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Digital Twin-Enabled Resource Allocation and Performance Optimisation in

Cloud-Based Complex Data Workflows: A Particle Swarm Optimisation Approach

Bulut Tabanh Karmasik Veri Is Akislarinda Dijital Ikiz Destekli Kaynak Tabhsisi ve Performans
Optimizasyonu. Parcacik Stiriisii Optimizasyonu Yaklasim:
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Abstract

In large-scale cloud-based big data systems, optimal resource allocation remains challenging due to the variety of workloads and
limited computational resources. Using digital twin technology, we demonstrate our methodology through an optimisation approach
to resource allocation and performance tuning for a cloud-based, complex data processing application. Contrary to the conventional
heuristic or genetic algorithms popular in the literature, this paper applies Particle Swarm Optimisation (PSO) to efficiently solve the
task-to-resource assignment problem. We obtain a synthetic yet realistic workload that includes task execution times, resource usage
profiles, and data locality characteristics. The model above addresses the issue by minimising the makespan while imposing penalty
constraints for infeasible scheduling and minimising CPU and memory utilisation. Experimental results show that the proposed PSO
solution achieves better makespan reduction and improved resource utilisation than the baseline greedy allocation method across
various multi-VM configurations. The proposed approach offers a novel and valuable optimisation tool that can be widely applied to
cloud workload management by integrating digital twin frameworks.
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Oz

Biytik 6lgekli bulut tabanli biyiik veri problemlerinde, cesitli is yiikleri ve sinirli hesaplama kaynaklar: nedeniyle optimal kaynak tah-
sisi hala onemli bir zorluktur. Bu ¢alismada dijital ikiz teknolojisini kullanarak, kaynak tahsisi ve performans ayarlamas: i¢in bir bulut
tabanli karmagik veri igleme uygulamasinda optimizasyon temelli bir yéntem 6nerilmistir. Literatiirde yaygin olarak kullanilan gele-
neksel sezgisel veya genetik algoritmalarin aksine, bu ¢alismada gérev-kaynaga atama problemini etkin bir gekilde ¢6zmek amaciyla
Pargacik Stirtiisii Optimizasyonu (PSO) uygulanmgtir. Gergekgi ve sentetik bir is yiikii veri seti olusturularak gérev yiiriitme stireleri,
kaynak kullanim profilleri ve veri yerelligi 6zellikleri dikkate alinmistir. Gelistirilen model, uygun olmayan planlamalar i¢in ceza kisit-
lar1 altinda toplam iglem stresini minimize etmeyi ve aymi zamanda CPU ve bellek kullanimini dengelemeyi hedeflemektedir. Deney-
sel sonuglar, énerilen PSO ¢6ziimiintin, ¢oklu VM konfiglirasyonlari altinda, temel greedy tahsis yontemine kiyasla daha iyi makespan
azaltimi ve kaynak kullanim dengesi sagladigini gostermektedir. Onerilen yaklagim, dijital ikiz gerceveleri ile biitiinlestirilerek bulut is
yliki yonetimi alaninda genis uygulama potansiyeline sahip yeni ve etkili bir optimizasyon araci sunmaktadir.

Anahtar Kelimeler: Bulut bilisim, dijital ikiz, pargacik siiriisit optimizasyonu, performans optimizasyonu, kaynak tahsisi.

