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Abstract

This study introduces the Cloud Drift Optimization (CDO) algorithm, an innovative
nature-inspired metaheuristic approach to solving complex optimization problems. The CDO
algorithm mimics the dynamic behavior of cloud particles influenced by atmospheric forces,
striking a refined balance between exploration and exploitation. It features an adaptive weight
adjustment mechanism that alters the cloud's drift behavior in real-time, allowing for efficient
navigation through the search space. Using a cloud-based drift strategy, CDO harnesses
probabilistic movements to maneuver through the optimization landscape more effectively. The
algorithm has undergone rigorous testing against various established unimodal and multimodal
benchmark functions, where it showcases outstanding performance characterized by faster
convergence rates, high robustness, and exceptional solution accuracy compared to top
contemporary optimization techniques. Additionally, CDO applies to numerous real-world
engineering optimization tasks, such as designing cantilever beams, three-bar trusses,
tension/compression springs, and pressure vessels. The empirical data highlight CDO's ability
to deliver innovative solutions across engineering fields, machine learning applications, and
other practical optimization scenarios. These results indicate that CDO is a promising tool for
tackling highly complex and multidimensional problems in academic and industrial

environments.

Keywords: Optimization; Optimization techniques; Metaheuristic Algorithms; Constrained

optimization; Algorithm

1. Introduction

Optimization problems, particularly in engineering and computational sciences, have
driven the development of advanced solution techniques. Traditional optimization methods
often struggle with non-convex, high-dimensional, and computationally expensive problems.
Consequently, researchers have increasingly turned to metaheuristic algorithms to tackle these
challenges effectively [1,2]. Metaheuristics offer flexibility, adaptability, and robustness in
handling diverse optimization tasks, and their popularity has surged in recent decades. Their
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success in providing near-optimal solutions with reasonable computational effort has led to their
widespread adoption across multiple disciplines, including structural engineering, renewable

energy, healthcare, and financial modeling [3,4].

Metaheuristic algorithms draw inspiration from various natural, biological, and physical
phenomena. Evolutionary algorithms (EAs) have been at the forefront of this development, with
genetic algorithms [5] being among the earliest and most widely used. Other evolutionary
techniques, such as evolutionary programming [6] and differential evolution [7], have further
expanded the capabilities of these approaches. Multi-objective evolutionary algorithms have
also been extensively studied to address optimization problems with conflicting objectives [8,9].
These methods have been applied in various fields, including mechanical design, civil
infrastructure optimization, and renewable energy systems. Additionally, hybrid evolutionary
approaches combining genetic algorithms with particle swarm optimization (PSO) and other

heuristics have shown promising improvements in convergence speed and accuracy [10,11].

Swarm intelligence-based algorithms have emerged as another powerful class of
metaheuristics inspired by the collective behavior of social animals. Particle swarm
optimization [12], ant colony optimization [13], and arithmetic optimization algorithms[14] are
prominent examples. More recent developments in swarm-based approaches include the grey
wolf optimizer [15], whale optimization algorithm[16], and the salp swarm algorithm [17], all
of which have demonstrated superior performance in solving complex optimization problems.
These techniques have been successfully utilized in large-scale structural analysis, medical
imaging, and smart grid optimization, showcasing their adaptability across multiple domains.
Furthermore, hybrid models that integrate swarm intelligence with deep learning frameworks
have been developed to enhance predictive accuracy in various applications, including climate

modeling and financial forecasting [18,19].

Physics-based and chemistry-inspired algorithms have also contributed significantly to
optimization research. Simulated annealing [20], and tabu search [21] introduced innovative
search mechanisms based on thermodynamics and memory structures. More recent
contributions, such as the water cycle algorithm [22], colliding bodies optimization [23], and
gravitational search algorithm [24], leverage physical principles to enhance search efficiency.
These methods have been extensively applied in aerodynamics, seismic design optimization,
and bioinformatics, further expanding their applicability. Notably, physics-inspired hybrid

models combining simulated annealing with other metaheuristic techniques have enhanced



computational efficiency in solving non-linear engineering problems [25,26].

