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Abstract
Recently, optimization problems have been revised inmany domains, and they need powerful
search methods to address them. In this paper, a novel hybrid optimization algorithm is pro-
posed to solve various benchmark functions, which is called IPDOA. The proposed method
is based on enhancing the search process of the Prairie Dog Optimization Algorithm (PDOA)
by using the primary updating mechanism of the Dwarf Mongoose Optimization Algorithm
(DMOA). The main aim of the proposed IPDOA is to avoid the main weaknesses of the
original methods; these weaknesses are poor convergence ability, the imbalance between
the search process, and premature convergence. Experiments are conducted on 23 standard
benchmark functions, and the results are compared with similar methods from the literature.
The results are recorded in terms of the best, worst, and average fitness function, showing
that the proposed method is more vital to deal with various problems than other methods.

Keywords Prairie dog optimization algorithm · Dwarf mongoose optimization algorithm ·
Meta-heuristics · Benchmark functions · Optimization problems

1 Introduction

Selecting the best configuration of parameters of a particular problem by either minimiz-
ing cost/time or maximizing the profit can be termed/defined as Optimization. Real-world
global and engineering issues can be classified into continuous or discrete, unconstrained
or constrained, multi-objective or single objective, and dynamic or static [1–5]. Mathemat-
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ical techniques are insufficient to solve real-world problems since they fall in local optima,
consume more time, etc. Therefore, alternative approximation-based techniques such as
heuristic/metaheuristic are good for handling current problems [6–8].

Metaheuristics algorithms are optimization techniques that can perform the search space
iteratively by using the concept of natural selection “survival-for-the-best” using two
approaches: exploration and exploitation [9, 10]. Exploration means the agents (solutions)
will move globally to various and several search areas. In contrast, exploitation means that
the agents (solutions) will alter themselves reasonably bymoving in the promising areas [11–
14]. Metaheuristic algorithms have become very popular/famous for many reasons: avoiding
local optimal solutions, flexibility, ease-of-use, simplicity, etc [15–17]. In literature, an enor-
mous number of metaheuristics optimizers have been raised which can be classified into three
groups [18–21]: (1) swarm-inspired, (2) evolution-inspired, and (3) physics-based.

Swarm-inspired algorithms: contains optimizers that mimic species’ social habits such
as navigation, labor division, mating, and self-organization. Examples of this algorithm
type includes Particle swarm optimization [22], Cuckoo Search [23], Virus Colony Search
(VCS) [24], Grasshopper Optimization Algorithm [25], Social Spider Optimization [26],
Ant Lion Optimizer [27], Snake Optimizer [28], Remora Optimization Algorithm [29], Wild
Horse Optimizer [30], Lightning search algorithm [31], Crow search algorithm [32], Arith-
metic Optimization Algorithm [33], Aquila Optimizer [34], Moth-flame Optimization [35],
Reptile Search Algorithm (RSA) [36], and Grey Wolf Optimizer [37]. Evolution-inspired
algorithms: contains optimizers that implement the biology evolution’s ideas and concepts.
Examples of this algorithm type include Genetic Algorithms (GA) [38], Bacterial Forag-
ing Optimization [39], Differential Evolution (DE) [40], Artificial Algae Algorithm [41],
and biogeography-based Optimization (BBO) [42], etc. Physics-based algorithms contain
algorithms that implement physics laws and phenomena. Examples of this algorithm type
include Simulated Annealing (SA) [43], Big-Bang-Big Crunch (BBBC) [44], Ray Optimiza-
tion (RO), Black Hole (BH) [45], Gravitational Search Algorithm (GSA) [46], Multi-Verse
Optimizer (MVO) [47], and Henry Gas Solubility Optimizer (HGSO) [48]. The dwarf mon-
goose optimization algorithm is a swarm-inspired population-based optimizer developed by
Agushaka et al. [49], which simulates the habits of dwarf mongoose in foraging. The dwarf
mongoose population is divided into alpha, scout, and babysitters groups. Prairie dog opti-
mization algorithm [50] is another novel algorithm proposed by Ezugwu et al. in which the
four different activities of prairie dogs are implemented, namely: prairie dogs burrow build,
foraging, alert sound, and unique communication.

