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Abstract 
In this article, I proposes an improved particle swarm hybrid butterfly optimization 
algorithm (IPBOA).In order to solve the problem of low accuracy and slow convergence 
in the butterfly optimization algorithm (BOA), I designed two strategies to improve the 
basic butterfly optimization algorithm (BOA) algorithm.The improved particle swarm 
hybrid butterfly optimization algorithm (IPBOA) includes three main steps. First, I 
added the cubic chaotic map to initialize the butterfly population. This has increased the 
diversity of butterfly populations to a certain extent;Secondly, I adopt a non-linear 
parameter control strategy. This strategy can effectively balance the global search and 
local search capabilities of the algorithm to a certain extent; finally, in order to improve 
the basic butterfly optimization algorithm (BOA) for global optimization, I mixed the 
particle swarm optimization (PSO) algorithm with BOA. In order to verify the 
effectiveness of the proposed algorithm, I selected 10 test functions. I use these test 
functions for comparative experiments. Experimental comparison results show that, 
compared with famous group optimization algorithms such as PSO and BOA,the 
performance of the IPBOA algorithm I proposed has been further improved. It has fast 
convergence speed, higher optimization precision and stronger robustness in the 
optimization problem of benchmark test functions. 
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1. Introduction 

The swarm intelligence algorithm mainly simulates the group behavior of insects, birds, fish and other 
populations. Due to its stability and adaptability, the swarm intelligence algorithm has to be studied 
by a large number of scholars. These swarm intelligence algorithms are widely used in practical 
problems. The typical algorithms of swarm intelligence algorithms are Ant Colony Optimization 
(ACO)[1], Particle Swarm Optimization (PSO)[2], Cuckoo Search, CS)[3], Firefly Algorithm (FA) 
[4], Whale Optimization Algorithm (WOA) [5], etc. The Butterfly Optimization Algorithm (BOA) 
was inspired by the foraging behavior of butterflies by Arora[6] and others. The algorithm’s 
mathematical model is simple and adapts to the complexity of different fields. The problem, secondly, 
it can make a variety of possible improvements, and there is a strong balance between the two stages 
of exploration and development. 

Liu Yuntao[7]proposed an improved particle filter algorithm based on butterfly optimization to solve 
the problem of particle degradation caused by the suboptimal importance function of standard particle 
filter. The simulation results show that the particle degradation problem is effectively improved and 
the filtering accuracy is significantly improved.Li Tianlai and Liu Fangai[8]reflected a chaotic 
initialization method and improved butterfly optimization algorithm, which was used in wireless 
sensor networks. Simulation experiments showed that the positioning accuracy of wireless sensor 
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networks was obviously enhanced. Guo Delong[9]and others introduced levy flight mechanism into 
butterfly optimization algorithm and tested it on benchmark function. The results showed that the 
global search and local search of the algorithm reached a balance, and the convergence accuracy and 
solution efficiency were improved. 

These scholars have a certain academic value for the improvement of the butterfly optimization 
algorithm. However, these scholars also have certain shortcomings in improving the butterfly 
optimization algorithm. For example, the optimization accuracy of the butterfly optimization 
algorithm is not high. Or, the butterfly optimization algorithm tends to fall into a situation of local 
convergence. To this end, this paper proposes an improved particle swarm hybrid butterfly 
optimization algorithm (IPBOA). 

2. Standard Butterfly Optimization Algorithm 

Scientists observe butterflies in nature, scientists have proposed a butterfly optimization algorithm 
(BOA). The algorithm is very interesting. It uses algorithms to simulate the foraging and mating 
behavior of the butterfly population in nature. The BOA algorithm is different from other meta-
heuristic algorithms. One of the main characteristics of this algorithm is that each butterfly has its 
own unique smell. Butterflies can perceive the smell of food in the air in nature. The purpose of this 
algorithm is twofold. First, this is to determine the food source of the butterfly’s mating partners, and 
the second is to perceive the possible direction of food. In the BOA algorithm, this kind of fragrance 
in nature is made into a formula. This formula is a function of the physical intensity of the stimulus, 
as shown below: 

 

                                 (1) 

 

In the formula, f is the concentration of fragrance emitted by butterflies, that is, how strong the 
fragrance is perceived by other butterflies.We can find that in this formula, the letter c represents the 
sensory mode. The letter I stands for stimulus intensity. a This letter depends on the power exponent 
of the model, which represents the difference in the absorption of fragrance by different butterflies. 
In most cases, we can adopt the values of A and C in the range of [0, 1], where a= 1.This means that 
the butterfly does not absorb the fragrance,In other words, the scent emitted by a particular butterfly 
will be perceived by other butterflies. These butterflies have the same ability. 

