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Abstract: This paper proposes a novel metaheuristic optimization method, named the Muskrat Optimization Algorithm 
(MOA), for solving complex optimization problems. Inspired by the foraging and nesting behaviors of muskrats, MOA simulates 
their cooperative characteristics and spatial memory mechanism. The population is modeled as muskrats with three distinct 
search paths, and the optimization process is divided into two main phases: foraging and nesting. In the foraging phase, an 
opportunistic strategy is applied in the early stage to enhance global exploration, followed by a defensive strategy to improve 
convergence stability. In the nesting phase, a tentative nesting strategy is first adopted to maintain population diversity, and then 
a refined nesting strategy is employed to strengthen local exploitation. A dynamic memory updating mechanism further balances 
exploration and exploitation by adjusting historical search information. The performance of MOA is evaluated on the CEC2017 
benchmark suite and three constrained engineering design problems. Experimental results demonstrate that MOA achieves 
competitive convergence accuracy, robustness, and overall optimization performance. 

Keywords: Metaheuristic optimization; Muskrat optimization algorithm; Exploration and exploitation; Engineering design 
problems. 

 

1. Introduction 
In practical applications, many optimization problems 

exhibit non-convexity, nonlinearity, and multimodality[1]. 
With the increasing complexity of real-world problems, 
stochastic optimization methods have become an important 
means for solving a wide range of optimization tasks [2]. In 
optimization, problems can be classified according to 
different characteristics, such as continuous or discrete, static 
or dynamic, and single-objective or multi-objective. Such 
classifications help in designing solution methods that are 
well matched to problem characteristics, thereby achieving 
higher efficiency. Correspondingly, solution methods usually 
explore the search space through iterative procedures, 
continuously improving candidate solutions so that the search 
gradually converges toward the optimal solution [3]. 

With the continuous advancement of research, a variety of 
solution methods have been proposed for optimization 
problems, which can generally be classified into two 
categories: heuristic algorithms and metaheuristic algorithms 
[4]. When a problem is computationally difficult to solve 
exactly within a finite time, heuristic algorithms are widely 
adopted, aiming to obtain acceptable approximate solutions 
within a reasonable computational cost rather than exact 
optimal solutions [5]. On the other hand, metaheuristic 
optimization algorithms are a class of general-purpose 
methods for solving optimization problems. They do not rely 
on the specific structure of a given problem; instead, they seek 
solutions by simulating heuristic strategies derived from 
natural phenomena or human experience. Such algorithms 
usually exhibit good performance when dealing with complex, 
multimodal, and nonlinear optimization problems, and they 
do not depend on the convexity or concavity of the problem, 
nor are they sensitive to the choice of initial values [6]. 

Metaheuristic algorithms can generally be divided into two 
categories: single-solution-based methods and population-

based methods [7]. In terms of more thoroughly exploring the 
solution space and seeking global optimal solutions, 
population-based methods usually outperform single-
solution-based methods. According to the different sources of 
inspiration adopted in algorithm design, metaheuristic 
algorithms can be further classified into four major categories: 
swarm intelligence algorithms (Swarm Intelligence, SI), 
which perform optimization by simulating the movements 
and behaviors of animal groups and are mainly inspired by 
biological collectives in nature, such as flocks of birds, 
colonies of ants, or herds of animals; evolutionary algorithms 
(Evolutionary Algorithms, EA), which are inspired by 
biological evolutionary processes and employ operators such 
as chromosome crossover and mutation for search; physics-
based algorithms (Physics-based Algorithms, PA), which 
guide the optimization process by simulating physical laws in 
the real world; and human behavior–based algorithms, which 
design optimization strategies by modeling human behaviors 
in social environments.  

The first type of metaheuristic algorithms consists of 
swarm intelligence–based methods, which are typically 
inspired by animals exhibiting collective behaviors in nature. 
Several swarm intelligence algorithms have been proposed in 
recent years, such as Particle Swarm Optimization (PSO) [8], 
Grey Wolf Optimization (GWO) [9], Ant Colony 
Optimization (ACO) [10], Artificial Bee Colony (ABC) [11], 
Cuckoo Search (CS) [12], Whale Optimization Algorithm 
(WOA) [13], Artificial Hummingbird Algorithm (AHA) [14], 
Nutcracker Optimizer [15], Osprey Optimization Algorithm 
[16], and Horse Herd Optimization Algorithm (HOA) [17]. 

The second type of metaheuristic algorithms is 
evolutionary-based methods, which usually simulate the 
evolutionary processes of biological species in nature. Some 
well-known algorithms in this category include Genetic 
Algorithms (GA), which model individual evolution through 
chromosome mutation, recombination, and natural selection 
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[18]. Other notable algorithms belonging to this category 
include Differential Evolution (DE) [19], Differential Search 
Algorithm (DSA) [20], Genetic Programming (GP) [21], 
Forest Optimization Algorithm [22], Stochastic Fractal 
Search (SFS) [23], Biogeography-Based Optimizer (BBO) 
[24], Gradient Evolution Algorithm (GEA) [25], Evolution 
Strategy (ES) [26], and Evolutionary Programming (EP) [27]. 

The third type of metaheuristic algorithms is physics-based 
methods, which are typically inspired by natural phenomena 
governed by physical laws. Some classical algorithms in this 
category include Simulated Annealing (SA) [28], 
Gravitational Search Algorithm (GSA) [29], Artificial 
Chemical Reaction Optimization Algorithm (ACROA) [30], 
Black Hole (BH) [31], Charged System Search (CSS) [32], 
Ray Optimization (RO) [33], Gases Brownian Motion 
Optimization (GBMO) [34], Colliding Bodies Optimization 
(CBO) [35], Optics Inspired Optimization (OIO) [36], and 
Water Cycle Algorithm (WCA) [37]. 

