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Abstract: Aiming at the shortcomings of the beetle swarm algorithm, namely its low accuracy,
easy fall into local optima, and slow convergence speed, a rebellious growth personality–beetle
swarm optimization (RGP–BSO) model based on rebellious growth personality is proposed. Firstly,
the growth and rebellious characters were added to the beetle swarm optimization algorithm to
dynamically adjust the beetle’s judgment of the optimal position. Secondly, the adaptive iterative
selection strategy is introduced to balance the beetles’ global search and local search capabilities,
preventing the algorithm from falling into a locally optimal solution. Finally, two dynamic factors are
introduced to promote the maturity of the character and further improve the algorithm’s optimization
ability and convergence accuracy. The twelve standard test function simulation experiments show that
RGP–BSO has a faster convergence speed and higher accuracy than other optimization algorithms.
In the practical problem of PM2.5 concentration prediction, the ELM model optimized by RGP–BSO
has more prominent accuracy and stability and has obvious advantages.

Keywords: growth character; rebellious character; beetle swarm optimization; test function; local
optimum; character decision

1. Introduction

Optimization plays a crucial role in the efficient operation of almost all real-world
systems [1]. The core basis of the optimization process is to achieve trade-offs between
multiple conflicting criteria for a given decision problem, with the primary purpose of
minimizing computational effort to determine feasible trade-off points [2]. Wolpert, in 1997,
proposed the theory that there is no free lunch, i.e., there cannot be one algorithm that
will be most efficient for every problem to be solved [3]. Therefore, various optimization
algorithms have been proposed and applied in different research fields in the past ten years.

Optimization algorithms mainly include two categories: gradient-based methods
and metaheuristics. For continuous and linear problems, gradient-based methods can be
used. For example, Zhadan uses the original dual Newton method to consider the linear
semidefinite programming problem [4]; Vijayalakshmi used stochastic gradient descent
to optimize the ANN model to predict the energy capacity ACs [5]. For more complex
issues, metaheuristics are favored for their stability, flexibility, and better ability to jump
out of local optima [6], such as the seagull optimization algorithm [7], particle swarm
optimization algorithm [8], gray wolf optimization algorithm [9], and whale optimization
algorithm [10].

Because of the great potential of metaheuristics in solving complex problems, Jiang
developed an optimization algorithm called beetle antennae search (BAS). The algorithm
was inspired by the beetle experiment at Cornell University [11]. The long beetle senses the
difference in the smell of things according to the antennae’s fibers, draws the odor intensity
map of the surrounding environment, and finds the direction of the odor according to
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the map [12]. Its most significant advantage is that the complexity involved is low, and
the number of individuals is only one, which can solve the problem in a shorter time.
However, the iterative result of the BAS algorithm is very dependent on the initial position
of the beetle, and the number of individuals is only one, resulting in low efficiency and
effectiveness of the optimization. Inspired by the swarm algorithm, Wang improved the
BAS algorithm and expanded the individual into a swarm to become the beetle swarm
optimization (BSO) algorithm [13]. Although the BSO algorithm solves the problem of low
optimization effectiveness of the BAS algorithm, there are still problems of local optima
and poor population diversity in iterations [14].

This paper proposes a beetle swarm optimization algorithm based on rebellious
growth personality (RGP–BSO). First, we increase the rebellious character to improve the
global search ability of the beetle herd and increase the growth character to enhance
the power of the beetle herd to converge to the optimal value. Secondly, the ability
of global search and local search of beetles is balanced through a personality selection
strategy. Finally, two dynamic factors are introduced to promote the maturity of the
character and further improve the convergence ability and accuracy of the algorithm.
Using twelve benchmark functions to conduct simulation experiments, the algorithm of
RGP–BSO has an extensive performance advantage compared with other optimization
algorithms. The model’s performance is evaluated using MAPE, RMSE, and MAE in a
practical problem of PM2.5 concentration prediction to explore the effectiveness of the RGP–
BSO optimization algorithm on PM2.5 concentration prediction. The ELM model optimized
by RGP–BSO has outstanding accuracy and stability with apparent advantages. With
appropriate computational resources, high-quality solutions can be obtained, providing
theoretical and methodological support for human travel patterns, governmental decision
making, etc., and providing data support for the RGP–BSO optimization algorithm to
perform better in practical applications.