The prairie dog optimization algorithm has many disadvantages, such as stagnation in
local optima, the imbalance between diversification& intensification, and a slow convergence
curve. To overcome the PDO algorithm, IPDO is proposed by updating its individual using
the DMOA mechanism.

The major contributions of this paper can be listed as follows:

• Enhanced version of PDO is introduced by hybridizing DMOA and PDO.
• Twenty-three classical mathematical functions are used to test IPDO performance.
• IPDO is compared with standard DMOA, standard PDO, and seven other algorithms.

In the rest of this paper, Section 2 shows some literature-related work. In contrast, Sec-
tion 3 shows the mathematical equations for both algorithms: Dwarf mongoose optimization
algorithm (DMOA) & Prairie dog optimization (PDO), and the developed algorithm IPDO.
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Section 4 shows the results discussion over 23 functions, whereas the paper’s conclusion is
proposed in Section 5.

2 Related works

Due to the stochastic nature of the meta-heuristic algorithms’ search process, the solutions
may or may not be close to the known global optimum. It is advised to execute the algorithm
independently numerous times and pick the average result for comparison because the results
obtained constantly differ due to this randomization.

Current methods, such as the slime mould optimization algorithm (SMA), the arithmetic
optimization algorithm (AOA), the salp swarm algorithm (SSA), and the marine predator’s
algorithm, were compared in [51]. The proposed (IANN-AOA) artificial neural network was
boosted using the arithmetic optimization approach to help it solve the damage quantification
challenge [52]. Themajor goal is to remove the healthy components from the numericalmodel
using a better indicator. The damage level is output, and the damaged elements’ data is gath-
ered via an upgraded indicator’s damage index. The IANN-AOA results demonstrated that
the enhanced indicator is more accurate at predicting damaged parts. Damage quantification
yields the same result. However, IANN-AOA yields more precise results than IANN-BCMO.

The multi-objective variant of the arithmetic optimization technique (MOAOA) was
proposed by Premjumar et al. [53]. Real-world constrained multi-objective optimization
problems (RWMOPs) in chemical engineering, mechanical engineering, syntheses and pro-
cesses, and power electronics systemswere solved using the approach.A set of 35 constrained
RWMOPs andfive unconstrainedZDT issueswere used to assess theMOAOA’s performance,
and its results were compared to those of four other cutting-edge multi-objective algorithms.
The MOAOA’s great accuracy and coverage across all objectives prove its superiority to the
other algorithms under consideration.

Ibraheem et al. [54] solved Feature Selection, a brand-new combined Meta-heuristics
based method called Reptile Search Algorithm-Snake Optimizer (RSA-SO) is presented in
the study. The RSA-SO technique, where both have collaborated in a parallel process, makes
use of the best traits and abilities of both the RSA [36] and SO [28] algorithms to generate
an ideal selection of valuable features.

The research [55] states that the current approaches can produce positive results in some
situations but not in others. As a result, a fresh approach that can handle various complex
problems is urgently needed. The ”no free lunch theorem” compelled us to seek out and
create a fresh strategy for addressing such complex problems.

In order to address optimization problems, the paper offers a novel optimization approach.
The proposed method, known as GNDDMOA, is based on the application of the essential
techniques of Generalized Normal Distribution Optimization (GND) and Dwarf Mongoose
Optimization Algorithm (DMOA), followed by the Opposition-based Learning Mechanism
(OBL). The proposed methods follow the transition techniques by defining a condition that
decides which techniquewill be employed. It is advised to use this design in order to avoid the
issue of quick convergence and preserve the diversity of viable solutions. Then, in response
to a transition technique scenario, the Opposition-based Learning (OBL) Mechanism is
engaged. In order to avoid becoming trapped in the local search zone, this phase is uti-
lized to look for a new search area. Two sets of experiments-23 benchmark functions and 8
data clustering problems-are utilized to verify the effectiveness of the proposed technique.
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Refracted Salp SwarmAlgorithm (RSSA)was proposed by Fan et al. in [56]. The refracted
opposition-based learning technique, the multi-leader mechanism, and the adaptive conver-
sion parameter strategy all enhance the fundamental Salp SwarmAlgorithm. For applications
in the area of structural parameter identification, themodified RSSA performs noticeably bet-
ter than the fundamental SSA method.

