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Cloud computing systems are intended to efficiently process large amounts of data and provide on-
demand computing resources. Scheduling tasks is one of the intrinsic issues of cloud computing, where
tasks are allocated to resources and execution time is reduced while maximizing resource utilization. The
present work proposes an improved version of the Crayfish Optimization Algorithm (COA), called ICOA,
to solve the task scheduling problem in heterogeneous cloud computing. ICOA integrates chaotic mapping
for population diversity, random opposition-based learning (ROBL) for enhanced global exploration, a
non-linear control parameter for dynamic search balance, and a Cauchy mutation strategy to avoid
premature convergence. Performance of the algorithm is evaluated using CloudSim with NASA, HPC2N,
and a synthetic workload. Experimental comparisons on EHHO, MSA-CSA-PAES, ACO, and IWOA
demonstrate that the proposed ICOA achieves remarkable improvements: makespan reduction of 50.8%,
and resource utilization increase of 26.5%. These experimental results confirm that the proposed ICOA
is an efficient and effective solution for task scheduling of complex cloud computing environments.

Povzetek: Za razporejanje nalog v heterogenih oblacnih okoljih je razvita ICOA, izboljSana razlic¢ica
algoritma Crayfish Optimization, ki zdruzuje kaoticno inicializacijo, ROBL, nelinearni nadzorni

parameter in Cauchyjevo mutacijo.

1 Introduction

Cloud computing is an advanced technology that provides
on-demand and elastic access to computer resources on
the Internet [1]. It benefits companies and end-users by
offering flexibility, cost savings, and operating efficiency
through simple data storage, management, and processing
[2]. Task scheduling, assigning incoming tasks to
available Virtual Machines (VMs), is an essential
subproblem in cloud computing. Scheduling tasks
properly reduces the makespan (total duration needed to
carry out tasks), optimizes the use of available resources,
and enhances the overall Quality of Service (QoS) [3].
Inappropriate scheduling causes delays, resource waste,
and low system performance and is directly related to
operating expenditures and users' satisfaction [4].
Therefore, developing effective scheduling methods is
extremely interesting for optimizing cloud computing
performance.

Although significant advances have been made,
existing scheduling techniques, including metaheuristics
and heuristics, are still hindered by inherent challenges in
their application to advanced, dynamic clouds. Traditional
algorithms are vulnerable to being stuck with local optima
too soon, missing better global optima. Numerous
algorithms also do not meet an acceptable balance
between exploitation (exploring new areas of solutions)
and exploration (improving known effective areas),
leading to inefficiencies and less-than-optimal scheduling
quality. Scalability is also an issue when workloads

exceed, further highlighting limitations to adaptability and
accuracy in optimizing. These vulnerabilities highlight the
need for stronger, scalable, and efficient task scheduling
techniques to deliver quality in different clouds.

To overcome these problems, the Improved Crayfish
Optimization Algorithm (ICOA) is proposed, which is
tailored to scheduling in cloud computing environments.
Building on the existing Crayfish Optimization Algorithm
(COA), inspired by crayfish's natural foraging activities,
ICOA incorporates essential improvements to offer
superior global search ability and convergence. Through
chaotic mapping for maintaining population diversity,
random backward learning for global exploration, non-
linear control parameters to promote flexibility between
exploration and exploitation, and Cauchy mutation
techniques to avoid stagnation, ICOA offers an improved
and efficient solution. These improved techniques
enhance scheduling performance, makespan, and resource
usage within complex clouds. The main contributions of
the research are given below:

e Implementation of random reverse learning and
chaotic mapping to achieve maximum population
diversity and global searching capability.

e Adding a non-linear control parameter to
dynamically tradeoff between exploration and
exploitation during optimization.

e Implementing a Cauchy mutation strategy to
improve local optima escape capability without
sacrificing the convergence rate.
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e Continued performance assessment of ICOA on
real and synthetic datasets to establish its
superiority over previous methodologies.