Furthermore, bio-inspired metaheuristics have gained attention for their ability to mimic
natural selection and ecological interactions. Cuckoo search [27], bat algorithm [28], firefly
algorithm [29], and equilibrium optimizer [30] are notable examples that have been successfully
applied across various domains. In addition, hybrid and ensemble approaches, such as the
symbiotic organisms search [31] and chaotic hybrid multi-objective optimization [32], integrate
multiple strategies to enhance convergence speed and solution quality. These techniques have
enabled advancements in robotics, medical diagnostics, and geotechnical engineering,
demonstrating their broad relevance in real-world problems. Moreover, hybrid bio-inspired
optimization techniques integrating chaos theory and fuzzy logic have shown remarkable

improvements in solving real-time scheduling and disaster management problems [33,34].

Recent advancements in metaheuristics have emphasized improving the balance between
exploration and exploitation. The hunger games search algorithm [35], colony predation
algorithm [36], and dolphin echolocation [37] have introduced novel mechanisms to enhance
search diversity and prevent premature convergence. Additionally, data-driven and surrogate-
assisted approaches, such as perturbation-based ensemble surrogates [38] and Kriging-assisted
evolutionary algorithms [39], have further refined optimization methodologies. These
advancements have led to increased efficiency in solving real-time scheduling problems,
automated machine learning, and disaster resilience planning. With the increasing integration
of artificial intelligence and reinforcement learning, metaheuristics have been applied to
optimize autonomous control systems, industrial manufacturing, and predictive analytics

[40,41].

The extensive application of metaheuristics in engineering optimization problems
underscores their versatility and efficiency. From structural optimization [42] to cloud
computing scheduling [43], these algorithms continue to revolutionize computational problem-
solving. As research progresses, hybridization, adaptivity, and problem-specific enhancements
are expected to advance the field of metaheuristic optimization further [44,45]. Integrating
artificial intelligence, deep learning-assisted metaheuristics, and quantum-inspired algorithms
holds promise for tackling increasingly complex optimization tasks in the future. With continued
interdisciplinary collaboration, metaheuristic approaches are poised to contribute to next-
generation computational intelligence and decision-making systems significantly. As the field

evolves, metaheuristic frameworks incorporating quantum computing principles and



neuromorphic computing are expected to push the optimization boundaries, offering

unprecedented computational capabilities for solving real-world challenges [46][47].

This study presents the Cloud Drift Optimization (CDO) algorithm, a novel nature-
inspired metaheuristic that simulates the dynamic behavior of cloud particles under atmospheric
forces. By integrating an adaptive weight adjustment mechanism, CDO effectively balances
exploration and exploitation, enabling efficient search space traversal. The algorithm’s
performance is rigorously evaluated through a series of unimodal and multimodal benchmark
functions, demonstrating its superiority over established optimization techniques, including
Particle Swarm Optimization (PSO), Seagull Optimization Algorithm (SOA), Marine Predators
Algorithm (MPA), Harris Hawks Optimization (HHO), Grasshopper Optimization Algorithm
(GOA), Grey Wolf Optimizer (GWO), Fox Optimization Algorithm (FOX), Dragonfly
Algorithm (DA), and Chimp Optimization Algorithm (ChOA). Furthermore, its applicability is
validated in complex engineering design problems, including three-bar truss optimization,
cantilever beam design, tension/compression spring optimization, and pressure vessel design.
The results highlight CDO’s exceptional convergence speed, robustness, and accuracy,
establishing it as a competitive approach for solving high-dimensional and nonlinear

optimization problems.

2. Cloud Drift Optimization (CDO)

Clouds are dynamic formations in the atmosphere, consisting of water droplets or ice
crystals suspended in the air. They are crucial in the Earth's weather patterns and climate
regulation. The life cycle and movement of clouds are complex processes influenced by various
meteorological factors. Although clouds are often observed individually, they can also form vast
systems that span large geographical areas, impacting weather conditions on a continental scale.
The unique aspect of cloud movement is its adaptability to different atmospheric conditions. In
their initial stages, clouds form slowly and move gradually under the influence of local weather
patterns. As they mature and grow in size, clouds can exhibit rapid and unpredictable
movements driven by strong winds and pressure gradients. This behavior allows clouds to travel
long distances, influencing weather conditions across regions. One of the main characteristics
of cloud movement is its ability to seek favorable atmospheric conditions for growth and
development. Clouds naturally gravitate towards areas with higher moisture content and suitable
temperature gradients, which provide the necessary conditions for their formation and

persistence. This target-seeking behavior is essential for the survival and evolution of clouds in