In order to address the drawbacks of theHarris HawksOptimizer (HHO) in the exploration
phase, where population diversity is limited and quickly slips into local optimum, Zhang et al.
in [57] offer an improved Harris hawks optimization based on adaptive cooperative foraging
and dispersed foraging tactics. Additionally, some researchers/authors believe combining
more than two algorithms will improve the algorithm’s performance. For instance, Kamboj
et al. [58] used the sine cosine algorithm to create a hybrid version of the Harris Hawks
optimizer known as the hybrid Harris Hawks-Sine Cosine Algorithm in order to speed up the
global search phase of the existing Harris hawks Optimization and escape from local search
space (hHHO-SCA).

In order to solve benchmark optimization functions and engineering challenges, this work
suggests an enhanced version of the grasshopper optimization algorithm (GOA) based on the
opposition-based learning (OBL) method. This algorithm is referred to as OBLGOA [59].
The proposed OBLGOA algorithm comprises two stages: the first stage employs the OBL
approach to generate an initial population and its opposite, and the second stage adds the
OBL as a second phase to update the GOA population after each iteration.

We need to take into account both the characteristics and methodologies of both IPDOA
and DMOA, as well as the unique enhancements and alterations performed in the hybridiza-
tion process, in order to examine the distinctions between this hybrid method and earlier
approaches that combine optimization algorithms. I will give a broad description of how
such hybridization can result in improvements as you haven’t given any specifics regarding
the IPDOA and DMOA algorithms or their adjustments.

The hybrid technique seeks to utilize the complimentary capabilities of two different
optimization algorithms. Different search operators, techniques, or processes may be used by
each algorithm to explore and take advantage of the search space. The process of hybridization
enables a wider range of exploration and exploitation, which may improve convergence and
prevent local maxima.

It’s vital to remember that a hybrid method’s success depends on several variables, includ-
ing the algorithms’ compatibility, the appropriate choice and integration of each component,
and careful parameter tweaking. On a wide range of optimization issues, the success of
the hybrid technique should be assessed by thorough testing and comparison with other
approaches already in use. It is difficult to talk about the special distinctive differentiat-
ing features of this particular hybrid approach without precise information on the IPDOA,
DMOA, or the changes brought in their merging. The broad advantages mentioned above,
however, establish a framework for comprehending the possible benefits of such hybridization
in solving optimization problems.

3 The proposedmethod

In this section, the original methods used in the proposed method are presented, and the main
procedure of the proposed method is presented as well.
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3.1 Prairie dog optimization algorithm

The prairie dog optimization (PDO) is a new metaheuristic proposed by Ezugwu et al. [50]
in 2022 inspired by the natural behavior of prairie dogs. This algorithm has four parameters
called n, m, p, ε that should be set at the start of the algorithm. Which is the specialized
food source alarm, and ε is a small number that represents the food source quality. Next,
like other metaheuristics, the PDO method begins with a random population (n) of solutions
(number of prairie dogs). In addition, each of these populations sets to m group (coterie).
The objective value of the solutions is determined at each iteration. The suggested method
accomplishes exploration and exploitation via four prairie dog activities to switch between
exploration and exploitation.
Foraging and burrowing activities belong to the exploration phase, and the following formulas
are used:

a) For i ter <
Maxiter

4 , the foraging activities will be active as follows:

PDi+1, j+1 = GBesti, j − eCBesti, j × ρ − CPDi, j × Levy(n) (1)

where PDi+1, j+1 denotes to position updating, GBesti, j is global best and ρ is fixed to 0.1.
Levy(n) is a Levy distribuation. In addition, eCBesti, j examines the impact of the most
recent optimal solution that was obtained as follows:

eCBesti, j = GBesti, j × � + PDi, j × mean(PDn,m)

GBesti, j × (UBi − LBj ) + �
whereUBi and LBj are upper and lower bounds, respectively. to position updating, In spite
of the fact that the prairie dogs are distinct from one another, the PDO implementation treated
them as though they were identical. This is represented by the small number �. PDi, j is the
jth dimension of the ith prairie dog in a coterie, and the value CPDi, j represents the random
cumulative effect of all prairie dogs in the colony. PDi, j and CPDi, j equations are defined
as followings:

PDi, j = U (0, 1) × (
UBj

m
− LBj

m
) + LBj

m
(2)

where U (0, 1) creates the random number between 0 and 1 with a uniform distribution.