To guide this investigation, we pose the following

research questions:

e RQLl: Does chaotic initialization improve
convergence speed and task-to-resource mapping
efficiency in heterogeneous cloud environments?

e RQ2: How does the combination of non-linear
control and Cauchy mutation in ICOA improve the
exploration—exploitation balance compared to
existing metaheuristic algorithms such as EHHO
and ACO?

2 Related work

Jia, et al. [5] proposed an Improved Whale Optimization
Algorithm (IWOA), prioritizing significant parameters
like task scheduling time, cost, and virtual machine load.
They applied an inertial weight strategy to enhance its
ability to search locally and to avoid premature
convergence. Furthermore, the IWOA has an add-delete
operator that advances individual solutions and enhances
scheduling quality after each iteration.

Abd Elaziz and Attiya [6] suggested an improved
Henry Gas Solubility Optimization algorithm (HGSWC)
incorporating the WOA and Comprehensive Opposition-
Based Learning (COBL) to enhance cloud task
scheduling. While WOA serves to perform local searches
to enhance the quality of the solutions, COBL supports
weaker solutions by comparing and selecting their
opposition. Verified using benchmark functions and
compared against traditional HGSO and WOA methods,
the proposed HGSW(C consistently yielded nearly optimal
solutions without excessive computation. Moreover,
large-scale simulations using both actual and synthetic
workloads confirmed its outperformance compared to six
widely used metaheuristics for efficiently tackling the
problem of cloud scheduling.

Liu [7] developed an adaptive Ant Colony Algorithm
(ACO) to address the shortcomings of conventional ACO,
including slow convergence and local optima, in large-
scale cloud scheduling. Their strategy initiated an update
mechanism for pheromone adaptability, allowing
pheromone trails to be dynamically modified to accelerate
convergence speed and enhance robustness. Through
extensive experimentation, the proposed algorithm
consistently yielded well-balanced task execution times,
task costs, and system loads in contrast to the standard
ACO.

Alsubai, et al. [8] proposed a new task scheduling
strategy that integrates the Moth Swarm Algorithm (MSA)
and the Chameleon Swarm Algorithm (CSA), together
with the Polymorphic Advanced Encryption Standard
(PAES), for task scheduling security improvement. The
proposed approach considers makespan, resource usage,
and bandwidth efficiency while encrypting task
information securely. Simulation outcomes across varying
task sizes demonstrated improved task scheduling
performance, significantly  decreasing imbalance,
execution time, response delay, and expense. The coupled
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MSA-CSA-PAES design offered an effective, secure,
and energy-efficient approach to task scheduling for
complex cloud computing environments.

Malti, et al. [9] introduced a hybrid Flower Pollination
Algorithm (FPA)-Grey Wolf Optimizer (GWO) to deal
with multi-objective scheduling in heterogeneous clouds.
The proposed approach effectively balances exploitation
and exploration and prevents convergence and stagnation
by utilizing evolutionary crossover operators. CloudSim
and sectoral workload simulations reveal improvements in
makespan minimization, resource utilization optimization,
system balancing, and maximum throughput. A
comparative evaluation of the new approach on
TSMGWO, GGWO, LPGWO, and standard FPA
demonstrated that the hybrid approach effectively handles
major scheduling problems.

Pachipala, et al. [10] introduced a two-stage hybrid
optimization methodology, known as Blue Updated
Jellyfish Search Optimization (BUJSO), that unifies Blue
Monkey Optimization (BMO) and Jellyfish Search
Optimization (JSO) algorithms. The tasks were scheduled
and prioritized using the Analytical Hierarchy Process
(AHP) and were partitioned among themselves using k-
means clustering. Scheduling considered makespan,
utilization cost, migration, and failure risk. Performance
Analysis depicted considerable improvements compared
to the conventional scheduling methodologies, which
indicates the efficacy of the introduced approach in
workload balancing, priority, resource allocation, and
reducing scheduling costs in various cloud environments.