In order to prove the above situation from the perspective of butterfly optimization algorithm, the 
following idealized rules are set for the characteristics of butterfly population: 

(1) All butterflies should emit some fragrance. These scents can attract butterflies to each other. 
Butterflies exchange information. 

(2)Each butterfly will move randomly. Or, the butterflies will move to the position of the best 
butterfly that emits more fragrance. 

(3) The stimulation intensity of butterflies is affected by objective function. 

Different fitness functions are defined for different problems. The BOA algorithm is mainly divided 
into three stages, and the detailed steps are as follows: 

(1) initializing butterfly population, randomly generating butterfly positions in search space, and 
calculating and storing the fragrance of each butterfly. And fitness value. ; 

(2) Sorting the fitness values of randomly generated butterfly populations, and storing butterflies in 
the best position; 

(3) Butterfly population global search stage. The individual moves towards the butterfly in the best 
position, and the position update formula is as follows: 
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                        (2) 

 

In the formula, The random number in, Is that b butterfly at the current iteration time t,
Indicates the aroma fitness value of the ith butterfly at the current iteration times. 

(4) The local search stage of butterfly population. The mathematical model is as follows: 

 

                         (3) 

 

In the formula, To search the positions of two butterflies randomly in the t-th iteration in the 
space, Indicates the aroma fitness value of the ith butterfly at the current iteration times,
The random number in. 

(5) meet the preset conditions, reach the maximum iteration times, terminate the program operation, 
and output the optimal value; otherwise, jump to step (2). 

3. Standard Particle Swarm Optimization Algorithm 

The Particle Swarm Optimization (PSO) algorithm is inspired by flocks of birds searching for food 
in a multi-dimensional search space. It is inspired by bird research in nature. When looking for the 
optimal value in a limited space, the position and flying speed of the bird flock determine the 
performance of the PSO algorithm. Each migratory bird in the butterfly population is called a particle. 
It can be found that the update formula of the optimal global particle position in the optimal solution 
of this butterfly optimization algorithm is as follows: 

 

                  (4) 

 

                                    (5) 

 

                            (6) 

 

Type, where: and Represents the velocity of the ith particle at iteration times t+1 and t, 

, a and b are random numbers in the interval (0, 1); ， ；

Indicates the current number of iterations, This word represents the maximum number of 
iterations of the butterfly optimization algorithm. 

4. Improved Butterfly Optimization Algorithm. 

Aiming at the problem of the population diversity of the standard butterfly optimization algorithm, I 
designed the Cubic chaotic map to initialize the population. This can increase the diversity of butterfly 
populations. At the same time, this is conducive to the overall optimization of the algorithm to a 
certain extent. The parameter a in the butterfly algorithm is a fixed value. This cannot effectively 
balance the global and local search capabilities of the algorithm. This paper designs an adaptive 
dynamic nonlinear parameter control strategy. This can effectively balance the global and local search 
capabilities of the algorithm. Finally, I added the particle update formula of the particle swarm 
algorithm to the butterfly optimization algorithm. This significantly improves the optimization 
efficiency and solution accuracy of the basic butterfly optimization algorithm to a certain extent. The 
algorithm is tested on the benchmark function. Moreover, I compare it with other five-species 
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intelligent optimization algorithms, and conduct a detailed analysis of the simulation experiment 
results to verify the effectiveness of the proposed algorithm. 

4.1 Cubic Chaotic Mapping Initializes Population. 

To solve the problem that the initial butterfly optimization algorithm randomly generates butterfly 
positions and then generates butterfly clusters, which leads to premature convergence of the algorithm, 
this paper applies Cubic chaotic map to butterfly population initialization[10], which increases the 
diversity of butterfly population and helps the algorithm to jump out of local optimum. The 
mathematical formula of Cubic chaotic map can be expressed as: 

 

                              (7) 

 

In the formula, e and f are chaotic parameters, and the chaotic mapping range caused by different 
chaotic parameters Cubic is also different. According to the detailed analysis of chaotic map given in 
literature, Cubic chaotic map can also be expressed as: 

 

                            (8) 

 

According to the verification of existing reference materials, this paper takes. The initial 
value of x is 0.3, and the number of iterations is set to 500. The simulation diagram is shown in Figure 
1. 