2. Beetle Swarm Optimization Algorithm

The beetle swarm algorithm is inspired by the particle swarm algorithm and improved
by the beetle search algorithm. The updated formula of the beetle swarm algorithm is [13]:

Xk+1
i = Xk

i + λVk
i + (1− λ)Yk

i (1)

In the formula: i is the ith beetle, k is the number of iterations, and Xk
i is the position

of the ith beetle in the kth iteration. Vk
i is the velocity of the ith beetle at the kth iteration. Yk

i
is the increase in the moving position of the ith beetle at the kth iteration, constant λ∈[0, 1].
The speed update formula of the beetle swarm follows the speed update formula of the
particle swarm optimization algorithm. The update of the position of the beetle is based on
the search algorithm of the beetle, and the procedure is as follows:

Vk+1
i = ωVk

i + c1r1(Pk
i − Xk

i ) + c2r2(Gk − Xk
i ) (2)

Yk+1
i = δk ∗Vk

i

→
b ∗ sign( f (xr)− f (xl)) (3)

In the formula: c1 and c2 are two positive numbers. r1 and r2 are two random numbers
in the range [0,1]. ω is the adaptive inertia weight. Pk

i is the best position experienced by
the ith beetle after k iterations. Gk is the global best position of the beetle herd at the kth
iteration. δk is the step size of the beetle at the kth iteration. sign is a symbolic function
that determines whether the search direction after the beetle is the left whisker or the right
whisker. f (xr) is the fitness function, i.e., the solution of the solution function at the position

of xr. xr and xl are the positions of the right and left whiskers of the beetle, respectively.
→
b

is the random orientation of the beetle after the beetle moves. The calculation method is
as follows:
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→
b =

rnd(s, 1)
‖rnd(s, 1)‖ (4)

xk+1
r = xk

r + Vk
i ∗ d/2 (5)

xk+1
l = xk

l −Vk
i ∗ d/2 (6)

In the formula: rnd represents the random function, and s is the dimension of the
problem to be optimized. d represents the distance between the two antennas. To sum
up, it can be seen that the Tianniu swarm algorithm is easy to fall into local optima when
optimizing, and the ability to jump out of local optima is weak.

3. Improved Beetle Swarm Optimization Algorithm

Aiming at the problem the beetle herd algorithm—it has low precision and can easily
fall into local optima—this paper proposes the beetle herd optimization algorithm with
rebellious growth character (RGP–BSO).

3.1. Rebellious Growth Character

Inspired by the short flight ability of the beetle, the improved beetle swarm optimiza-
tion algorithm is used to solve the problem wherein the beetle herd is prone to fall into local
optima. When a beetle moves, it will actively share the location it has experienced with the
group, which is used as the basis for updating the optimal site of the group. When a beetle
moves, it may have a rebellious character. It will not focus more on the global optimal point
and its individual optimal point but may envy the optimal point passed by other beetles in
the population. Then, it uses the flying ability to randomly fly to the particular optimal
moment of a certain beetle in the population. Then, the updated formula for the position of
the left and right whiskers is as follows:

xk+1
r = Pk

rN + Vk
i ∗ d/2 (7)

xk+1
l = Pk

lN −Vk
i ∗ d/2 (8)

In the formula: N is a random number, and Pk
rN is the individual optimal point

experienced by the right whisker of the random Nth beetle in the kth iteration. Pk
rN means

that when the position of the right whisker of the beetle is updated, the position that he
participates in after the update is no longer his optimal position. Instead, the optimal
position is that of the original individual randomly selected individual N in the herd, and
the original beetle flies to the optimal position of individual N after a short flight. Pk

lN is
the personal optimal point shared by the left whisker of the random Nth beetle in the kth
iteration. The formula for growing rebellious character is as follows:

