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Abstract 

A hybrid method of artificial bee swarm and grey wolf algorithm (GWO-ABC) is proposed 
in this paper. The static greedy algorithm is used to replace the dynamic greedy 
algorithm in ABC employer-bee to strengthen the exploration performance. A new 
method of searching nectar source is proposed to improve the convergence speed. Then, 
the detection bees that affect the convergence speed are removed, and the reverse 
learning strategy is added in the stage of hiring bees to avoid falling into local optimal. 
Finally, in order to balance the exploration capability of hired bee, adaptive GWO is 
integrated in the observation bee to enhance the mining performance and optimization 
efficiency. The strict mathematical derivation proves that the GWO-ABC is stable and 
attainable. The reliability and effectiveness of the proposed method are verified by the 
comparative simulations. 
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1. Introduction 

Grey Wolf Optimizer (GWO) and Artificial Bee Colony (ABC) are two efficient swarm intelligent 
optimization algorithms [1-3]. Although the local search capability is strong, the global search 
capability of GWO is weak. The strong global search ability and slow convergence speed are the 
characteristics of ABC. Therefore, how to combine the advantages of the two algorithms to 
improve the optimization ability is very important [4-5].  

Recent years, the research on artificial bee colony algorithm and grey wolf optimization 
algorithm has attracted the attention of many scholars. In [6], an improved artificial bee colony 
algorithm is proposed, by introducing the current optimal solution into the search equation of 
worker bee and onlooker, the convergence accuracy of the algorithm is improved effectively. In 
[7], the adaptive neighborhood selection and replacement process is used to refine the ABC to 
search for the best combination of Web services to meet user needs. In [8], the improved 
artificial bee colony algorithm, as an integrated learning strategy, improves the recognition rate 
of radar signals in the system. In [9], in order to improve the performance, a new artificial bee 
colony algorithm was proposed to improve the service quality. In [10], in order to improve the 
efficiency, the fuzzy reasoning system is used to adjust the normalized fitness of each wolf and 
GWO's hunting mechanism control parameters. In [11], an improved wolf optimizer based on 
tracking and optimization is proposed, which can solve function optimization and classical 
engineering constraints well. In [12], an improved hierarchical GWO algorithm was proposed 
to increase the searching range of wolves and maintain the diversity of wolves. In [13], a global 
maximum power point tracking control strategy based on an improved Grey Wolf optimizer 
(IGWO) algorithm has been applied to boost full-bridge isolation converter with high tracking 
accuracy and speed. In [14], an improved wolf optimizer (IGWO) is proposed to effectively solve 
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the complex constrained optimization problem, which is of great significance in smoothing the 
peak load of power system.  

Although the artificial bee colony algorithm and grey wolf optimization algorithm have been 
studied, there is no solution to solve the optimization problem by combining the advantages of 
the two algorithms.  

This paper is organized as follows. In section II, the mathematical models of artificial bee colony 
algorithm and grey wolf optimization algorithm are analyzed. In section III, a hybrid artificial 
bee colony algorithm and grey wolf algorithm is proposed. In section IV, comparative 
simulations of the proposed method are carried out. The section V is the summary. 

2. Artificial Bee Colony Algorithm and Grey Wolf Algorithm 

2.1. Maintaining the Integrity of the Specifications 

Grey Wolf Optimizer (GWO) is proposed by Mirjalili in 2014, which is a novel swarm 
intelligence optimization algorithm [15-18]. The social hierarchy and hunting behavior of 
wolves are simulated. In nature, grey wolves belong to the top of the predator, which means 

they are at the top of the food chain [19-20]. Grey wolf populations mainly live in groups, with 

the average population size between 5 and 12. Their own social hierarchy is strictly 
Observation d, as shown in Figure 1. It can be seen from Figure 1 that the grey wolf population 
is mainly divided into four grades, including  wolf,  wolf,  wolf and  wolf. The first level 
is , which is the top manager and ruler of the grey wolf population. The second is , whose 
status is lower than . If  dies, its position will be replaced by . The third level is , which 
is subordinate to the management of  and . Level four is , and  must obey the other 
wolves. 

 
Fig. 1 Social hierarchy of wolves 

In GWO, the hunting behavior of grey wolves follows three processes, including tracking and 
approaching the prey, tracking and surrounding the prey, and attacking the prey. The 
mathematical model of enclosing behavior can be expressed as follows.   