1. Introduction

'The widespread deployment of cloud computing technolo-
gies has significantly changed how data-intensive systems
are supported, deployed, and optimised across many indus-
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trial domains (Demchenko et al., 2017). The ever-increasing
volumes of big data generated from scientific experiments,
sensor networks, industrial Internet of Things (IoT) devices,
smart cities, and health monitoring systems pose enormous
challenges in big data storage, resource management, and
task scheduling (Demirbaga et al., 2024). Although cloud
architectures enable highly flexible computing environ-
ments, resource allocation remains a major issue, directly
affecting system throughput, makespan, quality of service
(Q0S), and energy usage (Ghafari et al., 2022).
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Resource allocation for cloud-based big data processing sys-
tems determines how to map heterogeneous tasks to var-
ious virtual machine (VM) configurations, thereby affect-
ing computing capacity, memory bandwidth, and network
resources (Dua et al., 2024). Poor resource allocation may
result in several performance problems, including resource
deficiency, under-utilisation, service-level agreement (SLA)
violations, and inefficient processing, ultimately contribut-
ing to increased operational costs (Zeng et al., 2024). These
issues become even more challenging to manage in dynamic
workloads, where work items arrive with varying resource
demands and lifetimes. Many studies in the literature have
addressed the cloud resource allocation task with various
methods, from elementary heuristics to complex meta-
heuristic algorithms. Traditional scheduling algorithms,
such as First-Come-First-Served (FCFS), Round Robin,
and Greedy heuristics, are conceptually simpler to imple-
ment and computationally less expensive. However, they are
often unable to manage complex resource requests effective-
ly. In contrast, meta-heuristic methods, such as those based
on the Genetic Algorithm (GA), Ant Colony Optimisation
(ACO), Simulated Annealing (SA), and hybrid models,
have shown higher adaptability to heterogeneous workload
patterns (Jomah & Aji, 2024). However, such methods of-
ten suffer from premature convergence, oversensitivity to
hyperparameter configurations, low computational efficien-
cy, and limited scalability for handling massive data.

Digital twin technology has recently emerged as a prom-
ising paradigm for simulating, controlling, and optimis-
ing complex systems in real time (Aggarwal et al., 2024).
Derived from industry, and first applied in sectors such as
manufacturing, predictive maintenance, and smart energy
systems, digital twins replicate the operational conditions
of physical systems to support predictive analytics, real-time
optimisation, and improved decision-making (Kabir et al.,
2024). Nevertheless, applying digital twin ideas to cloud
resource scheduling for data processing workflows remains
a relatively under-researched area. The complex dependen-
cy relationships among task execution behaviour, resource
consumption patterns, and data locality factors can be cap-
tured by digital twins, providing significant guidance for re-
source scheduling decisions.

In the cloud resource allocation problem, PSO has
demonstrated strong performance in optimising complex
multi-objective problems (Malti et al., 2024). By enabling
the optimisation of different scheduling configurations,
PSO can identify better task-to-resource optimisation to

Karaelmas Fen Miih. Derg., 2026; 16(1):86-100

trade off utilisation and minimise both make span and re-
source utilisation. The parallel nature of PSO algorithms
offers additional benefits when applied in large-scale dis-
tributed cloud frameworks. Although digital twins and
PSO-based methods have attracted increased attention in
the literature, few studies have applied both techniques to
resolve resource allocation problems in cloud-based big data
workflows. Most current work focuses on energy-efficient
scheduling or anomaly detection in cloud systems (Singh &
Chaturvedi, 2024; Ni et al., 2025). However, there are few
efforts to achieve complete performance-oriented schedul-
ing integrated with digital twin modelling.

To address these gaps, this paper introduces a new digi-
tal twin-enabled resource allocation and performance op-
timisation scheme tailored for the Cloud-based complex
data workflows. The proposed approach combines the pre-
dictability features of digital twins with the global search
strength of PSO to address resource allocation for extremely
heterogeneous workloads. We create a set of synthetic yet
realistic workload traces that include task execution profiles,
resource consumption patterns, and data locality. The issue
is formulated to minimise the makespan and includes pen-
alty constraints on prohibited task-resource assignments,

while balancing CPU and memory usage.

We conduct extensive simulation experiments to com-
pare the proposed approach with naive greedy allocation
schemes across various VM settings. Results show that the
PSO-based algorithm significantly outperforms the greedy
scheduler-based method in terms of both makespan reduc-
tion and balanced resource utilisation. In addition, digital
twin modelling provides insight into system behaviour and
will be useful for more intelligent and adaptive resource
management in cloud-based big data.

'The main contributions of this study can be summarised as
follows:

* We propose a digital twin-powered resource allocation
policy for cloud-native data processing workflows, in-
cluding virtual modelling and resource optimisation.

* A PSO-based workload-aware algorithm is used for the
task-to-resource mapping problem in heterogeneous
workloads.

* A novel artificial workload generation is established by
taking task execution time, resource usage pattern, and
data locality into consideration in realistic scheduling.
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*  Comparative simulation experiments have demonstrat-
ed that the proposed PSO-based approach outperforms
greedy allocation methods in reducing the make-span
and balancing resource utilisation.