The rebellious character position movement formula is:

Xk+1
i = Xk

i + λ1Vk
i + (1− λ1)Yk

i (9)

The formula for the position movement of the growth character is:

Xk+1
i = Xk

i + (1− λ2)Vk
i + λ2Yk

i (10)

λ1 and λ2 are adaptive weights, and the value ranges of λ1 and λ2 are both [0, 0.5].
The primary role of V is to converge to the global optimum, while the role of Y is to jump
out of the local optimum and improve the global search ability. In the rebellious character,
to ensure the power of the algorithm to jump out of the local optimum, it is necessary to
ensure that Y is always maintained at the corresponding ratio. In the growth character, to
keep the ability to converge to the optimum, it is essential to ensure that V is maintained in
a particular proportion. After many experiments, it is proved that the algorithm performs
best when both λ1 and λ2 are kept at [0, 0.5]. As the number of iterations increases, the



Processes 2022, 10, 2312 4 of 17

values of λ1 and λ2 become lower and lower until they reach 0. With a decrease in λ1
and λ2, the proportion of V in the rebellious character will gradually decrease, and the
Y ratio will increase progressively. The global search ability of the rebellious character
will become stronger and stronger. The proportion of V in the growth personality will
gradually increase, the ratio of Y will gradually decrease, and the movement trend of the
growth character will tend progressively to the global best and converge to the global best.

3.2. Dynamic Factors of Personality Maturity

In order to make the character mature, the characteristics and abilities of each character
in the later stage of the iteration are gradually enhanced. We accommodate solution details
for problems that change with iterations. An adaptive inertia weight reduction strategy is
introduced, and the formula is as follows:

λ = λmax −
λmax − λmin

K
∗ k (11)

In the formula: the λmax constant is 0.5, the λmin constant is 0, K is the total number of
iterations, and k is the current iteration number. When λmax is set to 0.5 and λmin is set to 0,
the value range of λ is [0, 0.5]. We substitute λ into λ1 of Formula (9) to gradually improve
the global search ability of rebellious characters. Substituting λ into λ2 of Formula (10) is
used to progressively enhance the growth character’s optimization precision.

3.3. Personality Choice Strategies

Each particle faces the problem in different ways in the swarm optimization algorithm.
When only sticking to one method, it is easy to miss the optimal solution, increase the
optimization time, and reduce the convergence speed. This paper introduces a personality
selection strategy to allow each beetle to choose its optimization method in different
positions and iterations.

When solving the maximum value problem:

{Xk+1
i =Xk

i +λ1Vk
i +(1−λ1)Yk

i , f (Xk
i )≤ f k

average

Xk+1
i =Xk

i +(1−λ2)Vk
i +λ2Yk

i , f (Xk
i )≥ f k

average
(12)

When solving the minimum problem:

{Xk+1
i =Xk

i +λ1Vk
i +(1−λ1)Yk

i , f (Xk
i )≥ f k

average

Xk+1
i =Xk

i +(1−λ2)Vk
i +λ2Yk

i , f (Xk
i )≤ f k

average
(13)

In the formula: f (Xk
i ) is the fitness value of the ith beetle in the kth generation. f k

average
is the average fitness value of the beetle herd in k iterations. We solve for the minimum
value, as an example, when the fitness value of the beetle in the kth iteration is greater than
the average fitness value. We prove that when the position of the beetle is not good, the
beetle chooses a rebellious character, increasing the weight of individual best positions and
the probability of flying into random beetles. When the fitness value of the kth iteration is
less than the average fitness value, it proves that the position of the beetle is acceptable,
and the beetle chooses the growth character, focusing on the global optimum and the
individual optimum.