  (1) 

  (2) 

Where, t is the current iteration number, and A, C are coefficient vectors. A=2ar1-a, C=2r2. Xp 
represents the position vector of the prey. X is the position vector of the grey y wolf, decreases 
from 2 to 0 during the whole iteration. r1 and r2 represent random vectors uniformly 
distributed in [0,1]. The mathematical model of attacking prey behavior is as follows. 

  (3) 

  (4) 

  (5) 
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  (6) 

  (7) 

  (8) 

In the above equations, (3)-(5) are the distance between  wolf and  wolf,  wolf and  

wolf, respectively. ,  and  represent position vectors of , ,  and  respectively. 

(6)-(9) are the position update mode of . A and C play A key role in the hunting process of grey 

wolves and determine the exploration and mining stage of GWO. When , GWO tends to 

emphasize exploration ability; When , GWO tends to emphasize mining capacity; The 
accessibility of the grey wolf population to prey can be increased and reduced by C. 

Firstly, the positions of wolves in the search space is randomly initialized. Then the positions 
are updated according to equations (3)~(9).Then the fitness values are calculated. Three 
optimal solutions (static update ,  and  wolf positions) are updated according to their 
fitness values. Figure. 2 shows the flow chart of the GWO. 

 
Fig. 2 Flow chart of grey wolf optimization algorithm 

2.2. Artificial bee colony algorithm (ABC) 

ABC comes from the foraging behavior of bees. In ABC, bees are divided into hiring bees, 
observing bees and detecting bees, and the search goes through the corresponding three stages 
[21-22]. Hiring bees and observing bees each accounted for half of the nectar sources. The 
location of a nectar source represents a candidate solution to the optimization problem, and 
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the amount of nectar in the nectar source represents the fitness value of the corresponding 
candidate solution. 

1) Stage of hiring bees 

The nectar source is sought by the hired bees, and the information is saved. According to 
Equation (1), a new honey source is searched near the honey source. 

  (9) 

Where,  is the d-dimensional value of the ith honey source, k represents a honey source 

randomly selected among N honey sources, and  is true; d represents a random selected 

dimension, and  is a random number uniformly distributed between [-1,1].  

The nectar amount (fitness) of the nectar source is calculated according to (2) (if the 
optimization problem solved is a minimum). 

  (10) 

Where,  is the fitness value of the ith honey source, and  is the objective function value 

of the ith solution.  

The honey source is updated by the greedy algorithm as shown in (3). 

  (11) 

(3) indicates that if the fitness value of the new honey source  is better than that of the 

original honey source  , then  will be replaced, otherwise  will be retained. 

2) The observation bees 

After the hired bees completed the nectar source search, the bees are observation d to select 
the nectar source with probability Pi according to the nectar source information.   

The calculation of the probability Pi is shown as (4). According to the nectar source information 
provided by the hired bees, the roulette method is adopted to select the nectar source with the 
probability Pi.   

  (12) 

Among them, the greater the fitness value, the greater the Pi, so the better nectar source is more 
likely to be selected. Formula (1) is used for further searching near the selected honey source. 

3) Detection of bees 

After the limit (threshold) mining, if the nectar amount of a nectar source remains unchanged, 
indicating that the algorithm falls into the local optimum, the nectar source will be abandoned 
and the corresponding hired bees will be converted into detection bees. The role of the scout 
bee is to prevent the algorithm from falling into the local optimal position, and the new nectar 
source location is generated as follows.   

  (13) 

Where rand is the random distribution number between [0, 1], and  and  represent the 

lower and upper boundaries of the d-dimensional search space, respectively. 
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3. Hybrid Grey Wolf Algorithm and Artificial Bee Colony Algorithm 

3.1. Fusion of the two search methods 

(1) Hired bee search method 

(1) is used for hiring bees to search which has strong exploration ability. In order to balance 
this exploration performance, dynamic greedy algorithm is selected to accelerate the 
convergence speed, but this dynamic greedy algorithm will reduce the stability of the algorithm. 
In order to improve the stability, the original ABC dynamic greedy algorithm is abandoned and 
the static greedy algorithm is adopted. In order to improve the convergence speed, a new 
method of hiring bees searching nectar source is proposed, shown as follows. 

  (14) 

Where, r is randomly selected in [0, 1], which represents the d-dimensional value of the global 
optimal honey source. 

(2)The Observation bees 

The high-quality honey source is selected by the Observation d bees by the roulette method. 
The new honey source is selected by formula (1) near the honey source, which reflected a 
certain local searching ability. However, the local search capability is limited due to the use of 
one - dimensional operation. In order to improve the local search ability, a new search method 
is proposed, shown as follows. 

  (15) 

The convergence speed is accelerated and the local search capability is strengthened by (15). 