The final type of metaheuristic algorithms is human 
behavior–based methods, which are usually inspired by 
human social behaviors. Representative algorithms in this 
category include Teaching–Learning-Based Optimization 
(TLBO) [38], Mine Blast Algorithm (MBA) [39], Interior 
Search Algorithm (ISA) [40], Exchange Market Algorithm 
(EMA) [41], and Brain Storm Optimization (BSO) [42]. 

In addition to the four main categories mentioned above, 
there are also mathematics-based and sports-inspired 
algorithms, such as QIO[43], TTAO[44], SCA[45], FGA[46], 
and SGO[47].Although metaheuristic algorithms have 
demonstrated strong problem-solving capabilities when 
dealing with highly complex and challenging real-world 
optimization problems, they inevitably suffer from several 
inherent limitations. In general, metaheuristic algorithms rely 
on evolutionary information provided by the best-performing 
individuals in the population to guide the search process [48]. 
Taking widely used population-based algorithms as an 
example, their optimization mechanisms are often 
constructed around elite individuals. Such elite-oriented 
search strategies tend to reduce population diversity during 
the iterative process, which may lead to premature 
convergence. Meanwhile, metaheuristic algorithms are 
inherently stochastic in nature, and purely random search also 
has certain limitations in terms of efficiency and stability. For 
instance, when solving most practical engineering problems, 
a large amount of computational resources is often required 
to obtain a satisfactory set of solutions [49]. These issues have 
motivated researchers to further explore and improve 
algorithmic designs in order to construct more stable and 
efficient optimization frameworks, particularly by addressing 
the tendency of traditional strategies to become trapped in 
local optima. 

According to the No Free Lunch (NFL) theorem [50], there 
is no single optimization method that can consistently achieve 
optimal performance across all problem scenarios. Therefore, 
metaheuristic optimization algorithms usually exhibit strong 
performance only for specific types of problems, while their 
search efficiency and stability may be limited for others. In 
this paper, a novel metaheuristic optimization algorithm is 
proposed, inspired by the collective behavioral characteristics 
and spatial memory mechanisms exhibited by muskrats 
during foraging and nest-building processes in natural 
environments. The staged foraging strategies, dependence on 
historical experience, and risk-avoidance behaviors 
demonstrated by muskrats in complex wetland ecosystems 

provide a valuable biological inspiration for constructing an 
optimization algorithm that balances exploration capability 
and convergence stability. Based on these behavioral 
characteristics, a new optimization framework is designed, 
and its feasibility and reliability are systematically analyzed 
and evaluated on numerical optimization problems and 
engineering design problems. 

The main contributions of this paper are summarized as 
follows: 
(1) A novel metaheuristic optimization algorithm, termed 
Muskrat Optimization Algorithm (MOA), is proposed, which 
can effectively solve continuous optimization problems as 
well as complex engineering design problems; 
(2) Inspired by the spatial memory and risk-avoidance 
behaviors of muskrats during foraging and nest-building, a 
memory-guided search mechanism is developed to 
dynamically balance exploration and exploitation during the 
search process, thereby reducing the probability of being 
trapped in local optima; 
(3) Comparative experiments with several classical 
optimization algorithms are conducted to verify the 
competitive advantages of the proposed algorithm in terms of 
optimization accuracy, convergence speed, and stability. 

The remainder of this paper is organized as follows: the 
section titled “Muskrat Optimization Algorithm” provides a 
detailed description of the MOA.; the “Experiments” section 
presents the simulation results and corresponding analyses; 
the “Engineering Design Problems” section introduces the 
engineering problems and discusses the experimental results; 
and the “Conclusion and Future Work” section summarizes 
this study and outlines several potential directions for future 
research. 

2. Muskrat Optimization Algorithm 
Inspired by the staged foraging behavior, nest-site selection 

strategy, and history-based spatial memory mechanism 
exhibited by muskrats in complex wetland environments, we 
propose the Muskrat Optimization Algorithm (MOA). The 
algorithm simulates how individual muskrats explore for food, 
develop nest areas, and utilize historical experience to 
continuously adjust their behaviors under dynamic risk and 
resource conditions, thereby approaching the optimal survival 
position. 

2.1. Initialization 
In MOA, let the total population size be denoted as PopSize, 

and the number of core muskrat individuals is defined as 𝑁𝑁 =
⌊PopSize/3⌋ . Each core individual corresponds to three 
candidate behavioral states in one iteration, representing its 
current position and exploratory movements in different 
directions. The mathematical formulation is given in Eq. (1). 

,1 0 ( )i UP LOW LOWM r= × − +
   

      (1) 

Here, 
,1iM


denotes the first exploratory point of the i-th 

muskrat, which is a random number within the interval [0,1], 
and 𝑖𝑖  is an integer ranging from 1 to ⌊PopSize/3⌋ . The 
parameters LOW


 and UP


 represent the lower and upper 

bounds of these variables, respectively. 

2.2. Path attempt and Evaluation 
In the proposed MOA, each muskrat generates several 

tentative positions along different directions according to its 
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current location, thereby simulating its path exploration 
behavior in natural environments. The mathematical 
formulation of this behavior is given in Eq. (2). 

( )( )
( )( )

,2 ,1 1

,3 ,2 2

i i up low low

i i up low low

k

k

f f fM M r
f f fM M r

= + × − + ×

= + × − + ×

   

       (2) 

Here, 
,2iM


 denotes the second exploratory position of 

the i-th muskrat, and 
,3iM


 denotes the third exploratory 

position of the i-th muskrat. The parameters 𝑟𝑟1 and 𝑟𝑟2 are 
random numbers uniformly distributed in the interval [0,1]. 

upf


 and 
lowf


 epresent the upper and lower bounds of 

the exploration range, respectively, and 𝑘𝑘 is a scaling factor. 
Their corresponding calculation formulas are given in Eq. (3). 