3.4. Algorithm Process

The specific flow chart of the RGP–BSO algorithm is shown in Figure 1. The steps of
the RGP–BSO algorithm are as follows:
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Step 1: Initialize the parameters of the beetle herd, including population number,
number of iterations, initial position, initial speed, inertia weight, etc. Step 2: Evaluate the
status of each beetle, select the globally optimal function, and calculate the average fitness
of the beetle population. Step 3: According to Formula (12) or Formula (13), the fitness of
each beetle is judged, and the appropriate character is selected. Step 4: According to the
two characters of Formulas (9) and (10), update the position of the beetle and update the
individual optima. Step 5: Determine whether the number of iterations k satisfies the end
condition. If so, output the optimal global value. Otherwise, repeat Steps 2 to 5.

4. Simulation Experiment and Analysis
4.1. Experiment Setup

In order to verify the optimized performance of the RGP–BSO algorithm this paper, par-
ticle swarm optimization (PSO) [15], differential evolution (DE) [16], beetle antennae search
(BAS) [17], beetle swarm optimization (BSO) [18], sparrow search algorithm (SSA) [19], and
cuckoo Search (CS) [20], six algorithms in total, are compared on 12 typical benchmark
functions. This comparison is performed to evaluate the algorithm optimization accuracy
and convergence speed.

The 12 selected test functions are shown in Table 1. The search range and optimal value
of the function are shown in the table. In order to ensure the accuracy of the experiment,
the population size of all optimization algorithms is set to 50 and the maximum number
of iterations is 100. After several experiments, we have demonstrated that the average
performance of each optimization algorithm is more stable when the population size is set
to 50. When the number of iterations is set to 100, each optimization algorithm converges
to the global optimum or a local optimum, and too many iterations only increase the
redundancy time of the operation. Therefore, to ensure the fairness of the experiment, we
set the population to 50 and the number of iterations to 100. The simulation software used
in this paper is Matlab2018.
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Table 1. Test function.

Numbering Function Name Function Image Domain of Definition Optimal Value
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4.2. Algorithm Performance Analysis

The comparison of algorithm performance indicators is shown in Table 2. In the
12 test functions, each group of algorithms is executed 30 times and the optimal value
(Best), the mean value (Mean), and the standard deviation (Std) of the 30 executions are
obtained. The data in the analysis table can be obtained. The RGP–BSO algorithm shows
strong optimization ability and convergence accuracy on both unimodal and multimodal
functions, which corrects the problem of the BSO algorithm falling into local optima easily.
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Table 2. Algorithm optimization performance comparison.

Function Test Indicators PSO BAS BSO RGP−BSO DE SSA CS

f1
Best 0.00 × 100 8.46 × 10−4 7.56 × 10−4 0.00 × 100 1.55 × 10−6 0.00 × 100 5.46 × 10−4

Mean 2.54 × 10−9 4.02 × 10−3 9.61 × 10−3 0.00 × 100 2.68 × 10−5 0.00 × 100 7.58 × 10−2

Std 2.19 × 10−9 2.13 × 10−3 6.47 × 10−3 0.00 × 100 2.25 × 10−5 0.00 × 100 1.09 × 10−1

f2
Best 6.72 × 10−2 2.70 × 10−1 1.45 × 10−1 1.00 × 10−1 5.00 × 10−2 1.00 × 10−1 1.09 × 101

Mean 1.00 × 10−1 1.29 × 100 3.12 × 10−1 1.00 × 10−1 7.53 × 10−1 1.00 × 10−1 4.19 × 101

Std 1.82 × 10−2 5.98 × 10−1 1.40 × 10−1 4.23 × 10−17 9.70 × 10−1 4.23 × 10−17 4.17 × 101

f3
Best 0.00 × 100 1.32 × 10−3 9.77 × 10−6 0.00 × 100 3.66 × 10−11 0.00 × 100 8.85 × 10−2

Mean 8.75 × 10−15 6.41 × 100 1.32 × 10−2 0.00 × 100 1.03 × 10−8 0.00 × 100 1.61 × 102

Std 1.65 × 10−14 5.83 × 100 1.96 × 10−2 0.00 × 100 1.23 × 10−8 0.00 × 100 3.60 × 102

f4
Best −2.06 × 100 −2.06 × 100 −2.06 × 100 −2.06 × 100 −2.06 × 100 −2.06 × 100 −2.06 × 100

