01 1.57E-01 

11 9.95E+00 2.59E+01 1.26E+01 5.02E+00 1.53E+01 8.57E+00 8.95E+00 2.00E+01 6.94E+00 

12 8.96E+00 2.15E+01 7.89E+00 5.99E+00 2.01E+01 9.37E+00 4.97E+00 1.80E+01 9.26E+00 

13 1.69E+01 3.65E+01 8.09E+00 8.96E+00 2.04E+01 7.03E+00 5.61E+00 3.09E+01 1.28E+01 

14 3.05E+02 1.02E+03 3.72E+02 1.32E+02 5.22E+02 2.26E+02 4.74E+02 9.63E+02 3.10E+02 

15 5.25E+02 8.08E+02 2.56E+02 1.69E+02 6.63E+02 3.66E+02 2.28E+02 7.92E+02 2.48E+02 

16 1.83E-01 5.18E-01 2.66E-01 9.51E-01 1.33E+00 2.30E-01 7.94E-02 3.53E-01 1.79E-01 

17 1.54E+01 3.01E+01 9.53E+00 1.40E+01 2.77E+01 8.26E+00 1.47E+01 2.72E+01 7.83E+00 

18 1.87E+01 3.19E+01 8.51E+00 2.87E+01 3.90E+01 6.79E+00 1.66E+01 2.71E+01 6.18E+00 

19 6.31E-01 1.61E+00 7.27E-01 7.84E-01 1.76E+00 7.74E-01 4.38E-01 1.29E+00 7.76E-01 

20 2.24E+00 3.31E+00 4.43E-01 2.04E+00 2.85E+00 5.45E-01 1.60E+00 3.14E+00 8.47E-01 

21 1.00E+02 3.76E+02 7.69E+01 3.19E+02 3.97E+02 1.79E+01 2.00E+02 3.76E+02 6.26E+01 

22 4.39E+02 1.15E+03 3.53E+02 3.39E+01 6.39E+02 3.84E+02 2.62E+02 1.17E+03 3.78E+02 

23 3.10E+02 9.82E+02 3.50E+02 1.04E+02 8.09E+02 4.52E+02 3.06E+02 9.50E+02 4.09E+02 

24 1.18E+02 2.10E+02 2.15E+01 2.01E+02 2.12E+02 5.56E+00 2.03E+02 2.15E+02 4.49E+00 

25 2.10E+02 2.15E+02 3.26E+00 2.01E+02 2.11E+02 5.26E+00 2.02E+02 2.14E+02 4.86E+00 

26 1.16E+02 1.89E+02 5.50E+01 1.05E+02 1.94E+02 6.97E+01 1.08E+02 2.49E+02 8.98E+01 

27 4.07E+02 5.48E+02 5.42E+01 3.08E+02 4.25E+02 8.45E+01 3.07E+02 4.57E+02 1.08E+02 

28 1.00E+02 2.74E+02 1.02E+02 3.01E+02 3.13E+02 4.99E+01 3.00E+02 3.81E+02 1.29E+02 

win 21 20 14 18 14 17 - - - 

lose 7 5 14 10 13 11 - - - 

draw 0 3 0 0 1 0 - - - 

 

 

 

 

 

 

cost of the exact algorithm will increase significantly. Therefore, for large-scale service
customer problems, heuristic, and meta-heuristic methods are usually used to solve CVRP.
Since CVRP is an NP-hard problem, an increasing amount of meta-heuristic algorithms
have been applied to solve it in recent years, such as GA [49] , PSO [50, 51], Simulated
Annealing [52], and Sine Cosine Algorithm in the literature [53].

5.1. Description and mathematical model for CVRP. The CVRP problem con-
forms to the logistics distribution process in real life and can be described in detail as:
In a fixed space, given the location of the distribution center and each customer, a rea-
sonable route plan is arranged for several vehicles to distribute items for customers. The
goal is to minimize the total cost or travel distance of vehicles when completing tasks.
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Table 4. Test results of MGOA, PSO and PPSO algorithms for 28 func-
tions under CEC2013