the dynamic atmosphere. In the context of nature-inspired algorithms, the search process can be
logically divided into two tendencies: exploration and exploitation. Exploration encourages
search agents to move abruptly and explore new areas, while exploitation focuses on local
refinement and optimization. Clouds naturally perform these two functions and target-seeking
through their adaptive movement and environmental interactions. Therefore, if we can
mathematically model this behavior, we can design a new nature-inspired algorithm based on
the principles of cloud movement. While the next simulations and discussions highlight the
CDO algorithm's effectiveness in locating the global optimum within a search space, the
subsequent sections will evaluate the algorithm's performance using a variety of mathematical
functions and three demanding real-world problems. Additionally, the source codes for the CDO
algorithm are available at (https://www.mathworks.com/matlabcentral/fileexchange/180220-

cloud-drift-optimization-cdo).

2.1. Problem Definition

Given an optimization problem where aim to minimize (or maximize) an objective

function f(x)over a bounded search space €2, the objective is to find:

min f(x) (1)

where Qz{xeRd |Ib<x, Sub}, and /b and ub are the lower and upper bounds for the

solution's i-th dimension, respectively.

2.2. Initialization

The algorithm begins with random initialization of N candidate solutions (clouds) within

the search space, ensuring an unbiased exploration of the entire space:

X) =lb+ub-b)UO,)), Vie{l,2,.,N} )

where U(0,1) denotes a uniform random distribution over the range [0, 1]. This step mimics the

random initial distribution of cloud particles in the sky, whose initial positions are unknown and
spread out.
2.3. Weight Adaptation

Each cloud (or particle) is assigned a dynamic weight based on its fitness value relative
to other particles in the swarm. This weight determines how strongly the particle is influenced

by its own position and the positions of others. The weight for each cloud is updated based on
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the fitness function:

1+(0.3+0.7.U(0,1)).log,, [#Hj ifis%
Y (3)

1-(0.3+0.7.U(0,1)).log,, [% + 1), otherwise

S=f"—f™ ¢

Where fis the best fitness value found so far. §=f — f™ +&, where f™"is the worst

fitness value among all clouds and ¢ is a small value to avoid division by zero. This weight
adaptation allows the algorithm to focus more on particles with better fitness while allowing

less fit particles to explore new areas.

2.4. Position Update

The position of each cloud is updated iteratively, and a combination of exploration and
exploitation behaviors determines each update.
2.4.1 Exploitation Phase: Local Refinement

In this phase, clouds move toward the best solution found so far (i.e., the global best

position). The position update equation is:

X" () =X"(N+0.8v,(N-(w, ;. X, () =X, (/) 4)
where X "(j) is the best-known solution at iteration ¢. v, (/)T U(-0.2a,0.2a) represents a small

random adjustment influenced by a factor a=atanh(—z/T +1), controlling the degree of

exploitation. This refinement behavior mimics how clouds gradually refine their formations

after initial movement, adjusting their positions based on the best nearby solutions.

2.4.2 Exploration Phase: Global Search

For the exploration phase, the algorithm ensures diversity in the search by allowing

clouds to move randomly within the search space:

X =v.()X,()) ®)
Where v.(j) U U(-0.2b,0.2b) is another random factor influencing the particle's movement.

b=(-1t/T) is a parameter that decreases over time, transitioning the algorithm from



exploration to exploitation. This phase simulates the random drift of clouds in the atmosphere,
ensuring the algorithm avoids being trapped in local optima by encouraging the exploration of

new regions.

2.5. Random Perturbations

Some clouds may be randomly reinitialized to prevent premature convergence further and
introduce exploration in later stages of the algorithm. This happens with a probability z, which

decreases as the algorithm progresses:

X,(j)=Ib+ub—Ib)U.(0,1),  with probability z

6
7= 0.002+o.003.[1_%j (6)

This randomization mimics the unpredictable changes in atmospheric conditions that can

redirect the course of drifting clouds, ensuring the search continues even in the final stages.

2.6. Convergence: Global Optimum

The algorithm converges when the fitness value of the best solution reaches a predefined

threshold &, or when the maximum number of iterations 7 is reached:

Stop if f"<e or t=T (7)

In the final stages, the search becomes more localized as the clouds converge toward the
global optimum, similar to how clouds form stable, stationary patterns. The overall flow of the

CDO algorithm can be summarized as:
e [Initialization: Randomly initialize N clouds within the search space.
e Weight Adaptation: Update the weights based on the fitness values.
e Exploration & Exploitation: Update the positions based on the two phases.

e Random Perturbation: Introduce random reinitialization to avoid premature

convergence.

e Convergence Check: Stop when the fitness reaches a threshold or the iteration limit is

reached.