Fang [11] proposed the Enhanced Harris Hawks
Optimization (EHHO) strategy, which is fundamentally
aimed at task scheduling optimization for cloud scenarios,
utilizing a random walk mechanism. The addition
significantly enhanced the algorithm's exploration ability,
preventing premature convergence and improving
scalability and resource management. Compared to
previous techniques, the experimental analysis proved that
EHHO efficiently minimized makespan, memory
utilization, execution time, and cost.

Despite the significant progress embodied by the
reviewed methodologies, several limitations remain, and
current cloud task scheduling techniques do not address
that. As described in Table 1, most methods have
significant issues concerning the effective exploration-
exploitation balance, which impacts global search
efficiency and solution optimality. In addition to
traditional issues such as local optima convergence,
stagnation, and low population diversity, the performance
of algorithms is significantly hindered, especially for large
and highly volatile loads.

Scalability also restricts applicability to realistic
scenarios due to increased complexity and the quantity of
tasks. The suggested ICOA fills these voids directly
through chaotic mapping and random backward learning
techniques for enhanced population initialization, non-
linear control parameters for preserving exploration and
exploitation adaptivity, and Cauchy mutation for
preventing stagnation. Thus, it provides better and more
efficient scheduling outcomes for adaptive and difficult-
to-model cloud instances.
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Table 1: Comparative analysis of related work

Reference  Algorithm Exploration/exploitation Avoiding premature Main metrics  Dataset/testbed
balance convergence considered used
[5] Improved whale optimization Inertial weight strategy Add-and-delete Time, cost, and Synthetic
operator VM load workloads
[6] Henry gas solubility = WOA local search and Comprehensive Solution  quality  Synthetic and real
optimization algorithm COBL opposition-based and makespan workloads
learning
[7] Adaptive ant colony algorithm Pheromone adaptive ~ Dynamic pheromone Execution time, Synthetic
update adjustment load balance, and workloads
cost
[8] Moth swarm algorithm, Swarm integration ~ Hybrid swarm  Makespan, Synthetic
chameleon swarm algorithm, strategy methods resource workloads
and polymorphic advanced utilization, and
encryption standard security
9] Hybrid flower pollination—grey  Evolutionary  crossover  Pollination—wolf Makespan, Synthetic
wolf operators search combination throughput, and workloads
resource utilization
[10] Blue updated jellyfish  Analytical hierarchy &  Hybrid optimization = Makespan, Synthetic
optimization clustering methods migration cost, and  workloads
risk probability
[11] Enhanced harris hawks Dynamic random walk Enhanced Makespan, Synthetic
optimization strategy exploration memory, cost, and workloads
capability scalability
Our work  Improved Crayfish Optimization =~ Non-linear control  Cauchy mutation and  Makespan and HPC2N, NASA,
Algorithm parameter ROBL resource utilization _ and synthetic
T_ ExecTi
RU — Yk=1ExecTimeyy,, @

3 Problem formulation

In a cloud computing environment, task scheduling refers
to the optimal assignment of a set of computational tasks
to available VMs to enhance system efficiency [12]. The
system consists of P Physical Machines (PMs), each
running multiple VMs. Given a set of T tasks to be
scheduled, the relationship between tasks and VMs is
captured by an Expected Execution Time Matrix (EETM),
expressed using Eq. 1.

EETM
EETM,, EETM,, EETMy
EETM,, EETM,, EETM, (1
EETMy, EETMg, EETMqy,y

Elements in EETM denotes the estimated time
required for task k to execute on VM m, computed using
Eq. 2.

TaskLength,,

EETMj p, =
m = Y My IPS,,

2
Where TaskLength, is the length (in millions of
instructions) of task k and VMyIPS,, represents the
processing speed (million instructions per second) of VM
m.

