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Abstract

Metaheuristic optimization algorithms are problem-
solving techniques inspired by natural or abstract 
phenomena and find wide applications across various 
fields. The bamboo forest growth optimization algorithm 
(BFGO) is a meta-heuristic optimization algorithm 
inspired by the growth characteristics of bamboo forests. 
It has a strong convergence ability and therefore can 
effectively solve high-dimensional complex optimization 
problems. However, for multi-modal problems and 
composite problems, BFGO still has the disadvantage of 
easily falling into local optimality. In response to the above 
shortcomings, this article proposes a bamboo forest growth 
optimization algorithm based on the clustering strategy 
(CSBFGO). Clustering grouping and the Cauchy mutation 
strategy are introduced in the algorithm to improve the 
convergence and diversity of the algorithm. The CEC2017 
benchmark test set was used to test and analyze its 
optimization accuracy and convergence ability to verify 
the effectiveness of the CSBFGO algorithm. In addition, 
to verify the performance of the CSBFGO algorithm in 
solving practical problems, integrating the CSBFGO 
algorithm is applied to optimize pump scheduling in water 
distribution networks. The experimental results show that 
the CSBFGO algorithm has good performance in solving 
practical problems.

Keywords: Bamboo forest growth optimization, Clustered 
grouping, Cauchy mutation, Pump scheduling, Water 
distribution networks

1  Introduction

Optimization problems widely exist in social fields 
such as production scheduling, mathematical science, and 
engineering optimization [1]. Essentially, they are applied 
to search the optimal solution of a given problem under 

certain constraints to achieve the optimal performance of a 
certain indicator [2]. Usually, optimization algorithms can 
be used to efficiently solve optimization problems. Firstly, 
existing problems are abstracted into concrete models, and 
then specific methods are designed to obtain the optimal 
solution of the model, providing the best solution for 
decision-makers [3]. With the continuous development of 
technology and the deepening of research, the importance 
of optimization algorithms has become increasingly 
prominent, but at the same time, challenges are also 
coming one after another [4]. Optimization problems are 
becoming more and more complex, and data also exhibit 
more complex high-dimensional nonlinear characteristics. 
For this reason, researchers are constantly committed 
to the study of optimization algorithms to increase their 
applicability to different optimization problems [5].

The current optimization algorithms are mainly divided 
into two categories: accurate algorithms and approximation 
algorithm [6]. The precise algorithm uses mathematical 
methods to solve optimization problems and obtain a 
unique global optimal solution. This type of algorithm 
usually has a fixed structure and parameters, suitable 
for solving small-scale optimization problems, and can 
ensure the accuracy of the optimal solution [7]. However, 
its solution results strongly depend on the initial values, 
and in large-scale problems, it will seriously consume 
computational power and easily lead to “combinatorial 
explosion” problems [8]. The approximation algorithm 
does not have the above problems when solving large-
scale complex optimization problems. Although this 
type of algorithm cannot guarantee sufficient accuracy of 
the optimal solution, it can converge the problem to an 
approximate value of the optimal solution in polynomial 
time [9]. And the randomness of its optimization process 
can provide more possibilities for the algorithm to jump 
out of local optima in multi-modal functions [10-11].

As a kind of approximation algorithm, the meta-
heuristic search (HMS) algorithm performs random 
searches by simulating biological activities in nature, 
using information from multiple heuristic functions, and 
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dynamically adjusting the search direction according to 
the weight of each function, in order to find the optimal 
excellent solution [12]. HMS is mainly divided into five 
categories: First, algorithms based on evolution theory, 
which form iterative evolution algorithms by simulating 
the mechanism of natural selection and genetic evolution, 
such as genetic algorithm (GA) [13], differential evolution 
(DE) [14] and quasi-affine transformation evolution 
(QUATRE) [15]. Second, it is based on biologically 
inspired algorithms, which constructs global optimization 
algorithm process by simulating the special behavior of 
biological population, such as particle swarm optimization 
(PSO) [16], tumbleweed optimization based chaotic 
(CTOA) [17], moth flame optimization (MFO) [18] 
and Pelican optimization algorithm (POA) [19]. Third, 
algorithms based on human behavior, which are heuristic 
algorithms constructed by simulating human teaching, 
social, and emotional behavior, such as teaching learning 
based optimization (TLBO) [20], brain storm optimization 
algorithms (BSO) [21] and student psychology based 
optimization algorithm (SPBO) [22]. Fourth, based on 
physical and chemical algorithms, algorithm models are 
constructed by simulating physical rules and chemical 
reactions in the universe, such as simulated annealing (SA) 
[23], water cycle algorithm (WCA) [24] and gradient-
based optimizer (GBO) [25]. Fifth, it is a music-based 
algorithm. The pioneer in this field is the Harmony Search 
(HS) [26].

The workflow of HMS algorithm is mainly divided 
into three parts: guidance mechanism, search operator 
and update mechanism. Simply put, the purpose of the 
guidance mechanism is to select candidate solutions from 
the population that guide individuals to perform the search 
process. The search operator is modeled by simulating 
natural laws to perform exploration and development 
tasks, while the update mechanism is to select survivors 
in the population. Or, that is, selecting the next generation 
population [27]. In recent years, researchers have proposed 
many new improvement strategies for the guidance 
mechanism and update mechanism. Kahraman et al. 
proposed a natural survivor method (NSM) as a population 
update method, based on the NSM score as the population 
update criterion [28]. Kahraman et al. proposed a new 
selection method based on fitness-distance balance (FDB) 
to solve the problem of insufficient algorithm diversity 
caused by premature convergence in MHS algorithm [29]. 
Ozkaya et al. proposed a fitness distance constraint (FDC) 
selection method and a dynamic guidance mechanism to 
improve the overall performance of the algorithm [30]. 
Kahraman et al. proposed a dynamic adaptive distance 
balancing (d FDB) selection method and applied it to 
the directional overcurrent relays (DOCRs) coordination 
problem [31]. Kahraman et al. proposed an AFDB-SFS 
algorithm to solve the optimal power flow (OPF) problem 
[32].

The optimization algorithm for bamboo forest growth 
is inspired by the unique growth laws of bamboo forests, 
and uses the random growth model of bamboo forests as a 
mathematical basis to model the growth process of bamboo 
forests [33]. BFGO has its unique advantages compared 

with other meta-heuristic optimization algorithms. 
Firstly, the BFGO algorithm groups populations and 
replaces information exchange between individuals with 
information exchange between groups, fully considering 
the impact of all individuals in the population on the 
solution; Secondly, in the algorithm, dynamic grouping, 
elite pool, and dimension flipping strategies are introduced 
based on the growth characteristics of bamboo forests 
to simulate the concept of bamboo whips and the 
phenomenon of bamboo whip interlocking in bamboo 
forests. Not only does it increase the possibility of 
communication between populations, but it can also guide 
the algorithm in the direction of optimization and enhance 
its ability to jump out of local optima. 

However, according to the “no free lunch” theorem, no 
optimization algorithm can perfectly solve any problem 
[34]. Research in recent years has tended to use different 
optimization strategies to reduce the disadvantages of 
algorithms. e.g., Hu et al. used multi-surrogate assisted 
optimization to reduce the evaluation cost and balance 
the global search and local search capabilities of the 
algorithm [35]. Lei et al. replaced the updating method 
of ant pheromones from constant to clustering method 
to ensure the integrity of clustering as much as possible 
[36]. Wang et al. added a parallel communication 
strategy to slime mould algorithm (SMA) to improve the 
efficiency of the algorithm [37]. Du et al. added a chaotic 
mapping strategy to PSO and applied the strategy to local 
populations to improve the diversity of the algorithm 
[38]. Zhang et al. optimized the convergent evolution 
behavior in phasmatodea population evolution algorithms 
and introduced a restart strategy to balance the diversity 
and convergence of the algorithm [39]. Later, Wu et al. 
introduced chaotic mapping into phasmatodea population, 
and the performance of the algorithm was significantly 
improved [40]. Chen et al. proposed a uniform non-inertial 
velocity update method to update the population in PSO, 
and then introduced an adaptive elite selection strategy to 
enhance the competitiveness of the algorithm [41].