 

 
Figure 1. Comparison between random initialization and Cubic chaotic mapping. 

4.2 Adaptive Nonlinear Parameter Control Strategy. 

According to the formula given in the standard butterfly optimization algorithm, the control factor A 
of the aroma fitness function plays a very important role in the optimization process of the algorithm. 
Setting parameter a to 0.1 in the initial algorithm is not conducive to balancing global search and 
local search, and greatly reduces the optimization efficiency of the algorithm.Therefore, an adaptive 
dynamic nonlinear parameter control strategy is proposed, which effectively balances the ability of 
global search and local search. The formula of this strategy is as follows: 

 

                       (9) 
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Among them, Is the minimum value of parameter a, Is the maximum value of the 
parameter, Is the adjustment factor of the control step size, which is set to 2.5. Is the maximum 
number of iterations and is set to 500. The simulation is shown in Figure 2.It can be seen from the 
figure that the parameter a has a larger slope in the early stage of the algorithm. This larger slope can 
speed up the global search capability of the butterfly optimization algorithm. However, this reduces 
the mid-term slope to a certain extent. By reducing this slope, it is helpful for the algorithm to enter 
the local search. As can be seen from the figure, the slope behind is relatively gentle. In this way, you 
can allow the algorithm to search for the optimal solution. 

 

 

Figure 2. Comparative simulation diagram of two control parameters. 

4.3 Particle Swarm Optimization Algorithm Hybrid Butterfly Optimization Algorithm. 

In this section, I propose a novel hybrid butterfly optimization algorithm, which is a new idea. We 
know that the particle swarm optimization algorithm is different from the butterfly optimization 
algorithm. The difference of these intelligent optimization algorithms is mainly reflected in the 
different position update formulas of the butterfly. When solving high-dimensional complex 
problems, the particle swarm algorithm is easy to fall into the local optimum. At the same time, this 
algorithm has a disadvantage. That is, the search space of the particle swarm algorithm has certain 
limitations. However, we know that the butterfly optimization algorithm has strong global 
optimization capabilities. At the same time, the butterfly optimization algorithm has a relatively wide 
search space. We have combined the advantages of the two algorithms, and the specific steps are as 
follows.The first update of the algorithm adopts the relevant strategies in the particle swarm 
optimization algorithm: 

 

              (10) 

 

Among them, , The calculation formula is as shown in Formula (6). 

In the global search phase of the hybrid algorithm, the location update formula is as follows: 

 

                      (11) 

 

In the local search phase of the hybrid algorithm, the location update formula is as follows: 
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                          (12) 

4.4 Chaotic Butterfly Optimization Algorithm based on Particle Swarm Optimization. 

Start
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lake bottom optimization algorithm
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N

Y

N
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Figure 3. IPBOA algorithm flow chart. 
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This section proposes a new butterfly optimization algorithm (IPBA). This new algorithm combines 
the advantages of the Cubic chaotic map of the initial population, the adaptive nonlinear parameter 
control strategy of the butterfly fragrance power index a, the PSO algorithm and the BOA 
algorithm.Figure 3 is a flowchart. This figure shows the improved butterfly optimization algorithm. 

5. Simulation Experiment 

Ten international standard test functions are selected.These 10 test functions have many 
characteristics. Such as, unimodal, multimodal, multivariate. This can effectively verify the global 
optimization and local search capabilities of my improved algorithm.The experiments involved in 
this paper are simulated and tested on Windosw10 and Matlab2018a, and the machine used is 
configured with i7-11800H processor and 32GB memory.The maximum number of iterations I set 
here is 500. At the same time, I also set the butterfly population size to 30, and the selection 
probability of global search and local search to 0.6 and other parameters are given in the above 
contents. Details of benchmark test functions are shown in Table 1. 