The overall scheduling objectives include
minimization of makespan (total completion time) and
maximization of Resource Utilization (RU). The
makespan stands for the maximum finishing time across
all VMs and is calculated using Eq. 3 [13].

T

MKS = meﬁ,(zlﬁm} kz: EETMy, , 3)
=1

Resource utilization reflects the efficiency of VM
usage over the execution period and is given by Eq. 4 [14].

Makespan X M

Where ExecTimey,, is the total time VM m spends
executing its assigned tasks.

To evaluate candidate scheduling solutions, a
weighted sum fitness function is used that combines the
two conflicting objectives: minimizing makespan and
maximizing resource utilization. Both objectives are first
normalized using min—max scaling over observed ranges
during initialization. The combined fitness function is
defined as:

MKS, 0 — MKS

MKS, 0 — MKSin
RU — RUppin
RUmax - RUmin

Where w; and w, are the weights assigned to makespan
and resource utilization respectively (with w; + w, = 1).
In our experiments, we used w; = 0.6 and w, = 0.4,
giving slightly more importance to makespan reduction.

The overall goal is to determine a task-to-VM
allocation that minimizes the total completion time while
maximizing system resource efficiency, thus enhancing
the performance and scalability of cloud computing
operations.

F:W1' +W2

6))

4 Proposed methodology

4.1 Basic crayfish optimization algorithm

COA is a nature-inspired metaheuristic algorithm
modeled on crayfish's foraging, competition, and summer
resort (retreat) behaviors. It alternates between exploration
(diversifying search) and exploitation (refining search)
phases depending on the environmental conditions,
simulated via a random temperature parameter [15]. The
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algorithm defines a colony of crayfish C, where each
crayfish represents a candidate solution in the
optimization space.

In a multi-dimensional search space, each crayfish
individual C; is a 1 x D vector, where D denotes the
number of problem dimensions. The initial population is
randomly generated as follows:

C=1[C,Cy...,Cxl (6)

C;; = LB; + (UB; — LB;) X rand (7

Where LB; and UB; are the lower and upper bounds for
dimension j, rand is a random number between 0 and 1,
and N is the population size.

The environmental temperature Temp regulates the
behavioral mode (exploration or exploitation) of crayfish
calculated using Eqg. 8.

Temp = 15 X rand + 20 ®)

The food intake under different temperatures is
modeled by a normal distribution using Eq. 9.

Intake = C; X

\V2mo
. ©)
oy (Temp = 1)
exp o2

Where p is the optimal feeding temperature, o controls the
spread, and C, is a scaling coefficient.

When Temp > 30°C and rand < 0.5, crayfish seek
cooler environments. They move toward a temporary

refuge (cave) located at:

Cbest + Clocal (10)
2

Where Cp.; is the best individual found so far and Cj,.q;
is the current best of the population.
Crayfishes are updated using Eq. 11.
CH' = ¢l + 2 x rand x (Cave — Cf))

1=2-(7)
h T
Where t is the current iteration and T is the maximum
number of iterations.
If Temp > 30°C and rand = 0.5, multiple crayfish
compete for the cave. The new position is determined by
Eq. 12.

Cave =

(m)

t+1 _ ot t
Ci,j - Ci,j - CZ,j + Cave

(12)
z= round(rand x (N — 1)) +1

Where z is a randomly selected individual and rand
controls random competition selection.

When Temp < 30°C, crayfish engage in foraging
activities. The food source corresponds to the best solution
so far.

Food = Cpegt (13)

The size of the food determines crayfish behavior as
follows:
fitness; )

Size = C3 X rand X (7
fitnessgyoa

(14)
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Where C; is a food scaling factor, fitness; is the fitness
of crayfish i, and fitnessg,,q 1S the fitness at the food
location.

C3+1

If Size > - (i.e., the food is too large), the food is

shredded using Eg. 15.