The Cloud Drift Optimization (CDO) algorithm mimics clouds' natural behavior, balancing

exploration and exploitation to optimize complex functions. Mathematical modeling of cloud
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movements, combined with adaptive behaviors (such as weight adjustment and random
perturbations), allows the algorithm to avoid local optima and converge toward global solutions
in a variety of optimization problems. A conceptual framework illustrating the interactions

between cloud and the aim zone shown in Figure 1.

Aim Zone /
i Attraction force
‘/(/\( SN .
CNINE N Repulsion force

Figure 1. Basic corrective behaviors among individuals in a swarm of clouds

Figure 1 illustrates the fundamental interactions and corrective behaviors within a cloud
swarm. It highlights three key forces: Attraction Force: Clouds are attracted to each other when
they are at a certain distance, encouraging them to move closer together. Repulsion Force: When
clouds get too close, a repulsion force pushes them apart, preventing overcrowding and ensuring
effective exploration of the search space. Aim Zone: This represents the target area that the
clouds aim to reach. The interplay between attraction and repulsion helps guide the clouds
towards this optimal region. The diagram shows how these forces dynamically balance
exploration (searching for new areas) and exploitation (focusing on promising regions),
enabling the swarm to efficiently converge on the best solution. Figure 2 demonstrates the
behavior of swarms in a 2D space using this equation. In this figure, 20 artificial clouds are

tasked with moving over a duration of 10 time units.
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Figure 2. Behavior of a swarm in a two-dimensional space

The pseudo code of the CDO algorithm is shown in Figure 3 . This figure describes a process
for optimizing solutions using a group of agents. It starts by defining a population of agents that
will work together. Each agent's performance is evaluated using a specific assessment function,
which calculates their fitness. The cloud are then analyzed to find the best and worst performers.
Based on their success, the agents move and try to explore their environment better. Throughout
the process, the best solution is continuously updated as new results are obtained. This entire
operation occurs within a repetitive loop that continues until specific conditions are met. This

method helps the clouds find the most optimal outcome.



1. Initialize the population X(i), fori=1, 2, ..., N
Initialize Best_position, Best_fitness = inf
Initialize weight, AllFitness, and the maximum number of iterations
Set algorithm parameters (z, StoppingThreshold, Max_iter, Ib, ub)

2. Calculate the fitness of each search agent (X(i)):
- For each particle X(i), calculate its fitness using the objective function fobj

3. T = Best search agent (Best_position)

K. While (iteration < Max_iter):
a. Evaluate fitness for each particle:
- Ensure each particle X(i) stays within boundaries (lb, ub)
- Calculate the fitness value AllFitness(i)

b. Sort the fitness values and calculate weights:
- Sort AllFitness to find best and worst fitness values
- Normalize fitness values using weight adjustments

c. Update positions:
- For each particle:
- Normalize the movement probability based on fitness
- Update position based on the cloud drift mechanism
- Ensure the particle stays within the boundaries after update

d. Update the best solution found (Best_position) and its fitness (Best_fitness):
- If the current fitness is better than Best_fitness, update T (Best_position)

e. Check for early stopping:
- If Best_fitness < StoppingThreshold, exit the loop early

[ Track the convergence:
- Store the best fitness value for each iteration (Convergence_curve)

g. Update iteration count

5. Return Best_position, Best_fitness, Convergence_curve

Figure 3. Pseudo codes of the CDO algorithm

While the simulations and discussions above illustrate the CDO algorithm's effectiveness in

locating the global optimum within a search space, the following sections examine its

performance further using a series of mathematical functions and four complex real-world

problems.

3. Result

This section introduces the test problems and performance metrics to evaluate the

proposed CDO algorithm. The experimental results are then presented and analyzed

comprehensively.

3.1. Unimodal and multimodal result

In the realm of stochastic optimization, it is standard practice to use a collection of
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mathematical test functions with known optimal values to assess the performance of various
algorithms quantitatively. However, these test functions must exhibit diverse characteristics to
draw robust conclusions. This study uses two sets of test functions with distinct features to
effectively benchmark the proposed algorithm's performance. These functions include both
unimodal and multimodal types. The mathematical formulations for these test functions are
provided in Table 1. To solve these functions, 1,000 search agents and 200 iterations were used,
each being solved 30 times to obtain the best outcomes. Qualitative results, such as convergence
curves, cloud trajectories, search history, and average population fitness, are illustrated and
analyzed in the subsequent subsection. Nine algorithms from the literature were employed to
validate the results, including both well-established and recent ones: ChOA, DA, FOX, GWO,
GOA, HHO, MPA, SOA, and PSO.