CPDi, j = GBesti, j − r PDi, j

GBesti, j + � (3)

where r PDi, j denoted to random solution’s position.
b) For Maxiter

4 ≤ i ter <
Maxiter

2 , burrowing activities will be active as follows:

PDi+1, j+1 = GBesti, j × eCBesti, j × DS × Levy(n) (4)

where DS is the coterie’s digging strength, obtained by the following:

DS = 1.5 × r × (1 − i ter

Maxiter
)
( 2×i ter
Maxiter

)
(5)

Food and antipredation alarms belong to the exploitation phase, and the following formulas
are used:

a) For Maxiter
2 ≤ i ter <

3Maxiter
4 , the food alarm will be active as follows:
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PDi+1, j+1 = GBesti, j − eCBesti, j × ε − CPDi, j × rand (6)

where ε is an insignificant number that indicates the overall quality of the food source and
rand is the random number between 0 and 1.

b) 3Maxiter
4 ≤ i ter ≤ Maxiter , the antipredation alarm will be active as follows:

PDi+1, j+1 = GBesti, j × PE × ×rand (7)

where PE is the predator effect, obtained by the following:

PE = r × (1 − i ter

Maxiter
)
( 2×i ter
Maxiter

)
(8)

The algorithm uses its established processes in a repeatingmanner so that it can investigate
all of the potential positions of near-optimal solutions. Each time the algorithm completes a
loop, it will have found a better answer by that point and replace the one it had previously
found following the rule. Finally, In this given study, the PDO method is terminated based
on the maximum possible iterations.

3.2 Dwarf mongoose optimization algorithm

The novel Dwarf Mongoose Optimization algorithm (DMOA) model is introduced in this
paper [49]. This algorithm mimics the dwarf mongoose’s foraging habit. The starting value
for a group of solutions is often set by DMOA using the following formulas.

3.3 Alpha group

Once the population has been started, the fitness of each solution is calculated. The likelihood
value for each population’s fitness and the alpha female (α) is selected based on the following
probability.

α = f i ti
∑n

i=1 f i ti
(9)

The n corresponds to mongooses in the (α) group. Where the bs refer to the babysitters,
the peep is the dominant female’s vocalization that keeps the family on track. Equation (10)
expresses the solutions updating approach.

Xi+1 = Xi + phi × peep (10)

where the φ (random integer between 1 and -1) donates the mongoose sleeping mound as a
set of the sleeping mound, (11) represents the sleeping mound for each repeat.

sim = f i ti+1 − f i ti
max

[| f i ti+1 − f i ti |
] (11)

The sleeping mound’s average weight express in (12)

ϕ =
∑n

i=1 sim
n

(12)

The algorithm accelerates to the scouting stage when the next food source or sleeping
mound is considered after the babysitting exchange requirement is satisfied.
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3.4 Scout group

Scouts look for the next sleeping mound to ensure exploration to avoid the previous sleeping
mound. This movement is based on locating a new sleeping mound, whether successful or
unsuccessful. Furthermore, the mongooses’ migration depends on how well they do over-
all. The justification is that the group will discover a fresh sleeping mound if they forage
sufficiently. Equation (13) simulated the scout mongoose.

Xi+1 =
⎧
⎨

⎩

X − CF × phi × rand
[
X − −→

M
]
, i f ϕi+1 > ϕi

X + CF × phi × rand
[
X − −→

M
]
, otherwise

(13)

The rand is a random value between 0 and 1. Conversely, the CF is computed using (14),
and (15) computes the M value.

CF =
(

1 − i ter

Maxiter

)
(
2× i ter

Maxiter

)

(14)

−→
M =

i=1∑

n

Xi × smi

Xi
(15)

Babysitters are often lesser group members who look after the children and are rotated
frequently so the mother, the α female, can lead the rest of the squad on daily hunting
expeditions.

3.5 The procedure of the proposed IPDOA

In this section, the proposed method is presented and its procedure.
As mentioned before, the proposed method (IPDOA) aims to address the weaknesses of

the original methods (i.e., Prairie Dog Optimization Algorithm (PDOA) and Dwarf Mon-
gooseOptimizationAlgorithm (DMOA)); these weaknesses are poor convergence ability, the
imbalance between the search process, and premature convergence. The proposed method is
based on enhancing the search process of the Prairie Dog Optimization Algorithm (PDOA)
by using the primary updating mechanism of the Dwarf Mongoose Optimization Algorithm
(DMOA).