BFGO can effect ively handle complex high-
dimensional problems. However, for multi-modal 
problems and composite problems, the iterative process 
of the algorithm will converge prematurely, making it 
difficult to jump out of the local optimal solution, and 
the final solution result will be quite different from the 
actual optimal solution. Therefore, improving the bamboo 
forest growth optimization algorithm has certain research 
significance. In response to the above shortcomings, this 
study proposes two improvement strategies. The main 
contributions are presented in the following aspects: 

1. This study proposes a bamboo forest growth 
optimization algorithm based on the clustering strategy 
(CSBFGO) to solve the problem that the BFGO is prone 
to falling into local optimality. First, the algorithm uses 
cluster grouping to enhance the diversity of solutions in the 
early groups of the algorithm by expanding the differences 
between different groups. Secondly, the Cauchy mutation 
strategy is introduced to generate a survival algorithm of 
the fittest for mutated individuals, guiding the algorithm to 
jump out of the local optimum.
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2. In order to verify the effectiveness of the CSBFGO 
algorithm, its optimization accuracy and convergence 
ability were tested and analyzed using the CEC2017 
benchmark test set.

3. The CSBFGO method is integrated into the 
optimization problem of pump scheduling in water 
distribution pipe networks to verify the performance of the 
CSBFGO algorithm in solving practical problems.

Section 2 will introduce the inspiration sources 
and mathematical models of the classic bamboo forest 
growth optimization algorithm. Section 3 will describe 
the improvement strategy and algorithm proposed in this 
study. Section 4 will focus on discuss the experimental data 
of CSBFGO algorithm under CEC2017 testing. Section 
5 will introduce the optimization problem of water pump 
scheduling in the water distribution network, design the 
coding method and fitness function of the problem. Finally, 
in Section 6, the experimental analysis is summarized and 
conclusions are drawn.

2  Preparations 

2.1 Inspiration
As a herbaceous plant, bamboo has the height of a 

tree, which is because it takes several years to extend 
its roots in the soil, and then only takes one month to 
achieve explosive growth [42]. Therefore, during the 
growth process of bamboo, the long-term extension stage 
of the root underground can correspond to the global 
search stage in the optimization algorithm, while the 
short-term explosive growth stage of bamboo height can 
correspond to the local search stage in the optimization 
algorithm. The extension of the root is actually the process 
of nutrient storage and expansion of the bamboo whip, 
the Underground stem of bamboo [43]. In this process, 
the height of bamboo grows slowly or even does not 
change. The explosive growth of bamboo height is a key 
characteristic of bamboo, which enables it to better adapt 
to forest environments [44].

The characteristics of the bamboo forest are shown in 
Figure 1. Among them, bamboo whip nodes are numerous 
and dense, capable of randomly growing and extending in 
various directions. Each growth point has a bamboo shoot 
tip that can penetrate almost any soil to continue growing. 
A bamboo forest is composed of multiple bamboo whips, 
and bamboo belonging to one whip is grouped.

The measured growth curve of bamboo height is shown 
in Figure 2 [45]. From the figure, it can be seen that the 

growth of bamboo forests is divided into two stages: the 
first stage is the underground extension stage of bamboo 
whips, where the height of the bamboo changes slightly, 
while the bamboo whips are expanding their underground 
territories, corresponding to the global search process in the 
optimization algorithm. The second stage is the explosive 
growth stage of bamboo height, which quickly reaches a 
certain height and gradually fades away, corresponding to 
the local search process in the optimization algorithm.

 

 Figure 1. Description of bamboo forest characteristics

 

Figure 2. The growth curve of bamboo height

2.2 Mathematical Model of the BFGO Algorithm
The corresponding relationship between the growth 

process of bamboo forests and optimization problems 
is shown in Table 1. The algorithm is divided into two 
stages: global search and local search, corresponding to the 
underground extension stage of the bamboo whip and the 
explosive growth stage of the bamboo height, respectively. 

Table 1. Correspondence between bamboo forest growth process and optimization problems
The growth process of bamboo forests The optimization problem

The bamboo The feasible solution
The bamboo forest The search space

The extension trend of bamboo whips The global search direction
The growth trend of bamboo height The local search direction

The growth time The iteration times
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2.2.1 The Global Search Stage
Bamboo whips expand their occupation area by 

randomly extending underground to absorb more nutrients 
and store energy in the soil. The direction of the all-round 
extension of the bamboo whip depends on three factors: 
the optimal individual of the population, the optimal 
individual of the bamboo whip, and the central individual 
of the bamboo whip. Therefore, the updating of individuals 
at this stage also depends on the direction of group 
cognitive items, bamboo whip memory items, and bamboo 
forest central items, respectively. The cosine values of the 
current individual in these three directions are shown in 
Eq.1, Eq.2, and Eq.3. The updates of individuals at this 
stage are shown in Eq.4.

 cos
t t

G
t t

G

X X

X X
β

⋅
=

 

  (1)

( ) cos
t t

P G

t t
G

X X

X X
γ

⋅
=

 

  (2)

( ) 
t t

C G

t t
G

X X
cos

X X
ξ

⋅
=

 

  (3)

( )
( ) ( )( )

( ) ( )( )

1 2

1
1 2

1

- cos , 0.4,

- cos ,0.4 0.7,

- cos ,

t t t
G G

t t t t
P g P g

t t t
C g C g

X q r X X r

X X q r X X r

X q r X X else

β

γ

ξ

+

 + × × × <
= + × × × ≤ <

 + × × ×

(4)

Among them, β, γ and ξ represent the direction of the 
current individual in the population optimal individual, 
bamboo whip optimal individual, and bamboo whip center 
individual, respectively. t represents the current number 
of iterations, and G represents the number of bamboo 
whips. X t represents the current individual, X t

G represents 
the optimal individual in the population, X t

p(g) represents 
the optimal individual on the first bamboo whip, and X t

C(g) 
represents the central individual on the second bamboo 
whip. r1 is a random number on the interval [0,2], and r2 
is a random number on the interval [0,1]. q is a decreasing 
coefficient, as shown in Eq.5.

2 tq
T

= − (5)

Among them, T is the maximum number of iterations. 
As the number of iterations increases, the value of q 
decreases from 2 to 1, which will continuously affect the 
rate of convergence of the algorithm.

2.2.2 The Local Search Stage
During the explosive growth stage of bamboo height, 

only a small portion of unearthed bamboo shoots can 
grow into bamboo. These bamboo shoots that have the 
opportunity to grow will receive sufficient energy and 
grow rapidly in a short period of time. And bamboo shoots 
that have no hope of growing up can only perish in the 
survival of the fittest in nature. In combination with the 
Stochastic process model of bamboo height growth, the 
update of individual position at this stage is shown in Eq.6.
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Among them, X t
temp represents the temporary matrix. 

After updating the individuals, the survival of the fittest 
will be carried out, and the individuals in X t

temp who are 
better than the original population will be selected to join 
the iteration process, while the rest will be eliminated. XD 
represents the relationship between the distance from the 
current individual to the central individual of the bamboo 
whip and the distance from the optimal individual of the 
bamboo whip to the central individual, as shown in Eq.7.
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where ∆H represents the difference between the cumulative 
of bamboo growth between the two growth iterations, as 
shown in Eq.8.
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where Q(t) represents the cumulative of the generation of 
bamboo height growth, as shown in Eq.9.
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Among them, the range of d1 is [-1,1]. Both b and λ are 
parameters of the growth curve, while are equivalent to a 
random environmental factor for bamboo growth. In Eq.7, 
the smaller the value of XD, the smaller the difference 
between the current individual and the optimal individu-
al, making it suitable for searching within a small range 
around the current individual. The larger the value of XD, 
the greater the difference between the current individual 
and the optimal individual. It is difficult to find a better 
solution within a small range near the current individual, 
and it is suitable to expand the range to find solutions that 
are farther away.
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2.3 The Implementation of the BFGO Algorithm
The optimization process of BFGO algorithm includes 

three stages: population initialization, global search, and 
local search.
2.3.1 The Population Initialization Stage

In the initialization stage, the population is divided 
into groups based on the characteristics of bamboo whips 
in the bamboo forest. After initialization, the generated 
individuals are evenly grouped based on their fitness 
values to ensure that the quality of the individuals in each 
group is equal.
2.3.2 The Global Search Stage

In the global search stage, individuals are updated 
according to Eq.1-Eq.3. When the optimal individual for 
each group in the search space is not updated, the default 
population is in a lagging state. By initiating dynamic 
grouping, individuals are disrupted and re grouped to 
awaken information exchange between populations, 
ensuring the randomness of each group and increasing the 
diversity of individuals in the population.
2.3.3 The Local Search Stage

In the local search stage, update the individuals 
according to Eq.6-Eq.9. At the same time, simulating 
the growth phenomenon of nutrient transfer through the 
intricate intersection of bamboo whips. The elitist library 
and dimension flipping ideas were introduced into the 
algorithm to avoid getting stuck in local optima.