10D 
PSO PPSO MGOA 

Best Mean Std Best Mean Std Best Mean Std 

1 0.00E+00 5.31E-13 4.45E-13 2.27E-13 4.81E-12 8.06E-12 3.26E-09 2.22E-08 2.12E-08 

2 2.60E+02 4.26E+04 7.02E+04 7.38E+02 1.76E+04 1.74E+04 8.28E+04 1.88E+05 1.22E+05 

3 2.52E+04 2.59E+07 3.70E+07 1.57E+02 2.13E+07 4.16E+07 2.04E+00 1.56E+07 3.60E+07 

4 2.02E+00 5.35E+02 4.70E+02 2.19E+00 3.71E+02 3.46E+02 2.05E+01 2.38E+02 2.96E+02 

5 8.38E-05 7.46E-04 7.55E-04 2.32E-05 2.20E-04 1.68E-04 2.01E-03 4.64E-03 1.39E-03 

6 1.80E-06 7.31E+00 4.57E+00 2.69E-11 6.08E+00 4.89E+00 2.43E-03 1.01E+01 1.36E+01 

7 7.83E+00 3.73E+01 1.50E+01 1.22E+00 3.46E+01 1.86E+01 6.21E-01 2.12E+01 2.58E+01 

8 2.01E+01 2.04E+01 1.11E-01 2.02E+01 2.03E+01 1.12E-01 2.01E+01 2.04E+01 1.04E-01 

9 2.97E+00 6.08E+00 1.61E+00 3.16E+00 5.00E+00 1.03E+00 8.01E-01 3.62E+00 1.56E+00 

10 6.64E-02 4.76E-01 3.32E-01 1.13E-01 3.06E-01 1.69E-01 1.18E-01 2.86E-01 1.57E-01 

11 8.95E+00 3.32E+01 1.07E+01 8.95E+00 2.66E+01 9.35E+00 8.95E+00 2.00E+01 6.94E+00 

12 7.96E+00 3.17E+01 1.75E+01 1.59E+01 3.31E+01 9.79E+00 4.97E+00 1.80E+01 9.26E+00 

13 1.58E+01 4.33E+01 1.42E+01 1.40E+01 3.53E+01 1.34E+01 5.61E+00 3.09E+01 1.28E+01 

14 4.23E+02 7.97E+02 1.81E+02 4.74E+02 8.74E+02 2.47E+02 4.74E+02 9.63E+02 3.10E+02 

15 3.52E+02 7.79E+02 2.61E+02 3.01E+02 6.77E+02 2.25E+02 2.28E+02 7.92E+02 2.48E+02 

16 2.92E-01 6.19E-01 3.08E-01 1.62E-01 4.22E-01 2.31E-01 7.94E-02 3.53E-01 1.79E-01 

17 1.60E+01 3.05E+01 9.82E+00 1.40E+01 2.54E+01 7.36E+00 1.47E+01 2.72E+01 7.83E+00 

18 9.36E+00 2.67E+01 1.04E+01 1.26E+01 2.32E+01 6.27E+00 1.66E+01 2.71E+01 6.18E+00 

19 4.66E-01 1.31E+00 7.86E-01 3.81E-01 9.60E-01 4.46E-01 4.38E-01 1.29E+00 7.76E-01 

20 2.11E+00 3.36E+00 5.04E-01 2.66E+00 3.35E+00 3.82E-01 1.60E+00 3.14E+00 8.47E-01 

21 2.00E+02 3.91E+02 4.37E+01 1.00E+02 3.81E+02 6.80E+01 2.00E+02 3.76E+02 6.26E+01 

22 7.57E+02 1.17E+03 2.76E+02 3.64E+02 1.17E+03 4.45E+02 2.62E+02 1.17E+03 3.78E+02 

23 4.11E+02 1.16E+03 3.78E+02 6.33E+02 1.13E+03 2.76E+02 3.06E+02 9.50E+02 4.09E+02 

24 1.22E+02 2.16E+02 2.20E+01 1.57E+02 2.16E+02 1.45E+01 2.03E+02 2.15E+02 4.49E+00 

25 1.15E+02 2.13E+02 2.34E+01 1.62E+02 2.15E+02 1.35E+01 2.02E+02 2.14E+02 4.86E+00 

26 1.10E+02 1.83E+02 6.53E+01 1.12E+02 1.51E+02 4.37E+01 1.08E+02 2.49E+02 8.98E+01 

27 3.14E+02 3.98E+02 7.46E+01 3.11E+02 3.82E+02 2.92E+01 3.07E+02 4.57E+02 1.08E+02 

28 3.00E+02 5.46E+02 2.23E+02 1.00E+02 4.24E+02 2.03E+02 3.00E+02 3.81E+02 1.29E+02 

win 14 16 16 13 15 14 - - - 

lose 10 9 12 13 12 14 - - - 

draw 4 3 0 2 1 0 - - - 

 
Table 5. Test results of MGOA, PSO and GA algorithms

Instance Optimal 

value 

MGOA PSO GA 

best Dev (%) best Dev (%) best Dev (%) 