The proposed method’s procedure is presented in Algorithm 2, mainly based on two
leading search operators. The operators of the PDOA and MDOA are used according to a
condition if rand < 0.5 to execute one of them.

Usually,whenone of the optimizationmethodsworks to update the candidate solutions, the
low diversity is recognized. This problem affects the performance of the search operators by
reducing their performance. Moreover, when the low diversity of the used solutions happens,
the imbalance between the search processwill happen as the operators focus on one side of the
updating mechanisms, local search or global search. Thus, the changing between the search
mechanisms in the proposed method improves searchability and performance and guide to
more robust solutions. This change caused to avoid premature convergence and imbalance
between the search operators. The Pseudo-code of the proposed hybrid IPDOA method is
presented in Algorithm 2.

TimeComplexity of the proposedmethod: The amount of time that it takes for an optimiza-
tion method to find a solution for a given issue size is referred to as the time complexity of the
algorithm. It is based on a number of variables, such as the dimensionality of the search space,
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Algorithm 1 The sudo code of the DMOA algorithm.
Input: Choose initial parameters and conditions for the algorithm.
Generate the parameters and population.

while i ter < Maxiter do
for i ter = 1 : Solutions do
Compute the Fitness value of Mongoose.

Assigned time counter C

Determine the value of alpha using (9).

Obtain a candidate solution by using (10).

Estimate the sleeping mound by using (11).

Specify the average value of the sleeping mound by using (12).

Choose the movement vector by using (15).

Simulate the following solution of scout Mongoose by using (13)

end for

end while
t=t+1

return The best solution.

end

the difficulty of the issue, the rate of convergence, and the effectiveness of the algorithm’s
operations (such as fitness evaluation, solution updating, exploration, and exploitation). The
precise adjustments made to IPDOA and DMOA throughout the hybridization process may
have an impact on their time complexity and, as a result, the hybrid algorithm’s overall
complexity.

4 Experiments and results

In this section, the results of the comparative methods are presented. The proposed method
is compared with other comparative methods, which are Aquila Optimizer (AO) [34],
Salp Swarm Algorithm (SSA) [60], Whale Optimization Algorithm (WOA) [61], Sine
Cosine Algorithm (SCA) [62], Arithmetic Optimization Algorithm (AOA) [33], Grey Wolf
Optimizer (GWO) [63], Particle Swarm Optimizer (PSO) [64], Prairie Dog Optimization
Algorithm (PDOA) [50], and Dwarf Mongoose Optimization Algorithm (DMOA) [49].

To handle these test functions, the IPDOA is tested for 500 iterations and 30 candidate
solutions. The suggested IPDOA algorithmwas performed 20 times independently to test the
IPDOA ’s dependability. The results were reported in terms of the best function value, the
average of the results, the worst function value, the standard deviation (STD), the p-value,
and the Friedman test and Wilcoxon signed-rank test. The following sections compare the
proposed algorithms to 10 well-known state-of-the-art algorithms. All algorithms employ
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Algorithm 2 Pseudo-code of the proposed IPDOA.
Input: Set the parameters and solutions for the algorithm.

Initialize the parameters and solutions.

while (iter < Maxiter ) do

Calculate the Fitness Function (FF) values.

for (i=1 to Solutions) do
if (rand < 0.5) then

Update the solutions using PDOA

Apply the main operators in PDOA

else
Update the solutions using MDOA

Apply the main operators in MDOA

end if

end for

iter=iter+1

end while

Output: Return the best solution.

the same population size and iteration counts of 30 and 500, respectively, to allow for a fair
comparison. The code is run on a Personal computer with 16 GB of RAM and an Intel(R)

Table 1 Parameters values of the tested algorithms

No. Algorithm Parameter Value

1 AO α 0.1

δ 0.1

2 SSA v0 0

3 WOA α Decreased from 2 to 0

b 2

4 SCA α 0.05

5 AOA α 5

μ 0.5

6 GWO Convergence parameter (a) Linear reduction from 2 to 0

7 PSO Topology Fully connected

Cognitive and social constant (C1, C2) 2, 2

Inertia weight Linear reduction from 0.9 to 0.1

Velocity limit 10% of dimension range

8 PDOA ???? ????

8 DMOA CF (1 − i ter
Maxiter

)
(2∗ i ter

Maxiter
)
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Core(TM) i7 CPU using the MATLAB R2015a environment. The main parameters of the
used methods are given in Table 1 with their values.