The essence of the elite pool idea is to set an elite pool 
variable in the algorithm to store individuals who have 
been eliminated but still have good fitness values. The idea 
of dimension flipping is to extract a random number of 
individuals from the elite pool that is less than the number 
of elites when the algorithm has not undergone global 
optimal updates for 50 consecutive generations. Flip and 
exchange elements in the random dimension to achieve 
individual updates.

3  Proposed Improvement Algorithm 

3.1 Improvement Strategy
3.1.1 Cauchy Mutation

Meta-heuristic optimization algorithms have achieved 
good results by applying Gaussian variational strategies 
to improve the convergence accuracy of the algorithms. 
Both Gaussian and Cauchy distributions are a common 
distribution in probability theory and mathematical 
statistics [46-47]. The one-dimensional Gaussian 
distribution density function is shown in Eq.10:
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where σ = 1 and μ = 0 for the standard Gaussian 
distribution. The probability density function of the one-
dimensional standard Cauchy distribution is shown in 
Eq.11:

( ) 2
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t x
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The probability density function curves of the standard 
Gaussian distribution and Cauchy distribution are shown 
in Figure 3. From the figure, it can be seen that the Cauchy 
distribution is flatter than the Gaussian distribution, 
decreases to zero more slowly and has smaller peak at the 
center than the Gaussian distribution. From the random 
variable generating function theorem, the random variable 
generating function of the Cauchy distribution is shown in 
Eq.12:

Figure 3. Probability density function curves of standard 
Gaussian distribution and standard Cauchy distribution

η = tan [(ξ − 0.5)Π] (12)

where ξ  is a random variable subject to uniform 
distribution on [0,1]. To improve the global search 
ability of the algorithm, the diversity of the population is 
increased through the use of Cauchy variation. The peak 
of the Cauchy distribution function at the origin is small 
but the distributions at the two ends are long. Using the 
Cauchy variation can enable the variation to reduce the 
constraints of the local optima of the bamboo individuals 
and make it easier to jump out of the local optimum. In 
this study, the algorithm is enabled to focus on the search 
for the global optimum by taking advantage of the small 
peak of the Cauchy distribution. The Cauchy variation of 
an individual is added in the local search phase, and the 
current individual is mutated using the update formula 
shown in Eq.13.

Xnewbest = Xtemp × Cauchy(0,1) (13)

where Cauchy(0,1) is the standard Cauchy distribution. 
In the Cauchy variation strategy, the Cauchy variation 
operator is used to derive a new solution by perturbing the 
variation operation on the bamboo individuals to improve 
the defect of the algorithm falling into the local area.
3.1.2 Clustering Grouping

Analyzing the classical bamboo forest growth 
optimization algorithm, it is not difficult to find that the 
dynamic grouping strategy of the algorithm is flexible 
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in the conversion between uniform grouping and 
disrupted grouping, but in the late stage of the algorithm’s 
optimization search, the impact of these two groupings on 
the update of individuals does not differ much, because 
a large number of times of disrupted grouping also has 
a definite rule. Disorganized grouping transforms into 
aggregated grouping, where good, moderate, and crossover 
individuals are grouped separately. In this manner, 
the four best individuals and the four center of gravity 
individuals are obtained from the four groups with large 
gaps, thereby guiding the algorithm to learn not only from 
the good individuals but also from the poor individuals 
appropriately. Aggregate grouping enables individuals 
to learn and update more comprehensively, increases the 
diversity of solutions, and thus increases the possibility of 
the algorithm jumping out of the local optimum.

3.2 Description and Implementation of the Improved 
Algorithm
The pseudo code of the CSBFGO algorithm is shown 

in Algorithm 1.

4  Performance Testing and Analysis of 
Improved Algorithm (CSBFGO) 

To test the performance of the proposed CSBFGO 
algorithm, seven classic metaheuristic optimization 
algorithms were selected for comparative analysis, namely 

the particle swarm optimization algorithm (PSO), whale 
optimization algorithm (WOA), sine cosine algorithm 
(SCA), seagull optimization algorithm (SOA), sparrow 
search algorithm (SSA), advanced phasmatodea population 
evolution algorithms (APPE), and BFGO. Perform 50 
runs on unimodal functions, multi-modal functions, hybrid 
functions, and combination functions, and compare the 
average of the 50 optimal values obtained. Analyze the 
optimization accuracy and convergence ability of the 
algorithm to validate the effectiveness of the CSBFGO 
algorithm in solving optimization problems.

4.1 Experimental Design
The CEC2017 benchmark function was chosen as the 

testing function, and the experimental suite includes two 
unimodal functions, seven simple multi-modal functions, 
ten hybrid functions, and ten composition functions [49]. 
Detailed information about these functions is provided in 
Table 2, where f1 − f2 represent unimodal functions, f3 – f9 
denote simple multi-modal functions, f10 – f19 denote hybrid 
functions, and f20 − f29 signify composition functions. The 
parameter settings for the comparison algorithms in the 
experiment are outlined in Table 3. To ensure fair com-
parison, the max iterations for each algorithm were set to 
maxIter = 10000*Dimensions, and all experimental results 
were averaged over 30 independent runs for each test func-
tion. All experimental results were averaged over 30 inde-
pendent runs for each test function.

Algorithm 1. CSBFGO
Input: runs: Number of runs; T: Number of iterations; f : Fitness founction; N: Population size;
Output: X t

G: Optimal individual position; f(X t
G): Optimal individual fitness value; Converage: Storage variable of the optimal value in 

the iteration;
1: Initialize the number of bamboo whips G individual positions, count = 0, calculate individual fitness values and group them evenly;
2: while t ≤ T do
3:      for g to G do

4:         for i to 
N
G

 do

5:            Perform global search to update individual positions in the population according to Eq.1-Eq.5;
6:            if X t

p(G) is not updated then
7:               count = count +1;
8:            end if
9:            if count = G then
10:             Start dynamic grouping, reuse aggregate grouping and update the group’s optimal individual and central individual;
11:          end if
12:     According to Eq.6-Eq.9, local search is performed to save temporary individuals, and the population is updated by comparing 
and selecting the best ones.
13:         The eliminated individuals undergo Cauchy mutation operation to generate mutant individuals to participate in the population 
optimization process;

14:          if ( ) ( )2 50
3

> == −
Tt Converage t Converage t  then

15:        Start population communication and randomly select individuals from the elite pool to implement the dimension flipping 
strategy.
16:          end if
17:       end for
18:    end for
19: end while
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4.2 Optimization Accuracy Analysis
The average and standard deviation of the optimal 

values obtained by the CSBFGO algorithm and seven 
comparison algorithms, each run 30 times in the 
100-dimensional space, are displayed in Table 4 and Table 
5. The choice of 100 dimensions is justified because most 
algorithms exhibit excellent convergence capabilities in 
lower dimensional spaces, diminishing the significance 
of comparing convergence scenarios in such spaces. 
Convergence curves in high-dimensional spaces more 
accurately reflect the convergence abilities of algorithms, 
and the final line indicates the number of times the 
CSBFGO algorithm outperformed the others. Unimodal 
function f2 is excluded due to its instability at high 
latitudes.