3.2. Reverse learning hiring bees 

Reverse learning strategies are added to the hiring bees. The new honey source is generated by 
the reverse learning method, which can be expressed as follows. 

  (16) 

The reverse learning pseudocode of the hired bee can be expressed as algorithm 1. 

Algorithm 1 reverse learning hiring bees 

A honey source num from 1 to N is randomly selected   

For i =1 to N   

If i≠num  

New honey sources are produced according to (1) and (6)  

Else 

Perform reverse learning to generate new nectar sources  

End If  

End For  

Fitness value of honey sources are calculated  

(3) is used to update the nectar source and update the trial 

3.3. The observation bees of GWO 

In order to further improve the convergence speed, optimization efficiency and solution 
accuracy of ABC, GWO search mode is incorporated into the observation bee stage.   

If the fitness value of honey source unchanged after limit iteration, GWO search is used to 
improve the mining ability of the algorithm. Observation bees optimized by GWO, such as 
algorithm 2. 

Algorithm 2: Observation bees optimized by GWO  
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For i=1 to N do 

Select a honey source i  

If trials (i) < limit  

According to Equations (1) and (7), new honey sources are generated  

Else 

According to Equations (3) ~ (9), new honey sources are generated  

End If  

Calculate the fitness value of honey source  

Update the honey source and update trial (i) according to the greedy algorithm in (3).  

End For 

3.4. Selection method of honey source 

 
Fig. 3 The flow chart of GWO-ABC 
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In the observing bee stage, model learning alternative roulette is used to select nectar sources. 
The process of selecting a honey source is described as follows: first, the fitness of the honey 
source is ranked from the largest to the smallest. The front source is used as a model for the 
back source 

Then honey source I was randomly given a model according to (9). 

  (17) 

Where, ceil () is an integral function. 

The flow chart of the integrated grey wolf algorithm and artificial bee colony algorithm (GWO-
ABC) is shown as Figure 3. 

3.5. Stability analysis 

The stability analysis of GWO-ABC mainly includes first-order stability analysis and second-
order stability analysis. To prove the search converges to a fixed point, that is, the optimal 
honey source location, and its variance converges to zero. First order stability is used to ensure 
convergence of mean value and second order stability is used to ensure convergence of variance. 
The stability of the new search method (15) for observing bees is analyzed. Equation (15) can 
be rewritten as follows. 

  (18) 

It can be simplified as follows. 

  (19) 

Where, , , , . 

Theorem 1 The expected sequence of  can be converged and converged to A. 

Proof: Take the expected value of this equation twice. 

  (20) 

Where,  is the expected value of , and  is a random number uniformly distributed 
between [-1,1]. Therefore, the following equation can be obtained. 

  (21) 

Equation (21) indicates that the expected value of the search method is constant, indicating that 
it always converges to A. The proof is complete. 

  (22) 

The expected value of equation (22) can be expressed as follows. 

  (23) 

Since  is A random number uniformly distributed between [-1, 1], the following can be 
obtained. 

  (24) 

  (25) 

According to (20), the following can be obtained. 

  (26) 

Theorem 2: The variance of  can be converged and converged to 0.  

Proof: According to equations (25) and (26), the following can be obtained. 
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  (27) 

The following condition is true. 

  (28) 

The following can be obtained. 

  (29) 

The recursive relationship can be expressed as follows. 

  (30) 

We can show that  converges and converges to 0, which means that when , 

. 

  (31) 

End proof.  

In summary, the observation of the first and second order stability of the bee stage is satisfied, 
indicating that the mean value and variance are convergent. 

4. Simulation 

The experimental environment adopted Windows 7 operating system, 3.10GHz CPU and 8GB 
PC memory, and the programming language is MATLAB R2018a. 

4.1. Test function 

To verify the effectiveness of GWO-ABC, 10 different types of Benchmark functions are used for 
optimization tests. The function names of 10 Benchmark are listed in Table 1. 

 

Table 1. Benchmark Test Functions 

Order Function 

f1 Sphere 

f2 Schwefel2.22 

f3 Schwefel1.2 

f4 Schwefel2.21 

f5 Rosenbrock 

f6 Step 

f7 Quatric 

f8 Schwefel2.26 

f9 Rastrigin 

f10 Ackley 

 

In this paper, five representative comparison algorithms are selected for comparison 
experiment with GWO-ABC, which are ABC [23], GWO [24], GA-ABC [25] and GA-ACO [26]. To 
be fair, the 5 algorithms adopt the same setting, that is, the population number is 40, and the 
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maximum number of iterations is set to 2000. In addition, and the limit value of GWO-ABC is 
set to 18. For the parameters of other algorithms, please refer to the corresponding literature.  