Mean −2.06 × 100 −1.92 × 100 −2.06 × 100 −2.06 × 100 −2.06 × 100 −2.06 × 100 −2.06 × 100

Std 1.03 × 10−15 1.01 × 10−1 4.98 × 10−6 1.05 × 10−15 2.52 × 10−5 1.66 × 10−7 4.28 × 10−4

f5
Best −1.00 × 100 −9.36 × 10−1 −9.99 × 10−1 −1.00 × 100 −9.93 × 10−1 −1.00 × 100 −1.00 × 100

Mean −1.00 × 100 −6.44 × 10−1 −9.70 × 10−1 −1.00 × 100 −9.38 × 10−1 −1.00 × 100 −9.01 × 10−1

Std 2.05 × 10−13 2.47 × 10−1 2.69 × 10−2 0.00 × 100 1.43 × 10−2 0.00 × 100 9.43 × 10−2

f6
Best 0.00 × 100 2.60 × 10−10 1.22 × 10−14 0.00 × 100 0.00 × 100 0.00 × 100 1.32 × 10−10

Mean 0.00 × 100 1.41 × 10−1 8.45 × 10−10 0.00 × 100 0.00 × 100 0.00 × 100 9.86 × 10−5

Std 0.00 × 100 1.34 × 10−1 1.55 × 10−9 0.00 × 100 0.00 × 100 0.00 × 100 1.67 × 10−4

f7
Best −1.92 × 101 −1.92 × 101 −1.92 × 101 −1.92 × 101 −1.92 × 101 −1.92 × 101 −1.51 × 101

Mean −1.55 × 101 −6.32 × 100 −1.89 × 101 −1.92 × 101 −1.91 × 101 −1.76 × 101 −1.51 × 101

Std 4.60 × 100 4.97 × 100 1.50 × 100 1.99 × 10−8 3.73 × 10−1 1.46 × 100 5.42 × 10−15

f8
Best 0.00 × 100 6.02 × 10−8 1.33 × 10−7 0.00 × 100 1.35 × 10−13 3.94 × 10−10 3.44 × 10−9

Mean 9.74 × 10−19 5.53 × 10−1 5.00 × 10−6 0.00 × 100 5.37 × 10−11 8.49 × 10−7 7.18 × 10−4

Std 1.18 × 10−18 1.12 × 100 6.18 × 10−6 1.11 × 10−47 6.70 × 10−11 1.96 × 10−6 1.81 × 10−3

f9
Best 0.00 × 100 7.19 × 10−4 7.53 × 10−4 0.00 × 100 2.31 × 10−6 0.00 × 100 6.92 × 10−7

Mean 1.33 × 10−1 5.13 × 100 3.53 × 10−1 0.00 × 100 4.86 × 10−3 0.00 × 100 7.53 × 10−1

Std 3.46 × 10−1 4.68 × 100 4.01 × 10−1 0.00 × 100 1.71 × 10−2 0.00 × 100 8.86 × 10−1

f10
Best 0.00 × 100 9.95 × 10−1 8.55 × 10−4 0.00 × 100 3.10 × 10−7 0.00 × 100 1.45 × 10−4

Mean 9.95 × 10−2 6.13 × 100 6.43 × 10−2 0.00 × 100 1.87 × 10−4 0.00 × 100 5.72 × 10−1

Std 3.04 × 10−1 4.88 × 100 1.88 × 10−1 0.00 × 100 3.79 × 10−4 0.00 × 100 8.28 × 10−1

f11
Best −1.87 × 102 −1.87 × 102 −1.87 × 102 −1.87 × 102 −1.87 × 102 −1.87 × 102 4.46 × 10−9

Mean −1.87 × 102 −5.50 × 101 −1.86 × 102 −1.87 × 102 −1.87 × 102 −1.71 × 102 1.00 × 100