( )

up

low

t
T

UP
t
LOW

t

k t

f

f

e
−

=

=

=




                (3) 

Here,  denotes the given lower bound of the 

variables,  denotes the given upper bound of the 
variables, and 𝑇𝑇 represents the maximum number of 
iterations.As time progresses, muskrats gradually become 
familiar with their environment, and their activity radius and 
exploration intensity exhibit an exponential decay trend. After 
probing along different directions, muskrats compare the 
survival gains of multiple paths and categorize them into three 
types—superior, moderate, and inferior strategies—which are 
then used to guide subsequent decision-making. 

2.3. Foraging phase 
In the opportunistic foraging stage, when the location of 

high-quality food sources is not yet clearly identified, 
muskrats tend to conduct large-scale exploratory foraging to 
broaden their understanding of the habitat environment. The 
characteristics of this behavior are described by the 
corresponding mathematical model, as shown in Eq. (4). 

( ) ( )1
, , 1 2, 3,

t t t t t t
i of i rand best worst rand best rand worstiFmM M M M M Mλ+ = + × − + × −

     
                (4) 

Here, 
, 1

t
i randM


denotes a randomly selected probing path 

of a muskrat, t
bestM


 represents the global best path, and 

t
worstM


 represents the global worst path. 

2,
t
rand bestM



denotes the superior strategy of a randomly selected muskrat 

individual, while 
3,

t
rand worstM


denotes the inferior strategy 

of another randomly selected muskrat individual. Among the 
parameters, iFm  is a dynamic memory factor sampled 
from a normal distribution centered around the historical 
successful value. Its mathematical formulation is given in Eq. 
(5). 

( )
( )

~ ,0.5

max 0,
i i

i i

Fm HFm
Fm Fm=

N
          (5) 

The parameter 𝜆𝜆 is used to characterize the responsiveness 
of muskrats to non-local environmental information during 
foraging, thereby regulating the influence intensity of 
differential information from other individuals on the current 
search behavior. Its mathematical formulation is provided in 
Eq.(6).Here, the vector r


is a random vector with elements 

uniformly distributed in the range [0,1]. 

( ) 1
3

t
T

t reλ

− 
 = − ×
  
 


                (6) 

In the defensive foraging stage, muskrats reduce ineffective 
long-distance movements and instead concentrate their 
foraging activities around known high-yield areas and regions 
near their nests to improve energy utilization efficiency. The 
characteristics of this behavior are described by the 
corresponding mathematical model, as shown in Eq. (7). 

( ) ( )1
, , 4 , , , ,

t t t t t t
i df i rand best i Hbest i best worst i best i HworstM M F M M F M M+ = + × − + × −

      
          (7) 

Here, 
, 4

t
i randM


 denotes a randomly selected probing 

path of a muskrat. 
bestF


 and 

worstF


 represent the 

response intensities of the muskrat to historically favorable 
and unfavorable experiences during foraging, respectively. 
Through a time-evolution mechanism, they achieve a 
dynamic balance between exploration and avoidance. Their 
mathematical formulations are given in Eq. (8). 

1

2

2

1
2

t
T

best

t
T

worst

eF r

eF r

−

−

= ×

 
 = × −
  
 

 

 
            (8) 

bestF


 denotes the attraction intensity toward successful 

foraging experiences, while 
worstF


 represents the 

avoidance intensity toward unfavorable experiences.Both 

LOW


UP

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1r


 and 
2r


 are random vectors within the range [0,1]. 

,
t
i HbestM


  and 

,
t
i HworstM


 denote the suitable habitat 

memory and avoidance memory of muskrat individuals, 
respectively. 

,
t
i bestM


 represents the optimal strategy of the 𝑖𝑖 -th 

individual. 

2.4. Nesting phase 
During the trial nesting stage, muskrats maintain a 

relatively large activity radius around the temporary nest area 
and frequently adjust their positions to evaluate the potential 
benefits of the surrounding environment. The mathematical 
expression describing this behavior is given in Eq. (9). 

( ) ( )1
, , , , , ,

t t t t t t
i tn i ac i best i middle c best i bestM M M M M Mα γ+ = + × − + × −

      
 (9) 

Here, 
,

t
i acM


 represents the “activity center” of the 

temporary nest area. The vector α


is used to characterize the 

intensity of autonomous nesting adjustment. The vector γ


controls the influence strength of the displacement difference 
from randomly selected individuals on the current 
individual’s nesting decision. c is a random integer between 
1 and N.The formulations of vector α


 and vector γ


  are 

given in Eq. (10). Both 
3r


 and 

4r


 are random vectors 

within [0,1]. 
,

t
i acM


 can be computed using Eq. (11). 

2 1

3

4

2

t
T

t
T

e r

e r

α

γ

 × − 
 

−

 
 = ×  
 

= ×





             (10) 

( ), ,

, 2

t t
i best i middlet

i ac

M M
M

+
=

 


         (11) 

In the elaborate nest-building stage, muskrat individuals 
utilize historical optimal and suboptimal information to 
perform fine-grained position adjustments within the local 
area. By introducing multi-directional differential 
perturbations, the algorithm can further improve solution 
accuracy while maintaining search stability. The 
mathematical modeling of this behavior is given in Eq. (12). 