From Table 4, it can be observed that in the 100 
dimensional space, the CSBFGO algorithm reaches its 
optimal performance in 8 functions: f4, f8, f10 – f11, f19, f22, f27 
– f28, the BFGO algorithm reaches its optimal performance 
in 5 functions, the SOA algorithm achieves optimal 
performance in 5 function. The PSO algorithm achieves 
optimal performance in 6 functions, while the APPE and 
SSA algorithm does so in 2 function. Conversely, the 
CSBFGO algorithm significantly outperformed other 
algorithms in obtaining the optimal number of solutions 
among 28 functions. In addition, the CSBFGO algorithm 

outperformed the PSO algorithm 19 times, the WOA 
algorithm 26 times, the SCA algorithm 26 times, the SOA 
algorithm 23 times, the SSA algorithm 25 times, the APPE 
algorithm 23 times, and the BFGO algorithm 19 times 
across 29 functions, surpassing half of the total instances. 
This highlights its significant superiority over the other 
seven algorithms, showcasing excellent optimization 
accuracy and strong competitiveness. From Table 4, it can 
be noted that in the 100-dimensional space, the CBFGO 
algorithm achieves 1 optimal among 3 multimodal 
functions and 2 optimal among 10 hybrid functions. 
Obtained 3 optima out of 10 composition functions, 
CSBFGO achieved the best value in 8 test functions, but at 
least 19 functions won when compared with each function 
individually, which proves that CSBFGO is more robust, 
especially in high-dimensional problems. At the same time, 
it also shows that the CSBFGO algorithm has good global 
and local search capabilities in 100-dimensional space. 
Although it ranks second in performance for hybrid and 
combination functions, overall, the CSBFGO algorithm 
still has the most optimal functions in 28 functions, 
which shows that the algorithm has superior performance. 
In addition, its performance is better when compared 
separately, which shows that it is more competitive than 
other algorithms.

Table 2. Details of the CEC2017 benchmark suite

Function type Number Function name Minimum value

Unimodal function 1 Shifted and Rotated Bent Cigar Function 100
2 Shifted and Rotated Zakharov Function 200

Multi-modal 
function

3 Shifted and Rotated Rosenbrock’s Function 300
4 Shifted and Rotated Rastrigin’s Function 400
5 Shifted and Rotated Expanded Scaffer’s F6 Function 500
6 Shifted and Rotated Lunacek Bi Rastrigun Function 600
7 Shifted and Rotated Non-Continuous Rastrigin’s Function 700
8 Shifted and Rotated Levy Function 800
9 Shifted and Rotated Schwefel’s Function 900

Hybrid function

10 Hybrid Function 1 (N=3) 1000
11 Hybrid Function 1 (N=3) 1100
12 Hybrid Function 1 (N=3) 1200
13 Hybrid Function 1 (N=4) 1300
14 Hybrid Function 1 (N=4) 1400
15 Hybrid Function 1 (N=4) 1500
16 Hybrid Function 1 (N=5) 1600
17 Hybrid Function 1 (N=5) 1700
18 Hybrid Function 1 (N=5) 1800
19 Hybrid Function 1 (N=6) 1900

Combination 
function

20 Composition Function 1 (N=3) 2000
21 Composition Function 2 (N=3) 2100
22 Composition Function 3 (N=4) 2200
23 Composition Function 4 (N=4) 2300
24 Composition Function 5 (N=5) 2400
25 Composition Function 6 (N=5) 2500
26 Composition Function 7 (N=6) 2600
27 Composition Function 8 (N=6) 2700
28 Composition Function 9 (N=3) 2800
29 Composition Function 10 (N=3) 2900
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To verify the statistically significant difference between 
the CSBFGO and the compared algorithms, the Wilcoxon 
rank sum test and the Friedman test were employed for 
testing, and the results are shown in Table 6. According 
to the results of the Wilcoxon signed-rank test, when 
the p value exceeds 0.05, it indicates that there is no 
statistically significant difference between the algorithms 
for pairwise comparison. The data in Table 6 reveals that 
most p-values are lower than 0.05, which means that the 
optimization performance of the CSBFGO is significantly 
different from other algorithms. Delving into the results 
of the Friedman test, the p-values derived from this 
statistical test are displayed, and they are placed in the 
rightmost column of Table 6, providing a clear and direct 
reference. This outcome demonstrates that in multiple 

independent experiments, the CSBFGO algorithm has 
exhibited superior performance, reflecting the overall 
performance advantage of the algorithm. To demonstrate 
the convergence of the algorithm on different problems, 
four distinct types of problems were selected from the 
CEC2017 benchmark suite to assess the convergence 
ability of the algorithm. The solution space dimensions 
were set to 30, 50, and 100. Specifically, F1 (unimodal), 
F7 (multi-modal), F19 (hybrid), and F26 (composition) 
test functions were chosen from the suite, and the test 
results are depicted in Figure 4. It can be observed from 
the convergence curve in the figure that the convergence 
and diversity of the CSBFGO have significantly improved 
compared to the BFGO, and optimal results can be 
achieved in most convergence graphs.

Table 3. Parameter settings for related algorithms

Algorithms Year Parameter
PSO 1995 1 22, 2, 0.7l l µ= = =

WOA 2016 [ ] [ ]1 1, 0,1 , 1,1b pc l= ∈ ∈ −

SCA 2016 2 2a = Number of populations (N): 100;

SOA 2019 1 21, 1, 2cfµ µ= = = Number of iterations (T): 1000;

SSA 2020 [ ]20.6, 0.5, 0,1ST PR R= = ∈ Solution space dimension (D): 100

APPE 2022 0.99α =

BFGO 2023 [ ]5, 0,2 , 2G b λ= ∈ =

Table 4. Comparison of mean results of various algorithms in CEC2017 benchmark function