 

Table 1. Benchmark function. 

test function dimension hunting zone optimal value 
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       30 [-32,32] 0 

 

The experimental results are shown in table 2. the algorithms compared in table 2 are grey wolf 
optimization algorithm (GWO), particle swarm optimization algorithm (PSO), marine predator 
algorithm[11](MPA) and butterfly optimization algorithm (BOA). The parameter settings in the 
algorithms all adopt the default settings in the corresponding literature, and each algorithm runs 
independently for 20 times under the same hardware conditions.And collect its optimal value, average 
value, worst value, standard deviation and algorithm solving time. The optimal value can effectively 
prove the optimization efficiency of the algorithm, and the average and standard deviation can 
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effectively prove the stability of the algorithm. As auxiliary indexes, the solving time and the worst 
value can verify the performance of the algorithm more scientifically. 

 

Table 2. Simulation experimental results. 

function BOA GWO PSO MPA IPBOA 

F1 

optimal value 6.46E-11 3.08E-29 2.24E-08 2.30E-24 2.26E-152 

average value 7.71E-11 2.47E-27 4.59E-06 4.62E-23 3.97E-152 

Maximum difference value 9.14E-11 1.66E-26 6.42E-05 3.04E-22 3.04E-22 

standard deviation 6.89E-12 4.29E-27 1.42E-05 8.47E-23 9.77E-153 

time 8.94E-02 1.40E-01 5.61E-02 2.99E-01 9.76E-02 

F2 

optimal value 1.18E-08 2.43E-17 8.92E-04 8.45E-15 9.80E-65 

average value 2.40E-08 8.56E-17 8.05E-02 3.57E-13 8.15E-56 

Maximum difference value 3.24E-08 2.02E-16 3.80E-01 1.06E-12 1.06E-12 

standard deviation 5.65E-09 5.48E-17 9.86E-02 2.93E-13 3.64E-55 

time 9.64E-02 1.49E-01 6.11E-02 3.10E-01 1.05E-01 

F3 

optimal value 5.52E-11 4.53E-08 2.02E+01 3.07E-08 4.09E-156 

average value 6.49E-11 7.73E-05 6.14E+01 5.44E-05 9.61E-153 

Maximum difference value 8.53E-11 1.17E-03 2.75E+02 3.82E-04 3.82E-04 

standard deviation 7.96E-12 2.62E-04 5.44E+01 9.54E-05 1.05E-152 

time 4.50E-01 3.20E-01 2.29E-01 7.18E-01 4.37E-01 

F4 

optimal value 3.11E-08 1.03E-07 6.58E-01 1.01E-09 6.85E-77 

average value 3.53E-08 6.61E-07 1.67E+00 4.13E-09 7.87E-77 

Maximum difference value 3.94E-08 2.39E-06 3.15E+00 1.69E-08 1.69E-08 

standard deviation 2.58E-09 6.05E-07 6.00E-01 3.73E-09 4.10E-78 

time 9.24E-02 1.47E-01 5.71E-02 2.99E-01 1.07E-01 

F5 

optimal value 2.89E+01 2.57E+01 1.37E+01 2.46E+01 9.94E-01 

average value 2.89E+01 2.70E+01 6.20E+01 2.55E+01 2.45E+01 

Maximum difference value 2.90E+01 2.88E+01 1.35E+02 2.61E+01 2.61E+01 

standard deviation 2.15E-02 8.56E-01 3.34E+01 4.59E-01 8.80E+00 

time 1.31E-01 1.62E-01 7.64E-02 3.48E-01 1.37E-01 

F6 

optimal value 3.84E+00 2.49E-01 5.90E-09 6.36E-09 1.07E-03 

average value 5.29E+00 8.36E-01 4.01E-06 3.87E-08 4.11E-02 

Maximum difference value 6.25E+00 1.73E+00 3.59E-05 7.55E-08 7.55E-08 

standard deviation 5.19E-01 3.44E-01 8.22E-06 2.05E-08 2.97E-02 

time 8.93E-02 1.54E-01 5.84E-02 3.03E-01 9.62E-02 

F7 
optimal value 8.91E-04 2.92E-04 2.46E-02 3.42E-04 5.90E-06 

average value 2.31E-03 1.75E-03 5.18E-02 1.31E-03 1.34E-04 
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Maximum difference value 4.63E-03 3.29E-03 8.14E-02 2.15E-03 2.15E-03 