Std 6.96 × 10−14 4.75 × 101 2.82 × 100 2.08 × 10−12 8.80 × 10−2 1.88 × 101 2.02 × 100

f12
Best 0.00 × 100 0.00 × 100 0.00 × 100 0.00 × 100 0.00 × 100 0.00 × 100 0.00 × 100

Mean 2.68 × 10−5 1.39 × 10−1 5.06 × 10−2 0.00 × 100 0.00 × 100 0.00 × 100 0.00 × 100

Std 4.12 × 10−5 2.07 × 10−1 5.28 × 10−2 0.00 × 100 0.00 × 100 0.00 × 100 0.00 × 100
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For the functions f1, f3, f5, f6, f9, f10, and f12, the optimization accuracy of the RGP–
BSO algorithm even reached 100%. However, in the f2 function, no algorithms found the
global optimal solution of 0. The algorithm with the closest optimization value is the PSO
algorithm. However, the standard deviation of the PSO algorithm is large and unstable.
Although the optimal value of the RGP–BSO algorithm does not reach the accuracy of the
PSO algorithm, the standard deviation is the smallest among the seven algorithms, showing
good performance stability. For the function f11, although the optimization reached the
optimal value, the standard deviation of the RGP–BSO algorithm is slightly inferior to
the PSO algorithm. However, in the optimization comparison of the overall test function,
RGP–BSO shows better optimization ability, convergence accuracy, and ability to jump out
of local optima.

In order to reflect the convergence speed of the algorithms, the convergence curves of
each algorithm for the 12 functions are shown in Figure 2. The convergence speed of the
RGP–BSO and SSA algorithms is much higher than other algorithms when the convergence
value is 0. However, it can be found that the SSA algorithm quickly falls into the local
optimum when the convergence value is not 0, failing to converge to the globally optimum
value. The RGP–BSO algorithm ensures the convergence speed, considers the convergence
accuracy, and finds the optimal global solution in a concise number of iterations.
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5. Construction of RGP–BSO–ELM PM2.5 Concentration Prediction Model

In order to further verify the performance of the RGP–BSO optimization algorithm,
PSO and BSO are used as comparative optimization algorithms. We optimize the ELM
model to predict PM2.5 concentration. Most PM2.5 concentration predictions only consider
time series or space series in the existing research. PM2.5 attention is spatially susceptible
to external factors such as wind direction, wind speed, relative humidity, and tempera-
ture [21]. Temporally, PM2.5 concentration is affected by the accumulation of previous
PM2.5 concentrations [22]. Therefore, Zhang proposed a PM2.5 concentration prediction
framework based on the K-core idea and label distribution learning. The framework flow
chart is shown in Figure 3.

First, the label distribution support vector regression (LDSVR) [23] model was used
to calculate the weight of each influencing factor on the PM2.5 concentration in the daily
data. Secondly, complete ensemble empirical mode decomposition of adaptive noise
(CEEMDAN) is used for the modal decomposition of PM2.5 concentration factors such as
temperature, wind speed, and wind direction. Then, we used the time series forecasting
model to predict the data of the influencing factors during the forecast days. Finally, the
obtained weight ratio and influencing factor data are used for spatial prediction, and the
PM2.5 concentration is obtained.

5.1. Research Data

This paper selects Jinan City, Shandong Province, China, as the research area. The
data selected are the historical meteorological factors of Jinan in 2019 (CO, NO2, SO2, PM10,
O3, wind speed, average air pressure, wind direction, average temperature, and relative
humidity). The data of the last 35 days are used as the prediction data. The rest of the data
are used as the training data.
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5.2. RGP–BSO–ELM Model Construction