Table 1. Unimodal and multimoda benchmark functions

Type Function r]?li Range fin
L= x 100 [-100,100] o
L= x|+ 1= 100 [-10,10] o

2
L= 1(2,1 ,) 100 [~100,100] o
f4(x)=max{ i,léién} 100 [-100,100] o

Unimodal .
£ =" [1000x,, —x') +(x,— 1)’ ] 100 [-30,30] o
fn=>" (x+05) 100 [-100,100] o
f(x) =" (ix! +rand[0,1]) 100 [-1.28,1.28] o
£ =" [ %) —10cos(27x,) +10] 100 [-5.12.512] o
f,(x) =—20exp(-0.2 12;’le)—exp[lz’flcos(znxi))+20+e 100 [-32,32] 0

n="r n="r
o) = 10sinGey,) + 37 3,07 14108y, ) 1+ 3, <17
+) . u(x,10,100,4)+ > u(x,10,100,4)
i\/[ultimoda _ _1+XT+1 100 [—50,50] 0

k(x,—a)"x, <a
u(x,a,k,my=10-a<x <a
k(-x,—a)"x,<-a
£ = 0.1{sin2(37rx,. )+ (=1 [Lsin® G +1) ]+ (x, =1 [14sin® 27, )]}

100 [-50,50] 0
+3 " u(x,5,100,4)

11



functions listed in Table 1.
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Figure 4. Behaviour of CDO on the benchmark problems

Figure 4 comprehensively analyses the CDO (Cloud Droplet Optimization) algorithm's
performance across benchmark functions. A deeper dive into the search history, convergence
curves, and overall dynamics of agent behavior provides a clearer understanding of the

optimization process.
-Convergence Curves

The convergence curves displayed in the rightmost column are pivotal for evaluating the

efficiency of the CDO algorithm. These curves typically depict the best fitness value obtained
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during each iteration, allowing us to assess how quickly and effectively the algorithm converges

to the global optimum.

Rapid Decline: A steep decline in the convergence curve indicates that the algorithm
quickly identifies solutions that are approaching the optimum. This is significant for
optimization as it suggests that the agents effectively explore the search space and refine their
positions based on fitness feedback. For example, in functions with clear peaks, such as F1 or
F2, the curves illustrate a rapid descent, reflecting the ease with which the algorithm navigates

relatively uncomplicated landscapes.

Plateaus and Oscillations: In contrast, functions like F7 or F9 show more gradual
convergence or sustained plateaus. This behavior may suggest that the algorithm encounters
local optima or flat regions in the landscape where minimal improvements occur. It can indicate
a challenge in navigating complex functions. Such patterns necessitate further exploration
strategies, like increasing diversity among agents or adopting adaptive mechanisms to escape

local optima.

Stability and Reaching Global Optimum: The convergence curves also help identify
stability in achieving the global optimum. The algorithm demonstrates robustness if the best
fitness value continues to improve without significant fluctuations. However, if the curve
experiences erratic changes, this can signal issues with the optimization strategy, requiring

adjustment in parameters or strategies applied in the algorithm.
-Search History

The search history visualizations reveal the paths followed by the agents during the
optimization process. Analyzing this history provides insights into the algorithm's exploration

and exploitation behaviors.

Exploratory Behavior: The search history plots typically show agent positions scattered
throughout the search space in initial iterations. This wide distribution indicates a robust
exploratory phase, where agents sample different regions to gather information about the fitness

landscape. This behavior is crucial in avoiding premature convergence to suboptimal solutions.

Refinement Phase: As iterations progress, agents' positions often cluster around
promising areas of the search space. This clustering represents the algorithm's exploitation

phase, where agents capitalize on previously discovered high-fitness regions. Functions with
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distinct, well-defined optima show a more pronounced transition from exploration to

exploitation.