1
Food,,,, = exp (— @) X Food
Then, crayfish update their positions using alternating
sine-cosine foraging behavior:
Cirt = Cfj + Food,,,, X Intake

(15)

(16)

X (cos(2m X rand)

— sin(2m X rand))

C3

. +1 .
In cases Size < 2 (manageable food size), the

crayfish directly migrate toward the food:
CHt = (Ct; — Food) x Intake
(17)

+ Intake x rand x Cf;

4.2 Improved crayfish optimization

algorithm

The basic COA demonstrates considerable potential but
faces premature convergence, uneven initial population
distribution, and suboptimal exploration-exploitation
balance. To address these challenges, several
enhancements are introduced in the ICOA.

Random initialization in COA can lead to poor
population diversity, reducing global search ability and
causing early stagnation. To counteract this, a chaotic
sequence-based initialization is employed using logistic
mapping, which enhances diversity and ensures more
uniform coverage of the search space. The logistic
mapping is defined as:

Xnt1 =X Xy X (1 - X3) (18)

Where X, is the current value and pu is the control
parameter.

In this study, we selected u = 2.5 for the logistic
mapping function to balance diversity and stability in the
initialization phase. While higher values of u (e.g., >3.5)
increase chaos and exploration, they may also destabilize
early convergence in constrained scheduling problems.
Choosing p = 2.5 offers a moderate level of chaos,
sufficient to diversify the initial population without
introducing excessive randomness or instability. This
choice is supported by recent applications in UAV path
planning that successfully use similar values

ICOA boosts exploration potential and resilience
against local optima by generating initial positions
through logistic chaos.

Random Opposition-Based Learning (ROBL) is
incorporated to further enrich population diversity. Instead
of merely randomizing individuals, each candidate X;
generates an opposite solution X, based on random
perturbations:

X, =L+ U; —rand x X; (19)
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Where L; and U; are the lower and upper bounds of the
search space, and rand € [0, 1] is a uniformly sampled
random vector that introduces controlled perturbation.
Unlike classical opposition learning, ROBL allows each
dimension to be perturbed by a random scaling factor,
enabling non-symmetric and domain-aware reflection.

To ensure feasibility within constrained domains
(e.g., task—-VVM index ranges), the generated X; is projected
back into the search space using Eq. 20.

X"icorrected — min(max()'(\“ L].)Uj) (20)

The better of the original and opposite solution (in
terms of fitness) is retained, promoting better exploration
and faster convergence during early iterations.

The original COA employs a linear decreasing control
factor, which may cause inefficient transitions between
global search (exploration) and local search (exploitation).
ICOA introduces a non-linear control parameter to better
adapt search dynamics during iterations. The update
mechanism is modified as follows:

A=2—exp (— (21)

tZ
T x rand)

Non-linear control parameters dynamically control
the balance between exploration and exploitation when
optimizing. Compared to linear decay (which linearly
decreases as time increases), the exponential form enables
rapid initial exploration and gradually escalates
exploitation as the search proceeds. This adaptive
response is better for high-dimensional, dynamic
scheduling problems.

The solution update during exploration (e.g., summer
resort stage) becomes:

CH* = ¢+ A X rand x (Cave — Cf; (22)

This dynamic control accelerates exploitation when
needed and prolongs exploration when beneficial,
improving convergence precision.

During later optimization stages, populations often
risk becoming trapped in local optima. To mitigate this,
ICOA employs a Cauchy mutation strategy to perturb the
best-found solution. The Cauchy mutation is modeled
using Eq. 23.

Yoew = Yoest X (1 + fCauchy(Otl))

Where fca,04,(0,1) generates a random value following a
Cauchy distribution (centered at 0 with a scale of 1).

The Cauchy distribution is selected for its heavy-
tailed property, which allows for larger random jumps
compared to the Gaussian distribution. This makes it
especially effective in escaping local optima during later
stages of optimization, when the population tends to
cluster. In contrast, Gaussian mutations are more
conservative and may not provide sufficient perturbation
to overcome local stagnation.