( )1
, , 1 1 2 2

t tt t
i en i best w v w vM M α+ = + × × + ×

    
  (12) 

The vectors 
1

tv


 and 
2

tv


 describe the spatial 

displacement directions of the current optimal nest relative to 
other high-quality nests. They represent the directional 
judgment formed by muskrats when comparing “why this nest 
site is better.” Their mathematical formulations are given in 

Eq. (13).The parameters 
1w


 and 

2w


 characterize the 

variation in muskrats’ reliance on reference information at 
different stages. Their mathematical expressions are provided 

in Eq.(14. Both 
5r


 and 

6r


 are random vectors with 

elements in the range [0,1]. 

, ,1

, ,2

t t t
i best i middle

t t t
i best i worst

v M M
v M M

= −

= −

  

                (13) 

51

62 1

t
T

t
T

w e r
w e r

−

−

= ×

 = × 
 −

 

                   (14) 

2.5. Historical memory update mechanism 
During long-term foraging, muskrats do not rely solely on 

immediate perception for decision-making, but exhibit a 
certain degree of learning and memory capability. In MOA, 
this behavior is characterized through a dual-channel 

historical memory structure. 
,

t
i HbestM


 represents the 

historical best memory, storing locations where the individual 

achieved high rewards during past foraging. 
,

t
i HworstM



represents the historical worst memory, recording locations 
where the individual performed poorly during exploration and 
should be avoided.Unlike the strategy of “immediately 
replacing memory upon finding a better solution,” MOA does 
not adopt a deterministic update approach. Instead, it 
introduces a probabilistic memory update mechanism, with 
the update rule given in Eq. (15). 

, , ,

,

,

       1 ,
,

,

1
,

t t t
i best i best i HbestHbest

t
i Hbest

t
i Hworst

if rand and f ft
i Hbest otherwise

t
i Hworst

pM M M
M

M

M

M

   < <   +    

+

= 


=

  








, , ,

    
,

,

t t t
i worst i worst i HworstHworst

if rand and f f

otherwise

pM M M   < >   
   





    (15) 

The parameters Hbestp and Hworstp are used to regulate the 
update intensities of positive experience reinforcement and 
negative experience inhibition, respectively. Hbestp describes 
the tendency of a muskrat to consolidate a superior foraging 
outcome into long-term memory, while Hworstp  reflects the 
muskrat’s sensitivity to unsuccessful experiences. 

3. Experiments 
The CEC2017 benchmark function set consists of 29 

functions, and the optimization complexity increases with the 
problem dimension. Based on the different characteristics 
exhibited in the search space, these test functions can be 
classified into four categories: unimodal functions (F1, F3), 
simple multimodal functions (F4–F10), hybrid functions 
(F11–F20), and composition functions (F21–F30). To 
evaluate the performance of PMOA in local search, global 
search, and local optima avoidance, we conducted tests on the 
CEC2017 benchmark functions in 100-dimensional space. In 
this study, several well-known optimization algorithms were 
selected as comparison methods, including COA[51], DE[19], 
GJO[52], GWCA[53], GWO[9], PSO[8], RSO[2], and 
POA[54]. Except for PSO and DE, all comparison algorithms 
use the same parameter settings as in their original papers, 
while the parameter settings for PSO and DE are listed in 
Table 1.The time complexity of the MOA algorithm is 
𝑂𝑂(𝑁𝑁 × 𝐷𝐷 × 𝑇𝑇), where initialization requires 𝑂𝑂(𝑁𝑁 × 𝐷𝐷)time. 
The foraging, nest-building, and historical memory update 
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processes each require 𝑂𝑂(𝑁𝑁 × 𝐷𝐷) per iteration, population 
evaluation requires 𝑂𝑂(𝑁𝑁) , and the overall iterative process 
costs 𝑂𝑂(𝑇𝑇). All experimental results were obtained from 30 
independent runs. The mean and standard deviation over the 
30 runs were used as the final statistical indicators. Detailed 
experimental results are presented in Tables 2-5.Under the 
100-dimensional setting, the MOA algorithm achieved 13 
first-place rankings, 6 second-place rankings, 8 third-place 
rankings, and 1 fourth-place ranking. Across all four types of 
functions in CEC2017, MOA performed significantly better 
than the comparison algorithms, ranking first overall.To 
visually illustrate the iterative process of the algorithm on the 
100-dimensional test functions, several representative 
functions were selected from the four categories to plot the 
convergence curves for convergence analysis. The 
convergence curves of different algorithms under the 100-
dimensional setting are shown in Figure. 1. As shown in 
Figure. 1, MOA achieves higher convergence accuracy on F1 
compared with the other algorithms. On the multimodal 
function F5, although the convergence speed is relatively 
slower, its final convergence accuracy is significantly better 
than that of the other comparison algorithms. On the hybrid 
functions F17 and F18, MOA demonstrates the best 
performance among all comparison algorithms. On the 

composition functions F21 and F25, MOA attains higher 
convergence accuracy than the other algorithms. The above 
convergence analysis indicates that MOA exhibits good 
robustness in high-dimensional problems.To further 
demonstrate the statistical superiority of MOA, statistical 
tests were conducted on the results of the CEC2017 
benchmark functions under the 100-dimensional setting. 
Table 6 presents the statistical results of the Wilcoxon rank-
sum test at the 5% significance level. The symbols ‘+’ and ‘–’ 
indicate that the algorithm shows statistically significant 
difference and no significant difference, respectively. The 
results of the Wilcoxon rank-sum test confirm that MOA 
outperforms the other comparison algorithms in the 100-
dimensional case. 

Table 1. Parameter setting of the algorithms 

Algorithm name Parameters Value 

DE F 0.5 
CR 0.9 

PSO 

w 0.3 
C1 2 
C2 2 

Vmax 6 
Vmin -6 

 
Table 2. Experimental results of MOA, COA, DE, GJO, GWCA, GWO, PSO, RSO and POA for F1-F9 with 100 dimensions (excluding F2). 