Founction PSO WOA SCA SOA SSA APPE BFGO CSBFGO
f1 2.5817E+09 3.1941E+09 1.6980E+11 1.1947E+11 1.5526E+04 2.5273E+09 3.0531E+09 1.5781E+09
f3 4.2124E+05 8.4467E+05 3.5068E+05 2.7677E+05 6.1736E+05 1.3423E+05 2.0506E+05 2.2085E+05
f4 1.4746E+03 1.9262E+03 3.0871E+04 1.2924E+04 3.8907E+04 1.5270E+03 1.4461E+03 1.2393E+03
f5 9.3925E+02 1.5528E+03 1.9193E+03 1.5422E+03 1.9910E+03 1.4570E+03 1.3936E+03 1.3809E+03
f6 6.8002E+02 6.8599E+02 6.9326E+02 6.7565E+02 7.0316E+02 7.9238E+02 6.7105E+02 6.7163E+02
f7 1.6920E+03 3.4084E+03 3.5347E+03 3.1499E+03 3.6791E+03 2.8892E+03 2.9275E+03 2.8622E+03
f8 1.8405E+03 1.9712E+03 2.2725E+03 1.8255E+03 2.3784E+03 1.8391E+03 1.8585E+03 1.8159E+03
f9 1.9379E+04 5.1984E+04 7.3382E+04 4.8019E+04 7.7241E+04 2.3528E+04 2.8507E+04 3.3782E+04
f10 2.4757E+04 2.3994E+04 3.1726E+04 2.3672E+04 3.0374E+04 3.0083E+04 1.9476E+04 1.8376E+04
f11 1.4104E+04 5.0179E+04 1.0507E+05 5.1912E+04 1.4855E+05 1.7766E+04 1.2723E+04 1.1771E+04
f12 1.2536E+08 1.5675E+09 6.4905E+10 3.3159E+10 1.6816E+09 1.6317E+08 8.7437E+08 8.7007E+08
f13 1.0819E+06 2.9334E+06 1.1033E+10 4.0519E+09 1.6702E+06 1.23450E+06 8.8722E+05 2.0563E+06
f14 3.4135E+06 6.1978E+06 2.7506E+07 7.8987E+06 2.5368E+07 3.6216E+06 9.0640E+05 1.0379E+06
f15 3.6178E+05 1.9968E+06 3.3179E+09 1.3791E+09 6.6175E+05 1.8255E+05 8.8232E+04 1.7826E+05
f16 5.8376E+03 1.1528E+04 1.2896E+04 7.7198E+03 1.3712E+04 9.1932E+03 7.3679E+03 7.2988E+03
f17 4.9080E+03 8.1228E+03 1.4805E+04 7.0847E+03 1.6600E+04 4.2351E+03 6.3142E+03 6.5078E+03
f18 8.5748E+06 4.6938E+06 4.7687E+07 5.6814E+06 5.1497E+06 4.4636E+06 1.4555E+06 1.5399E+06
f19 6.3940E+06 2.8918E+07 2.8186E+09 9.5264E+08 5.5787E+07 6.6310E+06 6.1275E+06 6.0559E+06
f20 5.9335E+03 6.3946E+03 7.6724E+03 5.8030E+03 7.1694E+03 6.2416E+03 5.9701E+03 5.8202E+03
f21 3.9325E+03 4.1248E+03 3.9691E+03 3.4397E+03 4.1892E+03 4.1241E+03 3.9112E+03 3.8138E+03
f22 2.9398E+04 2.6706E+04 3.4188E+04 2.6322E+04 3.2997E+04 3.3261E+04 2.3026E+04 2.1763E+04
f23 5.1953E+03 4.9058E+03 4.8832E+03 3.8255E+03 5.8250E+03 5.6231E+03 5.1663E+03 5.0221E+03
f24 6.7963E+03 6.0123E+03 6.7321E+03 4.4050E+03 8.2198E+03 7.0491E+03 6.7718E+03 6.7421E+03
f25 3.9050E+03 4.2469E+03 1.7559E+04 1.0429E+04 1.8768E+03 4.2157E+03 3.8488E+03 3.6807E+03
f26 2.6057E+04 3.1438E+04 3.4881E+04 1.7418E+04 3.7344E+04 3.0182E+04 2.5918E+04 2.4038E+04
f27 3.7219E+03 4.9066E+03 6.9827E+03 4.1115E+03 8.7086E+03 3.8123E+03 4.7696E+03 3.3473E+03
f28 3.9324E+03 5.1129E+03 2.1238E+04 2.1353E+04 2.3252E+04 4.1674E+03 4.1923E+03 3.8193E+03
f29 9.7952E+03 1.5833E+04 1.7507E+04 1.1645E+04 2.9620E+04 1.2123E+04 1.0154E+04 1.0606E+04
Win/All 19/28 26/28 26/28 23/28 25/28 23/28 19/28
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Table 5. Comparison of standard deviation results of various algorithms in CEC2017 benchmark function

Founction PSO WOA SCA SOA SSA APPE BFGO CSBFGO
f1 7.8952E+07 1.1061E+09 7.8299E+09 1.1773E+10 4.7776E+09 1.2314E+10 1.3391E+09 3.1296E+09
f3 6.3563E+04 2.2432E+05 3.4162E+04 1.8633E+04 1.0590E+05 2.4243E+05 2.3283E+04 1.7997E+04
f4 1.5753E+02 2.5041E+02 4.3646E+03 3.1908E+03 2.9466E+03 2.3241E+04 1.7904E+02 2.5615E+02
f5 1.5066E+02 8.7952E+01 5.5658E+01 8.8234E+01 2.3980E+01 6.2351E+01 6.5646E+01 6.2530E+01
f6 3.9433E+00 9.6708E+00 5.1604E+00 5.9503E+00 1.9480E+00 1.0235E+00 4.4739E+00 6.0347E+00
f7 1.2668E+02 1.5550E+02 1.3865E+02 8.2056E+01 5.9259E+01 2.3211E+02 1.8975E+02 2.4885E+02
f8 7.4665E+01 1.0557E+02 6.1323E+01 7.0868E+01 3.6395E+01 9.1241E+01 8.9544E+01 9.0562E+01
f9 1.2391E+04 8.3455E+03 6.5735E+03 6.3679E+03 2.5982E+03 6.5231E+03 3.8551E+03 5.6729E+03
f10 4.6424E+03 1.7403E+03 5.2542E+02 1.5467E+03 5.2323E+02 2.1419E+03 1.9434E+03 2.2082E+03
f11 5.7594E+03 2.1996E+04 1.6168E+04 7.0529E+03 7.8675E+03 2.5235E+03 3.7951E+03 4.9351E+03
f12 1.3232E+08 5.0764E+08 7.2038E+09 6.6858E+09 6.7693E+09 2.1543E+09 4.2583E+08 5.0015E+08
f13 4.2879E+06 2.1879E+06 1.7831E+09 1.6529E+09 1.8097E+09 5.2123E+08 2.4819E+06 5.8884E+06
f14 1.7657E+06 2.4234E+06 1.4814E+07 3.6298E+06 5.1254E+06 2.1231E+06 3.4784E+05 4.8645E+05
f15 1.7973E+06 4.3342E+06 7.8566E+08 9.7669E+08 9.0015E+08 4.8451E+06 3.7586E+04 3.3668E+05
f16 7.9658E+02 1.2581E+03 7.8545E+02 1.0757E+03 5.4329E+02 1.1324E+03 1.0716E+03 1.1134E+03
f17 4.2507E+02 9.7684E+02 2.8171E+03 3.3879E+03 2.6182E+04 2.8213E+03 6.0726E+02 9.9510E+02
f18 3.0507E+06 1.8488E+06 2.2593E+07 2.8891E+06 1.3327E+07 3.4542E+06 5.7624E+05 7.7325E+05
f19 5.5045E+03 1.6827E+07 7.2630E+08 4.8723E+08 6.8439E+08 6.1215E+04 5.4171E+06 6.1875E+06
f20 1.3426E+03 6.3145E+02 3.1884E+02 7.2291E+02 3.4569E+02 6.2311E+02 5.5972E+02 5.5475E+02
f21 7.8999E+01 1.8911E+02 7.3724E+01 1.0419E+02 6.0448E+01 1.5370E+02 1.9907E+02 2.5460E+02
f22 4.3308E+03 1.4993E+03 3.5186E+02 1.7887E+03 1.0186E+03 2.1588E+03 2.2272E+03 1.9929E+03
f23 6.2842E+01 2.6042E+02 1.0894E+02 8.7824E+01 2.8100E+02 4.4121E+02 3.5626E+02 3.7241E+02
f24 9.6243E+01 3.7034E+02 2.4758E+02 1.0753E+02 5.6435E+02 6.2342E+02 7.1626E+02 6.8615E+02
f25 1.2656E+02 1.5621E+02 2.0914E+03 1.3589E+03 1.1324E+03 4.3212E+03 8.8360E+01 1.3099E+02
f26 6.6125E+02 3.5663E+03 1.7344E+03 1.0277E+03 1.4869E+03 4.2319E+03 6.9786E+03 8.8615E+03
f27 5.5971E+01 6.0396E+02 2.7174E+02 1.9224E+02 5.6698E+02 6.6542E+02 6.4009E+02 3.6848E+02
f28 1.4038E+02 3.6070E+02 1.6322E+03 8.1319E+02 1.0104E+03 7.2311E+02 2.7165E+02 2.9476E+02
f29 6.2590E+02 1.8035E+03 3.2678E+03 1.3584E+03 4.6451E+03 4.3249E+04 1.3102E+03 1.4686E+03

Table 6. Comparison results of each algorithm with Wilcoxon sign rank test and Friedman test