A-n32-k5 784 793 1.15 829 5.73 818 4.34 

A-n33-k5 661 681 3.03 705 6.65 674 1.97 

A-n44-k6 937 964 2.89 1016 8.43 991 5.77 

A-n46-k7 914 952 4.2 977 6.89 957 4.7 
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(a) function 3-10D                          (b) function 4-10D 

(c) function 12-10D                          (d) function 21-10D 

Figure 3. Comparison of the best fitness for f3, f4, f12, f21 with 10D optimizations

When the optimal route is determined, the following conditions must be met. Firstly,
each vehicle departs from the distribution center and finally returns to the distribution
center. Secondly, each customer is served only once by one of vehicles. Thirdly, the total
number of items delivered each vehicle must not exceed the capacity limit of the vehicle.

The mathematical model of CVRP is described as follows:
Coefficients:
i, j - Customer index ( i=1, 2, . . .n, j=1, 2, . . .n);
v - Vehicle index (v=1, 2, . . .V );
cij - Cost from customer i to customer j ;
ri - Demand of customer i ;
Q- Maximum vehicle capacity;
T - Total cost by all vehicles.

xijv =

{
1, if vehicle k depart from i to j

0, else

yiv =

{
1, if customer i is served by vehicle v

0, else
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Figure 4. The convergence curve of A-44-6

Objection function:

Min T =
V∑

v=1

n∑
i=1

n∑
j=1

cijxijv. (10)

Constraints:
n∑

i=1

xijv = yjv ∀j, v. (11)

n∑
j=1

xijv = yiv ∀i, v. (12)

V∑
v=1

yiv = 1 ∀i. (13)

n∑
i=1

riyiv ≤ Q ∀v. (14)

Eq. (11) and Eq. (12) ensure that the customer is served by one of vehicles. Eq. (13)
guarantees that every customer is served. Eq. (14) ensures that the demand for any route
does not exceed the capacity limit of each vehicle.

5.2. Simulation results and analysis for CVRP. In this paper, we selected four
cases in the Augerat database to evaluate the performance of MGOA. Compared with
PSO and GA, the test results prove that the proposed MGOA is more competitive. In
the MGOA test, a natural number encoding method is used. Each initialized solution
is a randomly arranged number from 1 to n, and each solution corresponds to the route
plan of vehicles. When the demand of several customers exceeds the capacity of one car,
the next car is arranged to meet the demand of the remaining customers. The number of
solutions is divided into three groups, and the number of solutions in each group is 50.
The maximum number of iterations is set to 1000. The MGOA algorithm is run 21 times,
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and the best results are recorded in TABLE 5. FIGURE 4 plots the convergence curve of
the MGOA algorithm in solving instance A-44-6.

In TABLE 5, the optimal value represents the optimal result for the known instance.
Best denotes the best result found by each algorithm, and Dev denotes the deviation be-
tween the found result and the optimal value. It can be seen that compared with the PSO
algorithm, MGOA has obtained four better results. Compared with the GA algorithm,
it also obtains three better results and one worse result. Therefore, experimental results
confirm that MGOA is more effective in solving CVRP than PSO and GA.

6. Conclusion. In this paper, we present a novel optimizer called MGOA to solve op-
timization problem. In the proposed MGOA, a multi-group communication mechanism
is implemented based on the original GOA algorithm. The initialized solutions are ran-
domly divided into three groups and evolved separately. When the optimization process
reaches some fixed number of iterations, information exchange between different groups
will promote the MGOA algorithm to jump out of the local optimal solution and avoid
stagnation search. To evaluate the performance of the proposed MGOA, two cases were
used for testing.

In the first case, the MGOA algorithm was compared with GOA, GWO, PSO and
PPSO under the CEC2013 test suite, and the results show that the proposed MGOA
is more competitive. In the second case, the MGOA algorithm was used to solve the
CVRP problem in the transportation field, and proved that the proposed MGOA algo-
rithm performs better than PSO and GA algorithms. In the next study, we will further
improve the communication strategy between different groups and apply it more to real
life challenging problems.
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