Function Type MOA COA DE GJO GWCA GWO PSO RSO POA 
F1 mean 9.94E+04 2.64E+11 3.50E+07 1.22E+11 9.74E+07 3.98E+10 1.61E+11 2.32E+11 1.29E+11 

std 1.33E+04 9.56E+09 2.49E+07 1.15E+10 1.58E+08 1.00E+10 1.35E+10 1.02E+10 1.52E+10 
F3 mean 4.79E+05 3.47E+05 7.53E+05 2.91E+05 3.86E+05 3.20E+05 3.84E+05 3.31E+05 2.46E+05 

std 6.03E+04 1.23E+04 6.06E+04 2.04E+04 1.04E+05 3.23E+04 5.77E+04 1.48E+04 2.48E+04 
F4 mean 7.52E+02 1.01E+05 7.76E+02 1.70E+04 1.04E+03 3.88E+03 3.85E+04 6.65E+04 2.03E+04 

std 4.93E+01 1.09E+04 4.97E+01 3.99E+03 1.34E+02 1.02E+03 5.05E+03 6.37E+03 6.32E+03 
F5 mean 9.58E+02 2.10E+03 1.44E+03 1.54E+03 1.19E+03 1.15E+03 1.22E+03 1.91E+03 1.56E+03 

std 4.79E+01 4.72E+01 3.20E+01 7.92E+01 7.76E+01 5.19E+01 6.62E+01 6.46E+01 6.75E+01 
F6 mean 6.46E+02 7.10E+02 6.02E+02 6.67E+02 6.54E+02 6.36E+02 6.58E+02 7.02E+02 6.79E+02 

std 4.12E+00 3.64E+00 5.31E-01 3.87E+00 4.52E+00 5.38E+00 3.11E+00 3.75E+00 3.33E+00 
F7 mean 1.58E+03 3.96E+03 1.81E+03 2.85E+03 2.88E+03 1.99E+03 2.63E+03 3.70E+03 3.38E+03 

std 8.46E+01 5.91E+01 4.74E+01 1.61E+02 2.78E+02 2.21E+02 1.87E+02 1.06E+02 1.17E+02 
F8 mean 1.30E+03 2.55E+03 1.74E+03 1.86E+03 1.55E+03 1.44E+03 1.64E+03 2.38E+03 2.00E+03 

std 6.32E+01 5.76E+01 2.98E+01 1.03E+02 8.03E+01 5.94E+01 5.42E+01 5.49E+01 6.65E+01 
F9 mean 1.59E+04 7.65E+04 3.26E+03 5.31E+04 2.14E+04 3.61E+04 2.07E+04 6.90E+04 3.66E+04 

std 2.29E+03 3.39E+03 1.93E+03 1.13E+04 2.21E+03 1.14E+04 1.77E+03 8.00E+03 2.32E+03 
 

Table 3. Experimental results of MOA, COA, DE, GJO, GWCA, GWO, PSO, RSO and POA for F10-F17 with 100 dimensions. 

Function Type MOA COA DE GJO GWCA GWO PSO RSO POA 
F10 mean 1.56E+04 3.23E+04 3.22E+04 2.36E+04 1.65E+04 1.74E+04 1.59E+04 3.05E+04 1.96E+04 

std 7.86E+02 7.69E+02 5.96E+02 4.95E+03 1.36E+03 4.87E+03 1.37E+03 2.02E+03 1.42E+03 
F11 mean 3.17E+04 2.33E+05 1.24E+04 8.20E+04 4.17E+03 6.29E+04 3.95E+03 1.59E+05 5.94E+04 

std 1.15E+04 3.09E+04 3.89E+03 1.83E+04 1.65E+03 1.81E+04 4.53E+02 3.10E+04 1.42E+04 
F12 mean 1.46E+08 1.93E+11 2.86E+07 3.61E+10 3.89E+07 6.52E+09 9.34E+10 1.51E+11 5.57E+10 

std 4.27E+07 1.65E+10 1.50E+07 1.10E+10 2.33E+07 3.26E+09 1.41E+10 1.70E+10 1.25E+10 
F13 mean 6.20E+04 4.15E+10 6.40E+03 6.35E+09 1.34E+04 6.90E+08 1.65E+10 4.01E+10 1.05E+10 

std 2.45E+04 6.36E+09 4.67E+03 2.92E+09 9.33E+03 5.46E+08 4.08E+09 3.55E+09 3.69E+09 
F14 mean 5.20E+05 8.13E+07 3.77E+05 1.28E+07 1.16E+06 7.36E+06 1.18E+06 2.78E+07 4.27E+06 

std 5.84E+05 3.50E+07 3.47E+05 5.89E+06 1.45E+06 4.59E+06 1.78E+06 1.69E+07 2.18E+06 
F15 mean 5.54E+04 2.02E+10 7.50E+03 1.95E+09 5.46E+03 1.72E+08 4.30E+09 1.55E+10 3.50E+09 

std 2.43E+04 5.54E+09 6.69E+03 1.42E+09 3.53E+03 2.23E+08 1.76E+09 2.47E+09 2.41E+09 
F16 mean 6.03E+03 2.25E+04 1.02E+04 8.79E+03 5.83E+03 6.05E+03 9.85E+03 1.83E+04 1.06E+04 

std 6.03E+02 2.51E+03 4.98E+02 1.63E+03 6.32E+02 6.78E+02 1.86E+03 1.56E+03 1.39E+03 
F17 mean 4.63E+03 5.02E+06 7.34E+03 1.20E+04 5.70E+03 5.10E+03 1.14E+05 2.75E+05 2.93E+04 

std 3.51E+02 3.48E+06 3.23E+02 9.49E+03 5.44E+02 6.47E+02 1.55E+05 2.93E+05 3.17E+04 
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Table 4. Experimental results of MOA, COA, DE, GJO, GWCA, GWO, PSO, RSO and POA for F18-F25 with 100 dimensions 