The details of the tested benchmark function problems are given in Table 2. They include
various problem classes: multimodal, fixed-dimension multimodal, and unimodal functions.

4.1 Results and discussion

The experimental results are discussed in this subsection. First of all, the behavior and per-
formance of the proposed IPDOA. A comparison between the PDOA, the DMOA, and the
IPDOA is made based on the distribution of the candidate solutions. After the statistical com-

Fig. 1 The distributions of the candidate solutions through the optimization process
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Fig. 2 The obtained qualitative results for the 13 tested problems (F1-F13)
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Fig. 2 continued

parison of the results is performed considering the other nine swarm-based algorithms. Here
are two experiments performed, one for 10 dimensions and a second for 100 dimensions.
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4.1.1 Behavior and performance analysis

Figure 1 presents an analysis of the distribution of the candidate solutions along the iterative
process. They have selected six representative benchmark functions (F1-F4, F9, and F10);
from the plots, it is possible to see that the IPDOA has a better distribution of the population
elements along the iterations. From Fig. 1, it is also possible to see that the PDOA is the
second algorithmwith a good distribution of the solutions, and in the third place is theDMOA.

Following the study of the behavior of the proposed IPDOA in Fig. 2, they used the
benchmark function F1-F13 to show the topology of the function, the evolution of the best
solution, and its fitness obtained by the IPDOA. Besides, in the last column of Fig. 2, the
plots of the convergence curves of the PDO, DMOA, and IPDOA obtained from the selected
functions are shown. From such plots, it is possible to see that the IPDOAhas fast convergence
and accuracy. A good example could be seen in F8, a multi-modal function; the IPDOA
converges faster than the PDOA and DMOA.

4.1.2 Statistical analysis for 10 dimensions

On the other hand, the proposed IPDOA is also compared with other swarm-inspired algo-
rithms from state of the art. In this case, the comparison is conducted considering the Best and
Worst fitness values, the average fitness values of the 20 independent runs, and the Standard
Deviation (STD). A Rank is also performed based on the optimal value obtained for each
algorithm. Tables 3 and 4 show the results of the nine algorithms and the IPDOA over the 23
benchmark functions in 10 dimensions. In Table 3 are listed the values for functions F1-13
and in Table 4 for F14-F23. Based on the ranking, it is possible to see that the IPDOA is
in the first rank for the 23 functions for ten dimensions. For the F1-F13 the AO is in the
second rank, followed by the DMOA in the third place. Finally, the last rank is the AOA. For
F14-F23 the SSA is in the second place and the AO in the third rank; meanwhile, the worst
is the DMOA. Finally, the p-values obtained after performing the Wilcoxon signed-rank test
confirm that the algorithms are statically different in most cases. This fact could be seen since
most experiments’ p-value is less than 0.005. However, in some functions, such as F7, the
IPDOA has overcome the other comparative algorithms.

The behavior and convergence of the IPDOA are compared with the AO, WOA, AOA,
PSO, DMOA, SSA, SCA, GWO, and PDOA. Figure 3 presents the converged curves of the
ten algorithms for the 23 benchmark functions in 10 dimensions. From the plots, it is possible
to observe the convergence speed and accuracy of the IPDOA. Here is demonstrated that by
merging the two approaches, the performance is substantially improved. Different functions
show the capabilities of the IPDOA to escape from suboptimal solutions. For example, in
F12, F14, and F19, in these plots, it is clear that the algorithm finds a lower value after
certain iterations. Some examples of convergence speed are F5 and F16 where the proposed
algorithms achieve the global optimal in fewer iterations than the rest of the methods.