If the mutated solution Y., has better fitness, it
replaces Y,..:; otherwise, the original is retained:

Y, — {Ybest' if f(ybest) < f(Ynew)
best = \Y,p,  Otherwise

(23)

24)
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This mechanism enables ICOA to escape from local
minima dynamically and maintain search momentum. The
proposed ICOA effectively addresses the primary
limitations observed in conventional metaheuristic-based
task scheduling methods. Algorithm 1 and Figure 1
present the pseudocode and flowchart of ICOA,
respectively. Using logistic chaotic mapping during the
initialization  phase, ICOA  ensures population
diversification and distribution within the search space,
resisting the possibility of early convergence due to poor
initial population configurations.

Further, by applying ROBL, population
diversification is maintained by generating opposite
candidate solutions and selecting improved individuals.
This two-pronged tactic decisively enhances the
algorithm's global exploration ability to effectively
traverse challenging optimization topologies and prevent
early convergence into local optima. Lastly, implementing
the non-linear control parameter dynamically controls the
exploration and exploitation balance according to the
number of iterations, enabling ICOA to exhibit persistent
search flexibility during optimization.

By applying the Cauchy mutation principle, ICOA
improves population diversification and search flexibility.
Through controlled perturbations to the best-so-far
solutions, Cauchy mutation reduces the likelihood of
premature  convergence during the subsequent
optimization stages, a characteristic weakness of
traditional COA and other swarm-based techniques. An
exponential decrease of the control parameter ensures that
the intensification of search is adequately fortified along
the progress of search without hindering first-stage

Algorithm 1 Pseudocode of ICOA

Input:
Set of tasks (T), set of VMs (M), population size (N), problem
dimension (D), and maximum number of iterations (T;,x)
Initialize:
Generate the initial population using Eq. 6
Apply ROBL to enhance diversity (Eqg. 19)
Evaluate the fitness of all individuals
While (t < Tay):
For each individual C; in C:
Calculate environmental temperature using Eq. 8
If Temp > 30:
If rand < 0.5:
//Summer resort stage (Eq. 10)
Update position using Eq. 11
Else:
/I Competition stage (Exploitation)
Select a random individual C,
Update position using Eq. 12

Else:
/I Foraging stage (Exploitation)
Food = Cpese
Calculate food size using Eq. 14
If Size > =
Update food position using Eq. 15
Update position using Eq. 16
Else:
Direct movement towards food using Eq. 17
End For
Apply Cauchy mutation:
Mutate the best individual using Eq. 21
If fitness(Cpe,y) better than fitness(Cy.s.), replace Cpeg,
Update the best solution found so far
t=t+1
End While
Output:
Best solution




296  Informatica 49 (2025) 291-300

Z. Zhou

4

The food intake p and food size Q are

) obtained using Eqs. 9 and 14 Q> (G+1/2 en
No ﬁ;
v * 5
Crayfish foraging Crayfish foraging | Crayfish shreds food I
using Eq. 17 using Eq. 15

using Eq. 16
|

Figure 1: Flowchart of ICOA

exploration capability. These optimizations, together, on
an individual basis, optimize and improve task schedule
quality under cloud environments by decreasing
makespan, optimizing resource utilization, and
encouraging resilience for dynamic and large-scale
scheduling cases.

5 Results and discussion

This section provides an overall assessment of the ICOA
regarding scheduling effectiveness for various cloud
computing workloads. The experimental framework was
deployed using the CloudSim simulation package, with
three benchmark datasets, including HPC2N, NASA, and
simulated datasets. These datasets were chosen to simulate
various workload complexities so that ICOA's
performance could be thoroughly evaluated under real-
world and synthetic setups. The problem of scheduling
was considered using independent and non-preemptive
tasks to model realistic cloud environments. Every
experimental setup was executed 30 times to achieve
statistical accuracy, and there were two primary
performance metrics: makespan and resource utilization.
In our CloudSim-based simulation environment, we
deployed 50 virtual machines (VMs) evenly distributed
across three heterogeneous types: Type A (1 vCPU @
1000 MIPS, 2048 MB RAM), Type B (2 vCPUs @ 1500
MIPS, 4096 MB RAM), and Type C (4 vCPUs @ 2000