Function Type MOA COA DE GJO GWCA GWO PSO RSO POA 
F18 mean 1.06E+06 2.11E+08 1.84E+06 1.16E+07 1.45E+06 4.55E+06 7.66E+06 3.95E+07 4.78E+06 

std 4.32E+05 1.11E+08 7.86E+05 6.38E+06 1.21E+06 2.25E+06 1.35E+07 3.88E+07 3.62E+06 
F19 mean 4.99E+06 2.30E+10 6.27E+03 1.59E+09 6.10E+03 1.22E+08 4.61E+09 1.48E+10 2.26E+09 

std 2.30E+06 4.52E+09 5.57E+03 1.43E+09 3.86E+03 1.49E+08 1.49E+09 1.90E+09 2.11E+09 
F20 mean 5.03E+03 7.77E+03 7.57E+03 6.15E+03 5.37E+03 5.03E+03 5.37E+03 6.85E+03 5.14E+03 

std 2.50E+02 3.40E+02 2.27E+02 1.05E+03 4.11E+02 7.72E+02 4.46E+02 5.69E+02 3.60E+02 
F21 mean 2.87E+03 4.85E+03 3.27E+03 3.41E+03 3.18E+03 2.96E+03 4.03E+03 4.80E+03 3.79E+03 

std 5.40E+01 2.03E+02 2.87E+01 1.05E+02 1.11E+02 1.16E+02 1.75E+02 1.61E+02 1.17E+02 
F22 mean 1.86E+04 3.48E+04 3.42E+04 2.63E+04 1.89E+04 2.06E+04 1.95E+04 3.35E+04 2.33E+04 

std 7.39E+02 6.69E+02 4.61E+02 4.38E+03 1.37E+03 3.66E+03 1.49E+03 1.50E+03 9.36E+02 
F23 mean 3.58E+03 6.58E+03 3.75E+03 4.25E+03 4.11E+03 3.54E+03 5.69E+03 6.00E+03 4.69E+03 

std 1.44E+02 2.36E+02 3.56E+01 1.14E+02 2.07E+02 1.11E+02 3.72E+02 3.00E+02 2.34E+02 
F24 mean 4.28E+03 1.01E+04 4.22E+03 5.56E+03 5.11E+03 4.22E+03 1.04E+04 8.65E+03 5.94E+03 

std 1.55E+02 7.79E+02 5.08E+01 2.98E+02 5.12E+02 1.94E+02 6.07E+02 6.87E+02 3.37E+02 
F25 mean 3.42E+03 2.85E+04 3.47E+03 1.09E+04 3.73E+03 6.05E+03 1.50E+04 1.92E+04 1.12E+04 

std 5.97E+01 1.78E+03 6.68E+01 1.73E+03 1.50E+02 6.64E+02 1.75E+03 1.73E+03 1.57E+03 

Table 5. Experimental results of MOA, COA, DE, GJO, GWCA, GWO, PSO, RSO and POA for F26-F30 with 100 dimensions 

Function Type MOA COA DE GJO GWCA GWO PSO RSO POA 
F26 mean 1.53E+04 5.11E+04 1.53E+04 2.56E+04 2.26E+04 1.43E+04 3.83E+04 4.03E+04 3.41E+04 

std 1.14E+03 2.18E+03 4.02E+02 2.16E+03 2.96E+03 9.07E+02 2.91E+03 2.90E+03 2.81E+03 
F27 mean 3.79E+03 1.38E+04 3.42E+03 5.36E+03 4.04E+03 4.05E+03 9.44E+03 1.01E+04 5.46E+03 

std 1.13E+02 1.31E+03 3.79E+01 4.21E+02 2.55E+02 1.41E+02 1.49E+03 8.41E+02 4.66E+02 
F28 mean 3.56E+03 2.95E+04 3.77E+03 1.44E+04 3.97E+03 7.90E+03 2.12E+04 2.14E+04 1.59E+04 

std 5.59E+01 1.48E+03 1.67E+02 1.78E+03 2.06E+02 1.22E+03 1.63E+03 1.48E+03 2.44E+03 
F29 mean 8.76E+03 5.43E+05 9.24E+03 1.41E+04 7.78E+03 8.36E+03 2.48E+04 1.26E+05 1.57E+04 

std 8.27E+02 2.67E+05 4.92E+02 6.02E+03 6.30E+02 6.14E+02 1.17E+04 5.59E+04 4.97E+03 
F30 mean 1.96E+07 3.99E+10 3.16E+04 4.93E+09 3.33E+04 6.88E+08 1.47E+10 3.32E+10 8.45E+09 

std 7.27E+06 4.75E+09 1.92E+04 2.36E+09 2.00E+04 5.45E+08 3.85E+09 2.40E+09 3.38E+09 

Table 6. Wilcoxon rank-sum test results of the different algorithms on the 100-dimensional CEC’17 functions. 