Diversity Maintenance: The nature of the search history can also reflect the algorithm's
ability to maintain diversity among agents. If all agents converge too quickly to a single region,
it may hinder the overall optimization process, risking convergence to a local rather than global
optimum. A balanced approach that facilitates sufficient exploration while refining promising

areas is critical for success.
-Trajectory of Position Values

The trajectory plots add another layer of understanding to the optimization process. They

show how the individual agents' positions change over time concerning their fitness values.

Dynamics of Agent Movement: Consistent agent movement towards better positions
often reflects a learning pattern, where positions are adjusted based on accumulated knowledge
of the fitness landscape. For instance, if an agent's position fluctuates but generally trends

upward in fitness, it suggests effective adaptations based on feedback.

Stagnation or Reverting Trends: If trajectories indicate stagnation or shift backward,
this could highlight stagnation in the search process. Agents may be stuck in local optima or
poorly exploring the landscape, necessitating adjustments to the algorithm's parameters or

strategies to enhance exploration.

The collective analysis of convergence curves, search history, and trajectory graphs
provides a layered understanding of CDQ's effectiveness across benchmark functions. The
behavior exhibited indicates how well the algorithm adapts to various search landscapes,
balances exploration and exploitation, and ultimately converges to optimal solutions. In
conclusion, thorough interpretation of these metrics not only illustrates the performance of the
CDO algorithm but also informs potential improvements or adaptations in methodology for
handling complex optimization problems in the future. Such insights are invaluable for
researchers and practitioners aiming to enhance optimization strategies across various

applications.
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Table 3. Results of unimodal and multimodal benchmark functions

Comparative Algorithms

Function
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(functions 1 to 8) and multimodal (functions 9 to 11) functions. The results demonstrate that the
CDO algorithm outperforms all others in functions 1 to 4. In functions 5 and 6, however, the
HHO algorithm claims the top performance, with CDO following closely behind in function 5.
The CDO algorithm maintains its superiority in functions 7 and 8, while the CHOA algorithm
ranks next in function 7. In function 10, HHO leads in performance, with the MPA and PSO
algorithms trailing. Finally, in function 11, MPA takes the lead, followed by HHO and CDO.
Overall, CDO consistently ranks high across seven objective functions, showcasing its reliable
performance. While HHO also demonstrates strong results in certain functions, Figure 5
provides a comparative analysis of the convergence results for the algorithms under functions

1,4,9, and 10.
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Figure 5. Convergence of CDO and HHO on the test functions (F1, F4, F9, and F10)

Figure 5 compares the performance of two optimization algorithms, Cloud Drift
Optimization (CDO) and Harris Hawks Optimization (HHO), across four benchmark functions:
F1, F4, F9, and F10. The y-axis indicates the best fitness value achieved by each algorithm,
where lower values signify better performance, while the x-axis represents the number of
iterations. Overall, CDO consistently demonstrates faster convergence and greater accuracy in
all functions. It reduces the fitness value to near zero, showcasing its ability to find optimal
solutions quickly. In contrast, HHO often struggles to improve its results, especially in functions
F1 and F4, where CDO distinctly outperforms it. The Cloud Drift Optimization (CDO)
algorithm outperforms Harris Hawks Optimization (HHO) in terms of convergence speed,

optimization accuracy, and overall robustness across different benchmark functions.

3.2. Three-bar truss design

This structural design problem is one of the most widely used case studies [48,49]. This

problem is formulated as follows:

Consider X =[x,x]=[A.A] (8)
Minimise (%) =(N2x +x,)x1 )
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\/Exl +x,

(X)= P-0<0
& \/§x12+2x1x2
Subjectto gz(f)zﬁP—aﬁO (10)
1 172
1
8 (X)=—=——P-0<0
’ ‘\/E.Xz +.xl

0<x,x, <1

Variable range 5 5
where 1=100cm, P=2KN/cm~, o=2KN/cm

(I

Figure 6 illustrates the configuration of the truss and the forces applied to it. As indicated
by the figure and the problem description, there are two structural parameters to consider: bars
1 and 3 and the area of bar 2. The goal here is to minimize the truss's weight. This optimization
problem is subject to various constraints, including stress, deflection, and buckling. The CDO
method was implemented with 20 search agents over 650 iterations to tackle this challenge.
Given the constrained nature of the problem, a suitable constraint handling technique was
necessary to incorporate with CDO; thus, a death penalty approach was employed. This method
imposes significant penalties on search agents that breach constraints, resulting in a higher
objective value. For validation purposes, the outcomes were compared with those from Ant Lion
Optimizer (ALO), DEDS, PSO-DE, MBA, CS, Ray and Sain, and Tsa methods, with the results
in Table 4. This table highlights the optimal values for the variables and the truss weight. A
review of the algorithm results demonstrates that CDO delivered notably competitive outcomes
compared to ALO, DEDS, PSO-DE, and MBA, showing superior maximum function
evaluation. Additionally, CDO significantly outperformed the other methods. These findings
indicate that the CDO algorithm effectively manages the complexities of a constrained search

space.