MIPS, 8192 MB RAM). Task lengths were generated
using a uniform distribution over the range [1000, 10000]
million instructions (MI), simulating both lightweight and
computationally intensive workloads. A space-shared VM
scheduling policy with non-preemptive tasks was applied.
To ensure the robustness of results, each experiment was
repeated 30 times, and all stochastic processes, including
those in CloudSim and ICOA, were initialized using a
fixed random seed (seed = 42) for reproducibility.

The performance of ICOA was compared with four
well-known algorithms: EHHO, MSA-CSA-PAES,
ACO, and IWOA. As illustrated in Figures 2-7, simulation
results indicate that ICOA surpassed the compared
algorithms in all cases. For instance, when the tasks were
2500, ICOA achieved the highest makespan reductions of
13.9% in the case of the HPC2N dataset, 50.8% in the case
of the NASA dataset, and 34.7% in the case of the
simulated dataset in comparison to other competing
algorithms. These improvements are attributed to ICOA's
adaptive exploration-exploitation balance, achieved
through temperature-driven behavioral phases, chaotic
initialization, and dynamic non-linear control parameters.

In resource utilization terms, as reflected in Figures
5-7, ICOA realized gains of as much as 15.7% for the
HPC2N dataset, 17.7% for the NASA dataset, and 26.5%
for the simulated dataset relative to the following best-
performing algorithm under the scenario of 2500 tasks.
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Figure 2: Makespan results for the HPC2N dataset
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Figure 3: Makespan results for the NASA dataset
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Figure 4: Makespan results for the simulated dataset

These improvements reflect the ability of ICOA to find
optimal task-to-resource mappings through chaotic
sequences when populating the population and improving
them using Cauchy mutation and greedy selection
policies. Incorporating non-linear decay into the control
parameters enabled ICOA to achieve reasonable
convergence during the simulation phases, leading to
improved load balancing and greater utilization rates.
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Figure 7: Resource utilization results for the
simulated dataset

Overall, these results attest that ICOA expedites task
scheduling and optimizes resource consumption better
than the baseline algorithms.

To evaluate the runtime efficiency of ICOA, we
compared the average execution time (in seconds) and
approximate floating-point operation counts (FLOPS)
against baseline algorithms (EHHO, ACO, IWOA, and
MSA-CSA-PAES) on the HPC2N dataset with 2500
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tasks and 50 VMs. Results (summarized in Table 2) show
that while ICOA has a slightly higher computational cost
than ACO and EHHO due to the integration of Cauchy
mutation and ROBL, it remains significantly more
efficient than MSA-CSA-PAES. Notably, ICOA
achieved a 36.5% faster runtime than MSA-CSA-PAES
and comparable or better performance in FLOPs per
solution.

An ablation study was performed on the HPC2N
dataset with 2500 tasks. We defined five variants of ICOA
by selectively removing one component at a time from the
full algorithm:

e ICOA-C: without chaotic mapping

¢ |COA-R: without ROBL

e [COA-L: using a linear control parameter instead

of A

e ICOA-M: without Cauchy mutation

e Full ICOA: all components enabled

The performance of each variant was evaluated over
30 independent runs. Table 3 show that each component
contributes meaningfully, with the non-linear control
parameter and Cauchy mutation having the most
significant effects on makespan and convergence
robustness.