Function COA DE GJO GWCA GWO PSO RSO POA 
F1 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 
F3 3.02E-11 4.08E-11 3.02E-11 2.60E-05 3.34E-11 2.57E-07 3.02E-11 3.02E-11 
F4 3.02E-11 4.84E-02 3.02E-11 4.08E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 
F5 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.34E-11 3.02E-11 3.02E-11 3.02E-11 
F6 3.02E-11 3.02E-11 3.02E-11 7.69E-08 3.65E-08 4.08E-11 3.02E-11 3.02E-11 
F7 3.02E-11 7.39E-11 3.02E-11 3.02E-11 7.39E-11 3.02E-11 3.02E-11 3.02E-11 
F8 3.02E-11 3.02E-11 3.02E-11 6.70E-11 1.20E-08 3.02E-11 3.02E-11 3.02E-11 
F9 3.02E-11 3.02E-11 3.02E-11 7.38E-10 8.15E-11 1.10E-08 3.02E-11 3.02E-11 

F10 3.02E-11 3.02E-11 8.99E-11 5.08E-03 1.81E-01 2.40E-01 3.02E-11 3.69E-11 
F11 3.02E-11 2.87E-10 6.07E-11 3.02E-11 8.48E-09 3.02E-11 3.02E-11 8.48E-09 
F12 3.02E-11 3.02E-11 3.02E-11 6.07E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 
F13 3.02E-11 3.02E-11 3.02E-11 1.21E-10 3.02E-11 3.02E-11 3.02E-11 3.02E-11 
F14 3.02E-11 5.19E-02 3.34E-11 1.27E-02 5.49E-11 1.87E-07 3.02E-11 8.99E-11 
F15 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 
F16 3.02E-11 3.02E-11 3.69E-11 1.76E-01 8.30E-01 4.62E-10 3.02E-11 3.02E-11 
F17 3.02E-11 3.02E-11 3.34E-11 6.52E-09 6.91E-04 3.02E-11 3.02E-11 3.02E-11 
F18 3.02E-11 2.60E-05 3.02E-11 6.20E-01 5.07E-10 5.60E-07 3.02E-11 2.37E-10 
F19 3.02E-11 3.02E-11 3.02E-11 3.02E-11 6.72E-10 3.02E-11 3.02E-11 3.02E-11 
F20 3.02E-11 3.02E-11 3.32E-06 8.12E-04 3.63E-01 9.03E-04 3.02E-11 7.24E-02 
F21 3.02E-11 3.02E-11 3.02E-11 4.08E-11 2.28E-05 3.02E-11 3.02E-11 3.02E-11 
F22 3.02E-11 3.02E-11 3.02E-11 6.95E-01 7.20E-05 1.50E-02 3.02E-11 3.02E-11 
F23 3.02E-11 1.25E-05 3.02E-11 1.61E-10 4.12E-01 3.02E-11 3.02E-11 3.02E-11 
F24 3.02E-11 1.45E-01 3.02E-11 6.12E-10 9.63E-02 3.02E-11 3.02E-11 3.02E-11 
F25 3.02E-11 9.47E-03 3.02E-11 4.98E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 
F26 3.02E-11 6.52E-01 3.02E-11 4.98E-11 8.56E-04 3.02E-11 3.02E-11 3.02E-11 
F27 3.02E-11 3.02E-11 3.02E-11 3.16E-05 1.70E-08 3.02E-11 3.02E-11 3.02E-11 
F28 3.02E-11 6.72E-10 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 
F29 3.02E-11 2.51E-02 5.49E-11 2.13E-05 5.01E-02 3.02E-11 3.02E-11 3.02E-11 
F30 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 
+/- 29/0 26/3 29/0 26/3 23/6 28/1 29/0 28/1 
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Figure 1. Convergence curves of the different algorithms on the 100-dimensional CEC’17 functions. 

4. Engineering Design Problems 
In this section, three classical real-world engineering 

optimization problems—the Three-bar truss design problem, 
the Gear train design problem, and the Rolling element 
bearing design problem—are selected to evaluate the 
optimization performance of the MOA algorithm through 
simulation. These problems require obtaining the optimal 
solution while satisfying multiple constraints. However, the 
presence of constraints and the limited feasible search space 
often significantly affect the performance of optimization 
algorithms. To effectively handle constrained optimization 
problems, a Constraint Handling Technique (CHT) is 
introduced in this study. This method penalizes constraint-
violating solutions by incorporating penalty terms into the 
objective function, thereby achieving a balance between 
objective optimization and constraint satisfaction. To ensure 
experimental fairness, the population size of all algorithms is 
set to 60, the maximum number of iterations is fixed at 1000, 
and each algorithm is independently executed 30 times. 

4.1. Three-bar truss design problem 
The Three-bar truss design problem is an important 

engineering optimization problem. Its objective is to 
determine the ideal values of three variables to minimize the 
weight of the three-bar truss while satisfying specific 
constraints. The mathematical formulation of the problem is 
as follows: 
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Table 7. The best results of various optimizers for three-bar truss 
design problem. 

 X1 X2 Optimum 
MO
A 

0.78866482969
40418 

0.40827747220
27158 

263.8958468842
678258 

COA 0.789202 0.406761 263.8960000000
00015 

DE 0.788675 0.408248 263.8960000000
00015 

GJO 0.78829728961
39562 

0.40932796873
89092 

263.8969405046
926227 

GW
CA 0.7885 0.408743 263.8960000000

00015 
GW
O 0.789382 0.406253 263.8960000000

00015 

PSO 0.78855 0.408602 263.8960000000
00015 

RSO 0.79666922607
00101 

0.38643312458
11944 

263.9753973048
165676 

POA 0.788675 0.408248 263.8960000000
00015 

Table 7 presents the best experimental results of the MOA 
algorithm compared with the benchmark algorithms. It is 
worth noting that, for specific variables, the MOA algorithm 
achieved the lowest cost. Compared with the eight benchmark 
algorithms (COA, DE, GJO, GWCA, GWO, PSO, RSO, and 
POA), MOA demonstrates stronger competitiveness in 
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solving the Three-bar Truss Design problem. 