<

®V
L
|

P

Figure 6. Three-bar truss design problem
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Table 4. Outcomes of the comparison for the three-bar truss design issue

Optimal values for variables

Algorithm Optimal weight
X1 x2

CDO 0.78711 0.40795 263.615777

ALO 0.788662816 0.408283134 263.8958434

DEDS 0.78867513 0.40824828 263.8958434

PSO-DE 0.7886751 0.4082482 263.8958433

MBA 0.788565 0.4085597 263.8958522

Ray and Sain 0.795 0.395 264.3

Tsa 0.788 0.408 263.68

CS 0.78867 0.40902 263.9716

3.3. Cantilever beam design

This is another well-known structural design problem in the literature, which can be

formulated as follows:

Consider X= [x1 Xy, Xy, Xy, xs] (12)

Minimise (X)) =0.6224(x, + x, +x; +x, + x5) (13)
., 61 27 19 7 1

Subject to gX)==+—=+5+=5+=5-1<0 (14)
e I S S S PR

Variable range 0.01<x,x,,x;,x,,x, <100 (15)

Figure 7 illustrates that the cantilever beam is constructed using five hollow box girders
with a square cross-section, and the lengths of these girders serve as the design parameters for
this analysis. There is one constraint associated with the problem. The CDO algorithm is utilized
to identify the optimal solution, featuring 20 search agents and a maximum of 650 iterations.
The findings are presented and compared with results from ALO, MMA, GCA-I, GCA-II, CS,
and SOS for validation in Table 5. The data in Table 5 indicates that CDO successfully

determines the lightest optimal weight.

X; N

Figure 7. Cantilever beam design problem
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Table 5.0utcomes of the comparison for the Cantilever beam design issue

Optimal values for variables

Algorithm Optimal weight
X1 x2 X3 X4 X5

CDO 6.00157 5.31241 4.47307 3.48274 2.14841 1.33116

ALO 6.01812 5.31142 4.48836 3.49751 2.158329 1.33995

MMA 6.0100 5.3000 4.4900 3.4900 2.1500 1.3400

GCA 1 6.0100 5.3000 4.4900 3.4900 2.1500 1.3400

GCA_II 6.0100 5.3000 4.4900 3.4900 2.1500 1.3400

CS 6.0089 5.3049 4.5023 3.5077 2.1504 1.3339

SOS 6.01878 5.30344 4.49587 3.4989 2.1555 1.3399

3.4. Tension/compression spring design

This is another well-known structural design problem in the literature, which can be

formulated as follows:

Consider xX= [xl,xz,x3]
Minimise F(X) =(x,+2)x,x
L. 1-xx
X)=———<
&) 71785x!
2 —
800 =1~ 125222 - 51018 7 <0
Subject to (X7 —x) o
-, 1-140.45x,
g, =——N <
Xy X3
X tx,
X)= <0
&0 =72—
Variable range 0.05<x,<2,025<x,<1.3,2<x,<15

(16)
(17

(18)

(19)

Figure 8 shows that the spring consists of a member characterized by length, width, and

thickness. The problem is subject to four constraints. The CDO algorithm is employed to find

the best solution, utilizing 20 search agents and allowing for a maximum of 650 iterations. The

results are presented and compared with those obtained from EGO, GWO, MFO, WOA, MVO,

and HS for validation, as detailed in Table 6. The information in Table 6 reveals that CDO

effectively identifies the lightest optimal weight.