standard deviation 9.15E-04 6.89E-04 1.71E-02 5.62E-04 1.33E-04 

time 2.62E-01 2.34E-01 1.43E-01 4.80E-01 2.70E-01 

F8 

optimal value -3.50E+03 -7.63E+03 -8.76E+03 -9.82E+03 -1.30E+04 

average value -4.02E+03 -6.01E+03 -5.37E+03 -8.82E+03 -1.40E+04 

Maximum difference value -4.79E+03 -3.01E+03 -2.77E+03 -8.18E+03 -8.18E+03 

standard deviation 3.33E+02 1.28E+03 1.69E+03 4.03E+02 9.52E+03 

time 3.45E-01 1.79E-01 8.98E-02 3.71E-01 4.84E-01 

F9 

optimal value 0.00E+00 5.68E-14 4.08E+01 0.00E+00 0.00E+00 

average value 4.59E+01 1.30E+00 6.58E+01 0.00E+00 0.00E+00 

Maximum difference value 1.95E+02 5.73E+00 8.86E+01 0.00E+00 0.00E+00 

standard deviation 8.17E+01 1.93E+00 1.29E+01 0.00E+00 0.00E+00 

time 1.22E-01 1.50E-01 6.74E-02 3.23E-01 1.16E-01 

F10 

optimal value 1.15E-08 6.48E-14 3.57E-04 5.20E-13 8.88E-16 

average value 2.46E-08 1.06E-13 1.70E+00 1.52E-12 8.88E-16 

Maximum difference value 3.22E-08 1.79E-13 3.73E+00 3.05E-12 3.05E-12 

standard deviation 7.01E-09 2.56E-14 1.09E+00 6.40E-13 0.00E+00 

time 1.23E-01 1.55E-01 7.27E-02 3.42E-01 1.23E-01 

 

From the results given in the table, it can be clearly seen that the improved algorithm in this paper 
has achieved the highest value in the compared algorithm except the function F6 and F8, and the 
solution accuracy of the algorithm has increased significantly. Average also has a better performance. 
In order to show the advantages of the proposed algorithm more intuitively,A further simulation 
experiment was made. As shown in figs. 4 to 13. 

 

 
Figure 4. comparison of function F1 
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Figure 5. comparison of function F2. 

 

 
Figure 6. comparison of function F3 

 

 
Figure 7. comparison of function F4. 
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Figure 8. comparison of function F5 

 

 
Figure 9. comparison of function F6. 

 

 
Figure 10. Comparison of Function F7 
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Figure 11. Comparison of Function F8. 

 

 
Figure 12. comparison of function F9 

 

 
Figure 13. comparison of function F10. 
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6. Conclusion 

The butterfly optimization algorithm has many advantages.These advantages include simple 
experimental procedures, fewer parameters, and easy implementation. However, this algorithm still 
has some defects when solving complex high-dimensional problems. These shortcomings include that 
the algorithm is prone to local convergence. At the same time, it also includes the defects of low 
solution accuracy. In order to solve the above problems, this article adopts three strategies to improve. 
I first use the Cubic chaotic graph to initialize the butterfly population.This method significantly 
increases the diversity of the population. This avoids the gathering behavior of butterflies to a certain 
extent. Secondly, I adopt an adaptive dynamic nonlinear parameter control strategy. These methods 
and measures have significantly enhanced the global search ability of the basic butterfly optimization 
algorithm to a certain extent. At the same time, this has another advantage, that is, it also enhances 
the local search capability of the algorithm. Finally, I will combine the example update formula in 
the particle swarm optimization algorithm and the butterfly optimization algorithm. Through this new 
and improved method, I effectively combined the advantages of the two algorithms. This greatly 
improves the optimization accuracy of the algorithm to a certain extent. At the same time, this greatly 
improves the solving speed of the algorithm. I use the four-species intelligent optimization algorithm 
to simulate and verify the set of 10 international test functions. The experimental results show that 
the IPBOA algorithm I proposed has excellent performance in most cases. This is significantly better 
than the basic butterfly optimization algorithm.For this reason, the improved butterfly optimization 
algorithm proposed by this site is effective. Future work will apply the proposed algorithm to practical 
engineering problems such as mobile path planning. 
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