RGP–BSO optimizes the extreme learning machine (ELM) flow chart, as shown in
Figure 4. Step 1: Randomize the position and velocity of the beetles, and evaluate the fitness
values of all beetles based on the PM2.5 training data. Step 2: Evaluate the position of each
beetle, select the globally optimal position, and calculate the average fitness of the beetle
population. Step 3: According to Formula (12) or Formula (13), the fitness of each beetle is
judged, and the appropriate character is selected. Step 4: According to the two characters of
Formulas (9) and (10), update the position of the beetle and update the individual optima.
Step 5: Determine whether the number of iterations k satisfies the end condition. If so,
output the optimal global value. Otherwise, repeat Steps 2 to 5. Step 6: Substitute the
parameters of the optimized ELM model into the ELM to construct an RGP–BSO–ELM
model to predict the PM2.5 concentration.
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5.3. Evaluation Indicators

This paper adopts MAE, MAPE, and RMSE as evaluation indicators. Their calculation
formulas are as follows:

MAE =
1
t

t

∑
t=1
|xi − x̂i| (14)

MAPE =
100

t

t

∑
i=1

∣∣∣∣ xi − x̂i
x̂i

∣∣∣∣ (15)

RMSE =

√√√√1
t

t

∑
i=1

(xi − x̂i)
2 (16)

where: t is the number of days to predict PM2.5 concentration, xi is the expected value of
PM2.5 concentration, and x̂i is the actual value of PM2.5 concentration.

5.4. Forecast Result

The prediction results are shown in Figure 5, and the evaluation indicators are shown in
Table 3. It can be seen from Figure 5 that the ELM prediction model without an optimization
algorithm has significant error. The BSO–ELM, PSO–ELM, and RGP–BSO–ELM models
can more accurately predict the changing trend of PM2.5 concentration, and the expected
results are closer to the actual PM2.5 density. From Table 3, the RMSE of the RGP–BSO–ELM
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model is 2.8236, 2.0408, and 0.3778 smaller than that of ELM, BSO–ELM, and PSO–ELM,
respectively. It has been proven that the RGP–BSO–ELM model has better prediction
accuracy. At the same time, the RMSE index of RGP–BSO–ELM is the smallest, which
demonstrates that the RGP–BSO–ELM model is more stable. The RGP–BSO–ELM model is
superior to other models by comprehensive comparison.
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Table 3. Model evaluation index results.

Predictive Model RMSE MAE MAPE

ELM 1.7306 6.7137 0.0814
BSO–ELM 1.3375 5.9309 0.0805
PSO–ELM 1.0035 4.2679 0.0567

RGP–BSO–ELM 0.9137 3.8901 0.0535
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6. Conclusions

In order to solve the problems of slow convergence speed, low precision, and quickly
falling into the local optima attributed to the BSO algorithm, this paper proposes an
RGP–BSO algorithm based on rebellious growth character. The algorithm uses rebellious
character and growth character to increase the algorithm’s global search ability and local
search ability, adjust the understanding of the optimal position of the beetles, and change the
weight of the direction of the beetles. A character selection strategy is designed to balance
each beetle’s global search and local search, making it easier for the beetle herd to jump out
of local optima, improving the optimization accuracy of the algorithm. The dynamic factor
of character maturity is introduced to promote the maturity of the rebellious character
and growth character, improve the characteristics of the beetle herd in the later stage, and
further improve the optimization accuracy of the algorithm. We compared six algorithms,
namely the PSO, BAS, BSO, SSA, DE, and CS algorithms, in 12 test function simulation
experiments. Experiments show that the RGP–BSO algorithm has better convergence
speed and optimization accuracy and dramatically improved the ability to jump out of
local optima. By modeling the fundamental problem of PM2.5 concentration prediction,
the RGP–BSO–ELM model has better prediction accuracy, more prominent accuracy and
stability, and has obvious advantages.

In future work, we will apply the improved algorithm to other natural scenes and
improve the algorithm. It can be seen from Figure 2 that although RGP–BSO has a good
convergence speed overall, there are also cases where the convergence speed is slower than
DE and SSA algorithms. The goal of our subsequent work is to improve the convergence
speed of the algorithm further so that RGP–BSO no longer depends on the selection of the
initial population so that the iteration speed can be improved. An additional goal lies in
further reducing the running time of the RGP–BSO algorithm so that the algorithm has
better time complexity in practical applications to meet complex industrial applications.
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