Table 2 shows the experimental results of 6 algorithms on 10 Benchmark functions. 

 

TABLE 2. The Comparison Results of Optimized Performance 

Name GWO- ABC ABC GWO GA- ABC GA-ACO 

Sphere 
Mean 0 1.69e-27 5.4e-131 5.1e-25 

Std 0 4.0e-27 2.2e-130 3.4e-25 

Schwefel2.22 
Mean 0 4.2e-15 1.1e-75 1.1e-13 

Std 0 3.5e-15 2.4e-75 13.8e-14 

Schwefel1.2 
Mean 3.7e-6 1.1e+4 6.7e-40 1.2e+4 

Std 2.0e-5 1.6e+3 2.3e-39 1.6e+3 

Schwefel2.21 
Mean 0 1.3e+1 2.8e-33 1.0e+1 

Std 0 1.4e+0 4.1e-33 1.5e+0 

Rosenbrock 
Mean 1.1e+0 1.8e+0 2.7e+1 9.8e-1 

Std 4.5e+0 1.5e+0 7.4e-1 1.1e+0 

Step 
Mean 0 0 0 0 

Std 0 0 0 0 

Quatric 
Mean 7.9e-4 8.2e-2 8.9e-4 5.1e-2 

Std 1.0e-3 1.5e-2 5.4e-4 9.0e-3 

Schwefel2.26 
Mean 8.8e-12 1.8e-11 6.2e+3 9.0e-12 

Std 8.4e-13 2.5e-11 7.0e+2 3.3e-13 

Rastrigin 
Mean 0 3.2e-7 2.3e-1 0 

Std 0 6.9e-7 1.2e+0 0 

Ackley 
Mean 1.9e-14 4.0e-13 7.0e-15 1.2e-12 

Std 1.5e-14 1.6e-13 2.2e-15 5.3e-13 

 

As can be seen from Table 2, GWO-ABC ranked first for 12 times, while other algorithms ranked 
first for only a few times. On the whole, it can be seen that GWO-ABC has the optimal 
optimization performance among the 5 comparison algorithms. The optimization performance 
of GWO-ABC is better than that of GWO and ABC. This is because GWO-ABC is the result of the 
integrated improvement of GWO and ABC, realizing the complementary advantages of GWO 
and ABC. In summary, compared with the 5 algorithms, GWO-ABC shows excellent optimization 
performance. The std value of GWO-ABC on most functions is the smallest among the 5 
algorithms, indicating that GWO-ABC has extremely strong stability. 

(2)Comparison of running time 

Fig. 4 shows the average time of each algorithm running independently for 30 times. It can be 
seen from Figure 4 that the average time of GWO-ABC is 1.018s, which is the smallest among 
the five algorithms. The reason why GWO-ABC has the least running time is as follows: The 
reverse learning bees uses the parallel objective function evaluation method, which improves 
the running speed and saves the running time. In addition, the GWO search method of parallel 
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computing and the model learning strategy also accelerate the running speed of the algorithm, 
thus saving the running time. 

 
Fig. 4 Comparison of average running time 

4.2. Convergence analysis 

To test the convergence performance of GWO-ABC, the convergence analysis is carried out. In 
this paper, functions F11-F16 are used for simulation comparison experiment, as shown in 
Table 3. The convergence comparison of GWO-ABC and the other four algorithms is shown in 
Fig. 5. 

Table 3. Test Function 

Order Function 

f11 Shift Schwefel2.21 

f12 Shift Rosenbrock 

f13 Shift Rastrigin 

f14 Shift Girewank 

f15 Shift Ackley 

f16 Rotated Sphere 
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Fig. 5 The convergence curves of the 5 algorithms 

It can be seen from the comparison figure that COMPARED with other algorithms, GWO-ABC 
has a faster convergence speed and the convergence performance is far better than the other 
four algorithms. 

5. Concludes 

A hybrid optimization algorithm of GWO and ABC (GWO-ABC) is proposed in this paper. Firstly, 
ABC is improved by adopting static greedy algorithm when hiring bees, and a new way of 
searching nectar source is designed. The detection bees that affected the convergence speed 
are removed, the reverse learning strategy is added in the stage of hiring bees, and the 
exploration ability is further improved. The GWO method is then incorporated into the 
observation bee to improve local search capability and optimization efficiency. The 
optimization results of the function show that GWO-ABC has better optimization effect and runs 
faster than the four typical algorithms. 
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