4.2. Gear train design problem 
Gear train design is an important engineering problem, 

with the core objective of minimizing the gear ratio in a 
compound gear train configuration. The specific details of 
this problem are described as follows. 

Table 8 presents the best experimental results of the MOA 
algorithm and the comparison algorithms. The results indicate 

that for the gear train design problem, the MOA algorithm 
demonstrates comparable competitiveness with COA, GJO, 
GWO, PSO, and POA, and outperforms DE, GWCA, and 
RSO. 
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Table 8. The best results of various optimizers for gear train design problem. 

 X1 X2 X3 X4 Optimum 
MOA 49.247428320515958 15.5257717011500329 18.8966760344044786 42.6056459177648819 0.0000000000027009 
COA 48.6084000000000032 16.1424999999999983 19.3171999999999997 43.3599000000000032 0.0000000000027009 
DE 42.7304999999999993 16.4923999999999999 18.6085999999999991 48.5548000000000002 0.0000000000027009 

GJO 49.3067232494204220 19.1776149715386381 15.8498153814671277 43.1338387612098444 0.0000000000027009 
GWCA 53.2631000000000014 13.3132999999999999 20.1779000000000011 34.1293000000000006 0.0000000000230782 
GWO 43.0870000000000033 18.6020000000000003 15.5954999999999995 49.4551999999999978 0.0000000000027009 
PSO 43.2357999999999976 18.8232999999999997 16.4819999999999993 48.6803999999999988 0.0000000000027009 
RSO 26.7662170813886782 12 12 36.7217987030912312 0.0000000182738024 
POA 43.285499999999999 16.0253000000000014 19.2551999999999985 49.0236999999999981 0.0000000000027009 

4.3. Rolling element bearing design problem 
The rolling element bearing design problem is regarded as 

one of the most complex problems in the engineering field, 
involving ten optimization variables. Its main objective is to 
determine the values of these variables in order to maximize 
the dynamic load-carrying capacity while satisfying nine 
assembly and geometric constraints. The specific details of 
the problem are as follows: Table 9 presents the best 
experimental results of the MOA algorithm compared with 
the benchmark algorithms. The results show that, compared 
with the eight benchmark algorithms (COA, DE, GJO, 
GWCA, GWO, PSO, RSO, and POA), the proposed 

algorithm achieves higher optimization accuracy in solving 
the rolling element bearing design problem. 
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Table 9. The best results of various optimizers for rolling element bearing design problem. 

 mD  bD  Z  if
 0f

 minDK  maxDK  
ε  e ξ  Optimum 

MOA 125 21.8749974
375242751 

49.5695147
122494575 0.515 0.515 0.4 0.63939270

16082795 0.3 0.020162882
0518617 

0.60001177
09449898 

243431.434
600099979

4342 

COA 125 21.8740999
999999985 50 0.515 0.515 0.4 0.7 0.3 0.1 0.6 243413 

DE 125 21.875 49.6345000
000000027 0.515 0.515 0.471335 0.698163 0.3 0.0878019 0.664354 243431 

GJO 125 21.8748824
775102158 50 0.515 

0.5153
647595
397965 

0.40554969
70355618 

0.69570144
45787131 0.3 0.020042072

7716843 
0.62804784
70694437 

243429.003
415137267

4387 
GWC

A 125 21.875 49.5581999
999999994 0.515 0.515 0.5 0.699074 0.3 0.0660192 0.600718 243431 

GWO 125 21.8749000
000000002 

49.7543000
000000006 0.515 0.5167

06 0.451679 0.687107 0.3 0.0705661 0.615351 243428 

PSO 125 21.875 49.8277000
000000001 0.515 0.515 0.5 0.7 0.3 0.1 0.6 243431 

RSO 125 18.2678543
205019146 

34.8014604
047787657 0.515 0.515 0.4 0.6 0.3 0.02 0.6 

139032.349
910674121

9293 
POA 125 21.875 50 0.515 0.515 0.5 0.7 0.3 0.0677655 0.6 243431 

5. Conclusion and Future Work 
This paper proposes a novel meta-heuristic optimization 

algorithm called the Muskrat Optimization Algorithm (MOA). 
The algorithm is inspired by the collective behavioral 
characteristics and spatial memory mechanisms exhibited by 

muskrats during foraging and nest-building in natural 
environments. In MOA, the population is divided into three 
exploratory paths for each muskrat and separated into two 
stages: foraging and nesting. During the early foraging stage, 
an opportunistic foraging strategy is adopted, while a 
defensive foraging strategy is used in the later stage. During 
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the nesting stage, a trial nesting strategy is employed initially, 
followed by a refinement nesting strategy in the later stage. 
These strategies enhance global search capability and 
effectively avoid being trapped in local optima.To evaluate 
the performance of MOA, benchmark tests were conducted 
using 29 functions from the CEC2017 test suite in 100-
dimensional space, and the experimental results were 
analyzed using the Wilcoxon rank-sum test. Finally, 
benchmark tests were performed on three classical 
engineering design problems. The experimental results and 
statistical analyses indicate that MOA achieves superior 
search accuracy compared with the comparison algorithms 
(COA, DE, GJO, GWCA, GWO, PSO, RSO, and 
POA).However, the algorithm still has areas for improvement: 
on hybrid functions, the advantages of MOA in terms of 
convergence speed and accuracy are not significant compared 
with other algorithms. Therefore, enhancing the optimization 
capability of MOA remains an important research direction. 
In the future, we aim to develop novel search strategies to 
further improve its exploration ability. Additionally, MOA 
can be extended to a multi-objective version to address 
complex multi-objective optimization scenarios. 
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