Fun PSO WOA SCA SOA SSA APPE BFGO p (Friedman)
f1 1.0487E-02 1.0479E-03 2.9137E-11 2.9137E-11 2.9137E-11 1.9217E-02 2.5101E-02 3.3521E-40
f3 5.9082E-03 2.9082E-11 2.9082E-11 1.5578E-10 2.9082E-11 4.1219E-03 3.1463E-02 3.4537E-38
f4 1.9319E-04 1.1737E-09 3.0199E-11 3.0199E-11 3.0199E-11 1.2739E-04 1.8916E-04 8.4653E-40
f5 3.1589E-03 6.5183E-09 3.0199E-11 1.1023E-08 3.0199E-11 3.0199E-02 5.1060E-01 5.9445E-38
f6 2.0199E-01 4.3106E-08 6.6955E-11 7.6171E-03 3.0199E-11 3.2139E-01 6.3088E-01 1.4517E-36
f7 2.9468E-02 3.3990E-10 5.9235E-11 6.4359E-07 2.9468E-11 2.9468E-02 2.7716E-01 3.2344E-39
f8 2.9358E-01 3.7421E-07 2.9358E-11 9.9410E-01 3.0199E-11 3.0199E-02 7.7272E-02 5.7457E-37
f9 6.5757E-05 8.1366E-10 2.7218E-11 4.2155E-09 3.0180E-11 4.1821E-05 2.5301E-04 8.54531E-38
f10 1.3101E-05 2.3753E-10 2.7218E-11 8.9878E-11 3.0180E-11 2.2341E-03 5.1854E-02 6.4564E-35
f11 1.7047E-02 2.7218E-11 2.7218E-11 2.7218E-11 3.0199E-11 1.2343E-02 1.6687E-01 1.4533E-38
f12 1.2382E-03 5.3618E-07 2.8003E-11 2.8003E-11 3.0199E-11 5.4329E-02 9.2344E-01 7.4681E-41
f13 6.5757E-04 1.2769E-05 2.7218E-11 2.7218E-11 3.0199E-11 4.7619E-03 2.8126E-02 5.1186E-40
f14 3.1660E-08 5.4843E-11 2.7218E-11 7.3811E-11 3.0199E-11 3.3251E-05 4.1191E-01 3.8646E-37
f15 1.0594E-06 8.1491E-09 2.8628E-11 2.8628E-11 3.0199E-11 4.3244-04 5.9424E-02 2.5657E-40
f16 7.1676E-02 3.0103E-11 2.7218E-11 1.9991E-01 3.0199E-11 8.2571E-02 9.7052E-01 5.5444E-38
f17 5.0392E-03 6.6408E-07 2.7218E-11 6.3009E-01 3.0199E-11 6.1287E-02 4.4641E-01 6.5432E-38
f18 3.0967E-03 6.2969E-10 2.8003E-11 1.7451E-09 3.0199E-11 3.9421E-02 7.9584E-01 5.5977E-37
f19 2.9358E-02 1.0473E-07 2.9358E-11 2.9358E-11 3.0199E-11 3.9341E-02 3.4783E-01 4.54598E-41
f20 2.3291E-01 6.3630E-04 2.7218E-11 4.4537E-01 1.6132E-10 6.8311E-01 4.2039E-01 3.8798E-21
f21 2.9082E-02 3.1096E-05 5.8118E-04 4.0604E-09 8.1975E-07 2.2121E-02 5.9424E-02 4.3452E-33
f22 9.1904E-03 1.9591E-10 2.7218E-11 1.5554E-09 3.0199E-11 2.3526E-03 4.0589E-02 7.3143E-34
f23 1.9358E-01 2.3956E-01 1.6660E-01 2.9358E-11 2.0338E-09 2.1423E-01 2.0621E-01 2.5763E-34
f24 1.8003E-01 7.0010E-05 7.9551E-01 2.8003E-11 1.4110E-09 5.2130E-01 9.2344E-01 2.3430E-34
f25 1.7162E-08 3.3286E-11 2.7218E-11 2.7218E-11 3.0199E-11 7.4521E-07 9.5299E-07 7.9769E-40
f26 9.7204E-02 3.2306E-05 9.9724E-08 3.8668E-04 5.5727E-10 1.0129E-02 2.7719E-01 6.8745E-36
f27 2.4171E-05 2.1574E-10 2.7218E-11 3.2201E-09 3.0199E-11 7.4653E-08 3.8202E-10 4.4870E-39
f28 1.2013E-02 3.0084E-11 2.7201E-11 2.7201E-11 3.0199E-11 8.5422E-04 1.1674E-05 1.1087E-38
f29 3.3286E-02 1.4650E-10 3.6798E-11 1.8129E-03 3.0199E-11 1.0227E-02 1.2597E-01 3.3421E-39
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4.3 Stability Analysis
The purpose of this section is to demonstrate and 

verify the stability and efficiency of the BFGO and 
CSBFGO algorithms on the benchmark test functions. In 
this process, 28 functions in the CEC2017 test suite are 
used for simulation experiments. The max iterations for 
each algorithm were set to maxIter = 10000*Dimensions. 
Each algorithm runs M times independently on each test 
function and calculates the fitness value. In this study, 
finding a feasible solution is used as the evaluation 
criterion, and the average fitness of the two algorithms in 
each test function is used as the feasible solution of each 
function. Based on the research in [48] as a reference, the 
success rate (SR), average number of fitness evaluations 
(AFEs), and average calculation durations (ACDs) of the 
two algorithms are calculated for each problem.

(1) Success rate (SR): The SR value is calculated based 
on the number of successful runs and the total number of 
runs. The calculation formula is as follows:

100%mSR
M

= × (14)

where m is the number of successful runs and M is the total 
number of runs.

(2) Average number of fitness evaluations (AFEs): 
In stability analysis, when the algorithm finds a feasible 
solution, it stops searching and records the fitness 
evaluation value at that moment. These fitness evaluation 
values are calculated based on the search that successfully 
found a feasible solution in M independent runs. Define a 
vector FEsm that contains the number of fitness evaluations 
made by searches that successfully found a feasible 
solution, where m represents the number of successful 
searches.Using this data, the AFEs are calculated as 
follows:
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where FEs represents the number of fitness evaluations 
performed by the search that successfully found a feasible 
solution.

(3) Average calculation durations (ACDs): The value 
of the ACDs parameter is calculated based on the number 
of successful searches the algorithm has done to find a 
feasible solution. The ACD calculation is as follows:
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where m is the number of successful runs.
This work requires setting a feasible solution for 

each problem. In this study, we select the mean of each 
run of BFGO and CSBFGO as the standard for feasible 
solutions, and take the average of the two algorithm means 
as the feasible solution. The feasible solutions of the 28 
test functions in the CEC2017 test suite are shown in 
Table 7. Building upon these feasible solutions, we then 
meticulously calculated and compared the Success Rate 
(SR), Average Fitness Evaluations (AFEs), and Average 
Convergence Distance (ACD) values for both BFGO and 
CSBFGO across the suite’s 28 test functions. The ensuing 
data, presented in Table 8, provides a clear and quantitative 
insight into the performance of the algorithms. Notably, 
the CSBFGO algorithm exhibits a marked improvement 
in stability over the BFGO algorithm. This enhancement 
in stability is not only statistically significant but also 
reinforces the robustness of the algorithm we’ve proposed, 
underscoring its efficacy and reliability in tackling 
optimization problems.

Table 7. Possible solutions to 28 problems in the CEC 2017 benchmark suite

f1 f3 f4 f5 f6 f7 f8

2.3156E+09 2.1296E+05 1.3427E+03 1.3873E+03 6.7134E+02 2.8949E+03 1.8372E+03
f9 f10 f11 f12 f13 f14 f15
3.1145E+04 1.8926E+04 1.2247E+04 8.7222E+08 1.4718E+06 9.7215E+05 1.3325E+05
f16 f17 f18 f19 f20 f21 f22
7.3334E+03 6.4110E+03 1.4977E+06 6.0917E+06 5.8952E+03 3.8625E+03 2.2395E+04
f23 f24 f25 f26 f27 f28 f28
5.0942E+03 6.7570E+03 3.7648E+03 2.4978E+04 4.0585E+03 4.0058E+03 1.0380E+04
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5  Optimization and Analysis of Water 
Pump Scheduling in the Water 
Distribution Network 

5.1 Problem Description
Metaheuristic algorithms are ideally suited for 

addressing real-world challenges due to their robustness, 
parallelism, and adaptability, making them widely 
applicable across diverse practical scenarios [50-51]. 
Specifically, their application in resolving distribution 
dilemmas within water supply networks has garnered 
significant interest. Currently, most water distribution 
departments rely solely on experience for decision-
making and scheduling, resulting in significant energy 
consumption in the pipeline network, which undoubtedly 
leads to serious economic and energy losses [52]. In 
order to solve this problem, extensive research has 
focused on developing energy-saving and consumption 
reduction technologies, and optimizing the scheduling 
of water pumps is an essential part of energy-saving and 
consumption reduction [53]. Pump group optimization 
scheduling is a complex objective optimization problem 
with numerous variables, which can only be solved by 

establishing linear or nonlinear models to find the optimal 
energy-saving and consumption-reduction plan [54]. In 
order to quickly obtain the optimal solution, meta-heuristic 
optimization algorithms are typically employed [55].