4.1.3 Statistical analysis for 100 dimensions

In order to verify the capabilities of the proposed IPDOA over high-dimensional problems,
the dimensionality of the 13 benchmark functions is set to 100. In this case, they used the
functions F1-F13. Table 5 presents the results of the ten compared algorithms over the 13
selected functions. From this table, it is possible to see that the IPDOA is the first in the rank,
followed by AO, and in third place is the GWO. Finally, the worst method for this series of
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Fig. 3 Convergence behavior of the tested algorithms on the functions (F1-F23) in 10 dimensions
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Fig. 3 continued
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Fig. 3 continued
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Fig. 4 Convergence behaviour of the tested algorithms on the functions (F1-F13), where the dimension is 100
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Fig. 4 continued

experiments is the PDOA. Regarding Wilcoxon’s rank test, from the p-values is possible to
see that in some cases, the IPDOA has some similarities with some algorithms. For example,
F1 shares some statistical similarities with SSA, SCA, AOA, PSO, PDOA, and DMOA.
However, it is statistically different from AO. WOA, and GWO. Also, F5 has similarities
with all methods. However, in functions such as F8, the IPDOA is statistically different from
the rest of the methods. These situations occur due to the nature of the problems. A high
dimensionality implies more difficulties in finding the global optimal.

A graphical comparison of the performance of the ten algorithms in the functions F1-F13
in 100 dimensions is presented in Fig. 4. From the plots, it is observed how the proposed
IPDOA converges faster in comparison with the rest of the methods. Besides, it can avoid
suboptimal regions of the search space. For example, in F7, at 250 iterations, the algorithm
escapes from a suboptimal finding to the global optimal. A similar situation occurs with F8. In
other cases, such as F12 and F13, the IPDOA is clearly better than the rest of the algorithms.
However, it is not the best in functions such as F9 and F11, but it is still competitive.
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Figure 5 show the distribution values of the obtained fitness function. Clearly, the proposed
method consistently got the best results and performed very well over several runs. This
proved the searchability of the proposed method in getting the same results in different
experiments.

This work undoubtedly has potential, but it’s crucial to recognize its primary constraints.
First, the somewhat constrained breadth of applicability is a noteworthy drawback. Although
the hybrid method may successfully tackle optimization issues, its performance might not be
very transferable to other problems. The algorithm’s appropriateness for other optimization
problems, such as continuous, discrete, or multi-objective optimization, will require more
investigation and testing. Another difficulty is the algorithm’s scalability. Numerous variables

Fig. 5 Distribution plots of the obtained fitness values
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or decision criteria are frequently used in optimization problems, which can exponentially
expand the search area. A thorough evaluation is required to determine the upgraded algo-
rithm’s efficiency and efficacy in dealing with challenging, high-dimensional optimization
issues. Due to their potential to have amajor negative influence on the algorithm’s usability in
real-world circumstances, the computational costs related to such scalability problems must
also be considered.

5 Conclusion

Recent emendations to many domains’ optimization challenges necessitate using effective
search techniques to solve them. This study proposes the IPDOA algorithm, a new hybrid
optimization method for solving various benchmark functions. The suggested approach is
centered on improving the Prairie Dog Optimization Algorithm’s (PDOA) search process by
utilizing the Dwarf Mongoose Optimization Algorithm’s (DMOA) main update mechanism.
The primary objective of the proposed IPDOA is to avoid the primary flaws in the original
techniques, which include low convergence ability, imbalance in the search process, and
premature convergence.

Experiments are conducted on 23 standard benchmark functions, and the results are
compared with similar methods from the literature. The comparative methods are Aquila
Optimizer (AO), Salp SwarmAlgorithm (SSA),WhaleOptimizationAlgorithm (WOA), Sine
Cosine Algorithm (SCA), Arithmetic Optimization Algorithm (AOA), Grey Wolf Optimizer
(GWO), Particle SwarmOptimizer (PSO), Prairie DogOptimizationAlgorithm (PDOA), and
Dwarf Mongoose Optimization Algorithm (DMOA). The results are recorded in terms of the
best, worst, and average fitness function, showing that the proposed method is more vital
to deal with various problems than other methods. Two statistical evaluation measures are
used to validate the results of the proposed method and prove the significant improvements
obtained by the proposed method. The results illustrated that the proposed method got better
results in most tested cases than other state-of-the-art methods from the literature.

In future work direction, the proposedmethodwill be investigated to solve other optimiza-
tion problems like text clustering problems, data clustering problems, task schedule problems,
power overflow problems, engineering design problems, cloud computing management
problems, feature selection problems, intrusion detection problems, industrial engineering
problems, graph coloring problems, image segmentation problems, and others. Moreover,
other search operators can further enhance the proposed IPDOA to perform well for other
accurate word and multiobjective problems.
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