Table 6. Outcomes of the comparison for the Tension/compression spring design issue

Optimal values for variables

Algorithm

Optimal weight

d D N
CDO 0.050001 0.304784 13.28541 0.0126048
EGO 0.05 0.315786 14.29092 0.0126611
GWO 0.05169 0.356737 11.28885 0.0126660
MFO 0.0519944 0.3641093 10.29092 0.0126669
WOA 0.051207 0.345215 12.004032 0.0126763
MVO 0.0500 0.315956 14.22623 0.0128169
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HS 0.051154 0.349871 12.076432 0.0126706

X3

X2

5f)(1

Figure 8. Tension/compression spring design problem

3.5. Pressure vessel design

The design of pressure vessels is a well-known engineering challenge in meta-heuristics.
This project aims to minimize the total cost of a cylinder-shaped pressure vessel while adhering
to specific pressure requirements outlined in Figure 9. Four structural parameters need to be
optimized: the head thickness (7%), the shell thickness (7), the length of the cylindrical section

without the head (L), and the inner radius (R). The optimization process is subject to four

constraints.
Consider X= [xl,xz,x3,x4] = [R,E,R, L] (20)
%) = 0.6224x,x,x, +1.7781x,x;

Minimise S , R , 2 @)
+3.1661x; x, +19.84x; x,
8,(%)=-x+0.0193x, <0
8,(X)=-x;,+0.00954x, <0

Subject t 22

R 8 () =—m3x, —(44 ) 7] +1296000<0 (22)
Variable range 0<x,<99,0<x,<99,10<x, <200,10<x, <200 (23)

Figure 9 shows the Pressure vessel. The problem is subject to four constraints. Numerous
researchers have applied different meta-heuristic strategies to determine the optimal design for
this test case, including techniques such as GWO, GA, MFO, WOA, MVO, and HS. Table 7
presents the outcomes of this problem, comparing CDO with other methods previously
mentioned. The data indicates that CDO produces the most effective design at the lowest cost,

demonstrating that our proposed algorithm outperforms all other algorithms.
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Figure 9. Pressure vessel design problem

Table 7. Outcomes of the comparison for the Pressure vessel design issue

Optimal values for variables

Algorithm R h R 7 Optimal weight
CDO 0.819965 0.40361 42.48527 171.9015 5755.2296
GWO 0.812500 0.434500 42.103624 176.75873 6051.5639
GA 0.812500 0.434500 40.3239 200.000 6288.7445
MFO 12.57917 6.748778 42.098445 176.63659 6059.7413
WOA 0.812500 0.437500 42.098269 176.63899 6059.7410
MVO 0.812500 0.437500 42.090738 176.73869 6060.8066
HS 1.099523 0.906579 44.456397 179.65887 6550.0230

4. Conclusion

This study presents the Cloud Drift Optimization (CDO) algorithm, an innovative nature-
inspired metaheuristic to solve complex optimization challenges. Drawing inspiration from the
fluid dynamics of clouds influenced by atmospheric conditions, CDO skillfully balances
exploration and exploitation through a mechanism that adaptively adjusts weights. The
algorithm’s effectiveness was meticulously assessed using benchmark functions and practical
engineering design scenarios, showcasing its robustness, efficiency, and exceptional
convergence characteristics. Unimodal and multimodal benchmark tests indicate that CDO
consistently outshines leading metaheuristic algorithms across diverse optimization landscapes.
In unimodal functions, which evaluate an algorithm’s ability to exploit, CDO achieved the
lowest function values with quicker convergence rates than rival methods. In multimodal
functions, where striking a balance between exploration and exploitation is essential, CDO
effectively navigated local optima to identify global solutions. Comparative assessments with
algorithms like PSO, HHO, GWO, and MPA validated CDO’s enhanced accuracy and
optimization effectiveness. Beyond benchmark tests, CDO's application to real-world structural

optimization challenges further affirmed its practical efficacy. In the three-bar truss design
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scenario, CDO provided an optimal structural configuration with reduced weight compared to
other methods. The cantilever beam design realized the lightest structure while adhering to
design constraints, surpassing approaches such as ALO, GCA, and SOS. The optimization of
the tension/compression spring design illustrated CDO’s capability to maneuver through
constrained search spaces to achieve minimal weight with precise parameter choices. Finally,
in the pressure vessel design issue, CDO yielded the most cost-effective solution, demonstrating
its efficiency in optimizing large engineering structures. CDO’s performance across various
optimization challenges underscores its potential for wider applications in engineering, artificial
intelligence, and computational sciences. Future research may consider hybridizing CDO with
machine learning techniques to bolster adaptability in dynamic optimization situations.
Moreover, incorporating reinforcement learning strategies could enhance efficiency in real-time
decision-making contexts. With its demonstrated excellence, CDO signifies a major step
forward in metaheuristic optimization and is set to play a pivotal role in addressing increasingly

intricate engineering and computational challenges.
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