This study tests the capability of the CSBFGO 
algorithm to solve real-world optimization problems and 
utilizes the CSBFGO algorithm to optimize water pump 
scheduling. By taking the speed ratio of the water pump 
as the independent variable and the minimum power 
distribution cost of the water pump as the objective 
function, hydraulic simulation and calculation of the 
water distribution network are conducted through joint 
programming using the EPANET toolbox and MATLAB, 
achieving real-time optimization of water pump scheduling 
to minimize electrical energy consumption.
5.1.1 Objective Function

The minimum energy consumption cost of water 
pumps refers to a function that aims to minimize the power 
distribution cost of each water pump, as shown in Eq.14:
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Table 8. SR, MFE, and MST performance of BFGO and CSBFGO algorithms

Fun SR AFEs ACDs
BFGO CSBFGO BFGO CSBFGO BFGO CSBFGO

f1 23.46% 100.0% 2.2432E+04 1.8673E+04 4.8419E+00 2.1276E+00
f3 83.26% 65.45% 6.8141E+03 8.3241E+03 1.7274E+00 1.0322E+00
f4 92.82% 77.23% 8.2135E+03 9.3242E+03 1.7913E+00 1.0576E+00
f5 95.43% 100.0% 5.6124E+04 4.5632E+04 1.5282E+01 6.0070E+00
f6 90.25% 87.02% 1.1342E+04 1.4565E+04 3.6899E+00 2.6666E+00
f7 74.42% 96.42% 1.0241E+04 8.3242E+03 2.9586E+00 1.2515E+00
f8 70.62% 90.16% 1.1231E+04 8.1341E+03 2.9179E+00 1.0763E+00
f9 100.0% 88.57% 9.8214E+03 9.4124E+03 2.8072E+00 1.3445E+00
f10 53.52% 85.54% 3.8132E+05 3.1058E+05 9.4232E+01 4.2214E+01
f11 83.91% 96.15% 9.5153E+03 9.5258E+03 2.2296E+00 1.1460E+00
f12 61.92% 82.18% 4.8351E+04 4.0523E+04 1.1489E+01 5.4212E+00
f13 100.0% 23.86% 3.2931E+04 4.7421E+04 7.3558E+00 5.8769E+00
f14 92.26% 72.35% 1.7435E+04 1.9126E+04 4.8543E+00 2.7381E+00
f15 100.0% 45.12% 1.8921E+04 2.2234E+04 4.6025E+00 2.7088E+00
f16 80.20% 92.58% 2.0844E+05 1.5625E+05 5.4190E+01 1.9981E+01
f17 87.81% 77.82% 1.9265E+04 2.3588E+04 6.3472E+00 3.9909E+00
f18 60.23% 64.88% 2.3562E+04 2.2163E+04 6.0003E+00 2.9009E+00
f19 71.21% 72.82% 2.2214E+04 2.1598E+04 1.3387E+01 8.5602E+00
f20 64.71% 66.92% 3.8354E+05 3.9236E+05 1.2928E+02 7.0566E+01
f21 89.26% 88.54% 2.8234E+05 2.6241E+05 9.9621E+01 6.2433E+01
f22 79.82% 84.23% 2.6274E+05 2.0371E+05 1.0258E+02 5.0779E+01
f23 61.92% 72.12% 3.2523E+05 2.9021E+05 1.2547E+02 7.8946E+01
f24 92.58% 98.21% 1.2313E+04 1.0222E+04 5.3571E+00 2.9712E+00
f25 82.12% 87.69% 9.8214E+03 8.2414E+03 3.6131E+00 2.3027E+00
f26 87.19% 88.62% 2.7345E+05 2.3345E+05 1.2808E+02 7.6140E+01
f27 40.72% 100.0% 1.8244E+04 6.1442E+03 8.1671E+00 2.7208E+00
f28 31.73% 100.0% 1.6452E+05 1.2341E+05 6.6257E+01 4.1199E+01
f29 92.24% 60.34% 1.1023E+03 1.6371E+03 3.9785E-01 4.3694E-01
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F1 (Unimodal) D = 30                            F1 (Unimodal) D = 50                             F1 (Unimodal) D = 100

F7 (Unimodal) D = 30                            F7 (Unimodal) D = 50                             F7 (Unimodal) D = 100

F19 (Unimodal) D = 30                          F19 (Unimodal) D = 50                          F19 (Unimodal) D = 100

F26 (Unimodal) D = 30                          F26 (Unimodal) D = 50                          F26 (Unimodal) D = 100

Figure 4. Convergence curves of algorithms for unimodal, multi-modal, hybrid and composition function in CEC2017 
(D=30, 50, 100)
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Where Wt represents the power distribution cost of 
each water pump at time t. ωt represents the unit electricity 
cost at time t. Nt represents the number of water pumps. Qit 
and hit are the flow rate and outlet pressure of water pump 
i at time t, respectively. K is a constant with a value of 
0.01019. ηit represents the efficiency of water pump i. Xit is 
the speed ratio of the water pump. Its value is 0 when the 
water pump is turned off and 1 when running at full load.
5.1.2 Constraints

The calculation of the objective function must not only 
satisfy the continuity equation and energy conservation 
equation, but also meet the following three constraint 
conditions.

The outlet flow constraint, speed ratio constraint, 
efficiency constraint, and monitoring point pressure 
constraint of the water pump should respectively meet 
Eq.15 to Eq.17.

, ,min i i max iq q q≤ ≤ (18)

, , min i i max iη η η≤ ≤ (19)

, , min i i max iH H H≤ ≤ (20)

Among them, qmin,i and qmax,i are the minimum and 
maximum flow rates of water pump i. ηmin,i and ηmax,i are the 
minimum and maximum efficiency of water pump i and 
Hmin,i and Hmax,i are the minimum and maximum pressures 
of water pump i.

Figure 5. Real water distribution networks case 1

   

                             Figure 6. Characteristic curve                                                 Figure 7. Efficiency curve

5.2 Solution Process 
Using the CS algorithm for optimization scheduling, 

the steps are as follows: a. Set the time to t, write a 
program in MATLAB, randomly generate N bamboo, 
which represent, N water pump speed ratios, and input 
them into the OWA toolbox for hydraulic calculation. 
Calculate the power consumption cost of the water 
pump through Eq.14; b. Update the position of bamboo 
individuals through global and local search stages, perform 
hydraulic calculations again, and compare with the limiting 
conditions of Eq.15 to Eq.17. If it meets the requirements, 

calculate the electricity cost of the water pump through 
Eq.14. If it does not meet the requirements, discard it; 
c. Repeat iterative calculations until the electricity bill 
approaches the optimal solution; d. Set time t = t + 1, 
return step a to repeat the operation until time t is greater 
than the maximum time.

5.3 Case Testing and Analysis
Using a manually constructed simple water distribution 

network and a real water distribution network as examples, 
this study verifies the practicality of the proposed pump 



302   Journal of Internet Technology Vol. 27 No. 3, May 2026

scheduling optimization method.
5.3.1 Real Water Distribution Networks in Case 1

The pipeline network includes a water source reservoir, 
which is pumped up by a water pump and transported to a 
pipeline network with two loops. As shown in Figure 5, the 
water distribution network comprises 8 nodes, 9 pipelines, 
1 water pump, and 1 water plant. 