Table 2: Runtime and FLOPSs comparison

Algorithm Avg. Approx. Normalized score
runtime (s)  FLOPs (Runtime X FLOPs)

ACO 11.2 1.3 x 10° 1.46 x 107

EHHO 13.4 1.6 x 10° 2.14 x 107

IWOA 15.8 2.2 x10° 3.48 x 107

MSA-CSA-  21.6 2.5 %100 5.40 x 107

PAES

ICOA 13.7 1.9 x 10¢ 2.60 x 107

Table 3: Ablation study results

Variant Avg. makespan  Resource Std. Dev
(ms) utilization (%) (Makespan)

ICOA-C 542 74.4 3.6

ICOA-R 535 75.1 33

ICOA-L  55.6 73.7 3.8

ICOA- 56.9 722 4.1

M

Full 51.1 77.8 2.1

ICOA

6 Discussion

Our experimental results indicate that ICOA significantly
outperforms  baseline  algorithms for  makespan
minimization and resource utilization. Compared to
EHHO and ACO, ICOA has the advantage of higher
convergence speed, which is significantly true for large-
scale jobs. This is because of the non-linear control
parameter, where the algorithm can gradually transition
from exploration to exploitation more adaptively,
avoiding premature confinement.

In contrast to MSA-CSA-PAES and IWOA, ICOA
exhibits higher robustness and scalability. While the
multi-swarm technique of MSA-CSA-PAES coupled
with encryption methods increases computational
overhead due to added complexity, the lightweight

Z. Zhou

enhancements of ICOA, that is, chaotic initialization for
initial diversification of the population and late-injection
of controlled randomness by Cauchy mutation, offset
complexity against performance. Its  successful
applications for other optimization problems, such as
UAV path planning, inspired these capabilities.

Chaotic mapping boosts initial search coverage,
reducing the chances of suboptimal clustering. This is a
complement to Cauchy mutation, which injects rare long
jumps into solution space, enabling the algorithm to
escape from locally optimum points without disrupting
convergence habits. With these features, ICOA can
potentially be applied to resource allocation problems
other than cloud computing, such as robot path planning,
manufacturing scheduling, and dynamic load balancing. It
allows easy modification by replacing the fitness
evaluation model for application-defined objectives.

7 Conclusion

In the present study, ICOA is proposed as a solution for
task scheduling within the cloud computing framework. A
range of improvements to the underlying COA has been
proposed to handle common issues of premature
convergence, exploration restrictions, and ineffectiveness
in large-scale optimization. For diversity maximization,
the initiation of a chaotic sequence from logistic mapping
has been applied, and the application of ROBL has also
enhanced the capacity of global search. Adaptive
balancing of exploration and exploitation has been
achieved by applying a non-linear control parameter, and
the Cauchy mutation has been applied for efficient escape
from the optima of subsequently iterated values.

Extensive experimental evaluation was performed
using realistic and synthetic HPC2N, NASA, and
Synthetic benchmarks. The experiments illustrate that
ICOA  significantly  outperforms  the  existing
benchmarking algorithms, namely EHHO, MSA-CSA-
PAES, ACO, and IWOA, for makespan and resource
utilization. Utilizing adaptive exploration techniques
along with better exploitation techniques, ICOA gained
better convergence, better scheduling efficiency, and
better scalability. These findings validate that ICOA is a
robust and practical approach to task scheduling
optimization processes using dynamic and heterogeneous
cloud settings.

Beyond theoretical improvements, ICOA
demonstrates  practical feasibility for real-world
scheduling environments. With an average execution time
of under 14 seconds for 2500 tasks on a standard desktop
machine, the algorithm is suitable for integration into
dynamic cloud platforms. ICOA’s modular structure and
compatibility with Java-based simulation (CloudSim)
make it readily portable to open-source cloud management
systems such as OpenStack, where its scheduling logic can
be embedded within Nova scheduler extensions. It is also
applicable to AWS-based testing environments through
workload emulation tools like EC2Sim or CloudSched.
These characteristics position ICOA not just as an
academic tool, but as a deployable metaheuristic suitable
for heterogeneous and on-demand cloud infrastructure.
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