The water pump characteristic curve represents the 
relationship between the head and flow of the water pump, 
where the water pump operates at its rated speed, as shown 
in Figure 6. The pump efficiency curve indicates that 
the pump efficiency (Y, expressed as a percentage) is a 
function of the pump flow (X, expressed in flow units), as 
shown in Figure 7. 

The default electricity fee is charged based on a 
gradient, with 8:00-11:00 and 18:00-23:00 designated as 
peak hours; 11:00-18:00 and 7:00-8:00 as off-peak hours; 
and 23:00-7:00 as the low-usage period. The charging 
standards are detailed in Table 9.
5.3.2 Real Water Distribution Networks in Case 2

The pipeline network includes a water source reservoir, 
which is pumped up by a water pump and transported to 
a pipeline network consisting of three rings. As shown 
in Figure 8, the water distribution network comprises 11 
nodes, 12 pipelines, 1 water pump, and 1 water plant. The 
characteristic curve of the water pump is shown in Figure 
9, and the pump efficiency curve is shown in Figure 7. 
The default electricity charging standards, as referenced in 
Table 9, are charged according to gradients.

Table 9. Electricity fee charging rules

Period of time  
 ⋅ 

yuanCost
kW h

Peak 1.29

Flat peak 0.84

Low valley 0.42

5.4 Experimental Analysis
Meta-heuristic optimization algorithms were used in 

the water distribution network to optimize the scheduling 
of water pumps at different time periods, and comparisons 
were made. Calculate the sum of the energy consumption 
of the water pump and the leakage cost for each partition 
at each moment, and perform a unified operation 10 times. 
Compare the average power consumption cost, minimum 
power consumption cost, and variance of the 10 operation 
results. Table 10 shows a comparison of the electricity 
consumption costs optimized by the algorithm for real 
water distribution Networks Case 1. Table 11 shows 
the speed ratio of the water pump corresponding to the 
minimum electricity consumption cost optimized by each 
algorithm over a period of 12 hours.

From Table 10, it can be seen that under the full power 
operation of the water pump, the electricity consumption 
cost reached 1086.9 yuan. After using the meta heuristic 

optimization algorithm for scheduling optimization, 

the electricity consumption cost can reach 
1 7,

10 10
 
  

 of 

the total cost, greatly saving electricity consumption. 
Additionally, the CSBFGO algorithm outperforms other 
algorithms in terms of average, minimum, and variance of 
power consumption costs, saving over 900 yuan compared 
to full power operation.

Tab le  12  shows  a  compar i son  o f  the  power 
consumption costs for real water distribution Networks 
Case 2. The speed ratio of the water pump corresponding 
to the minimum power consumption cost optimized by 
each algorithm over a 12-hour period is shown in Table 13.

From Table 12, it can be seen that under the full power 
operation of the water pump, the electricity consumption 
cost reached 37056.9 yuan, and the use of meta heuristic 
optimization algorithm for scheduling optimization greatly 
saved electricity consumption. In addition, the CSBFGO 
algorithm outperforms other algorithms in terms of 
average, minimum, and variance of power consumption 
costs, and can save at least 30000 yuan compared to full 
power operation.

6   Conclusion

This article proposes two improvement strategies 
to address the shortcomings of bamboo forest growth 
optimization algorithms, which often fall into local optima. 
By integrating aggregation grouping and Cauchy mutation 
strategies into the algorithm, the diversity of solutions 
within the population is enhanced, thereby improving 
the algorithm’s ability to escape local optima. In tests 
conducted with the CEC2017 benchmark, the CSBFGO 
algorithm demonstrated commendable optimization 
accuracy and convergence capabilities, effectively 
addressing the limitations of the BFGO algorithm. 
Additionally, the CSBFGO algorithm was applied to 
optimize the scheduling of water pumps in a water 
distribution network, illustrating its effectiveness in real-
world applications. The experimental results highlighted 
the algorithm’s ability to significantly reduce power 
consumption throughout the pipe network, achieving 
notable optimization outcomes in practical settings.

Looking ahead, future research could focus on 
optimizing both the time and space complexities of the 
BFGO algorithm. For instance, exploring the integration of 
Compact technology, which uses Gaussian distribution to 
efficiently represent the population, could enhance memory 
management. Moreover, to reduce algorithmic runtime, it 
is crucial to streamline the update strategy and refine the 
algorithm’s internal update mechanisms. By adopting these 
various approaches, while maintaining the algorithm’s 
convergence and diversity, it is possible to reduce both 
execution time and memory usage. This concerted effort 
will make the algorithm more competitive in addressing 
real-world challenges.



Advanced Bamboo Forest Growth Optimization Algorithm for Optimization of Water Pump Scheduling for Water Distribution Network   303

Table 10. Comparison of the electricity consumption costs for real water distribution networks case 1

Cost PSO WOA SCA SOA APPE BFGO CSBFGO

Electricity 
consumption for 
full power 
operation

1086.9 1086.9 1086.9 1086.9 1086.9 1086.9 1086.9

Average power 
consumption cost 110.1 184.8 193.5 139.2 167.3 117.9 87.7

Minimum power 
consumption cost 107.9 105.9 141.5 88.5 98.3 83.7 77.9

Variance 53.8 63.6 46.8 53.5 56.9 54.8 5.2

Table 11. The speed ratio of the water pump for real water distribution networks case 1

Time (hours) PSO WOA SCA SOA APPE BFGO CSBFGO
1 0.630 0.566 0.566 0.596 0.670 0.643 0.634
2 0.693 0.769 0.385 0.720 0.650 0.713 0.682
3 0.690 0.619 0.665 0.498 0.506 0.463 0.482
4 0.711 0.432 0.642 0.539 0.609 0.458 0.492
5 0.509 0.680 0.572 0.722 0.610 0.653 0.549
6 0.406 0.741 0.643 0.687 0.607 0.598 0.595
7 0.742 0.540 0.669 0.621 0.707 0.657 0.627
8 0.887 0.485 0.929 0.440 0.697 0.544 0.540
9 0.908 0.662 0.431 0.513 0.584 0.501 0.535
10 0.705 0.497 0.725 0.533 0.715 0.659 0.504
11 0.762 0.719 0.564 0.713 0.571 0.487 0.630
12 0.640 0.512 0.630 0.000 0.589 0.378 0.434

Table 12. Comparison of the electricity consumption costs for real water distribution networks case 2

Cost PSO WOA SCA SOA APPE BFGO CSBFGO

Electricity 
consumption for 
full power 
operation

37056.9 37056.9 37056.9 37056.9 37056.9 37056.9 37056.9

Average power 
consumption cost 2709.0 6644.8 4807.5 3731.6 2271.7 2450.2 2070.1

Minimum power 
consumption cost 1539.4 5499.9 4069.4 2269.9 1495.1 1557.7 1401.1

Variance 1021.5 1164.9 513.7 876.8 7238.3 731.8 846.4

Table 13. The speed ratio of the water pump for real water distribution networks case 2

Time (hours) PSO WOA SCA SOA APPE BFGO CSBFGO
1 0.792 0.724 0.824 0.743 0.757 0.736 0.735
2 0.727 0.707 0.713 0.703 0.730 0.700 0.700
3 0.817 0.700 0.960 0.734 0.719 0.701 0.779
4 0.827 0.709 0.808 0.708 0.770 0.778 0.724
5 0.817 0.746 0.717 0.387 0.754 0.725 0.000
6 0.702 0.746 0.112 0.192 0.772 0.998 0.000
7 0.256 0.268 0.000 0.000 0.223 0.270 0.055
8 0.439 0.745 0.000 0.000 0.734 0.000 0.122
9 0.265 0.746 0.000 0.000 0.342 0.112 0.000
10 0.583 0.746 0.007 0.000 0.342 0.921 0.000
11 0.943 0.746 0.000 0.000 0.000 0.539 0.511
12 0.422 0.313 0.000 0.000 0.731 0.000 0.321
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