* 'The proposed model offers a pragmatic and flexible opti-
misation model to act as the grounding for extension of
various facets such as: (i) energy-efficient scheduling, (ii)
SLA fulfilment, and (iii) real digital twin world integra-

tion.
2. Related Work

In cloud computing, the use of digital twin technologies for
resource scheduling and system optimisation has recently
attracted significant interest. Digital twin models enable
the creation of virtual representations of real-world systems,
providing predictive analytics and facilitating adaptive deci-
sion-making (Tao et al., 2019). Qiu et al. (2022) presented
a digital twin-assisted edge computing resource allocation
scheme with an enhanced whale optimisation algorithm to
minimise power usage and optimise resource distribution in
edge networks. Although they have successfully addressed
the edge layer’s energy efficiency, their model does not fo-
cus on big-data processing workflows at the cloud level,
where workload heterogeneity and makespan optimisation
are crucial. Li et al. (2022) proposed a digital twin-based
computing resource management mechanism for vehicular
networks that adopts a two-layer digital twin architecture
to collect dynamic network status and service requirements.
Although they demonstrated scalability and adaptability in
the vehicular cloud, their design remains domain-specific.
It does not directly handle heterogeneous big data work-
loads in most general-purpose cloud data centres. Our work
targets these general-purpose cloud systems, which support
dynamic, mixed workloads.

PSO has been widely adopted for cloud resource alloca-
tion problems due to its simplicity, global search ability,
and insusceptibility to local optima (Kennedy & Eberhart,
1995). Alkayal (2018) utilised multi-objective PSO to op-
timise cloud resource provisioning while considering task
scheduling goals across multiple dimensions. Their work,
however, does not include digital twin models or task-level
workload simulators with execution profiles and data local-
ity, which are essential for capturing realistic workflow be-
haviours. Our contribution is the synergistic combination
of empirical workload modelling with digital twin simu-
lation and materialised optimisation with PSO. Prasad et

al. (2025) proposed a hybrid algorithm based on PSO and
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Grey Wolf Optimisation for cloud task scheduling. Their
work improved load balancing across VMs and reduced task
completion times. However, the lack of workload- and mo-
tion-specific digital representations prevents the modelling
system from capturing features of actual task performance.
We explicitly model task-level resource consumption, exe-
cution time, and data locality in our study, and our schedul-
ing framework is more practical and adaptive.

Saxena & Singh (2025) proposed a self-healing, fault-tol-
erant cloud-based digital twin processing control structure
that focuses on dependability through failure prediction
and resource demand estimation. Although useful for guar-
anteeing system robustness, their model was not aimed at
performance optimisation measures (such as makespan and
resource utilisation balance), which are the core of our work.

In summary, these experiments demonstrate the promise
of digital twin modelling and PSO for cloud resource al-
location. However, most currently available solutions con-
centrate on energy consumption, fault tolerance, or specific
domain workloads, rather than overall performance optimi-
sation. Unlike existing literature, we propose a novel digital
twin-enabled resource allocation framework coupled with
PSO to optimise task-to-resource mapping, accounting for
realistic workload distributions. A synthetic dataset rep-
resenting complex big data workflows is generated, which
includes task execution times, resource utilisation profiles,
and data locality properties. The targeted optimisation of
makespan minimisation in their proposed scheme, coupled
with balanced CPU and memory provisioning at virtual ma-
chine nodes, makes this framework a practical and gener-
alised approach to performance optimisation of cloud-based
big data processing systems. A comparative summary of ex-
isting digital twin-related studies and the distinct charac-
teristics of our proposed framework is presented in Table 1.

3. Methodology and System Design

This section presents the entire process for simulating and
optimising a cloud-based big data processing system pow-
ered by digital twin technology. The model uses real-world
telemetry as input to synthesise the dataset and shape re-
source-aware optimisation criteria, which are used with
PSO and a greedy scheduling baseline. Figure 1 illustrates
the digital twin architecture, where data collected from di-
verse sources are processed within a cloud-based big data
system to enable resource allocation and performance opti-
misation through coordinated twin entities.
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Table 1. Comparison of digital twin-related studies and the proposed work.
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Figure 1. Digital twin framework for workload simulation and resource optimisation.
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3.1.Real-Time Data Collection from Large-scale Cluster

We collected real-time data from a production-scale Ha-
doop cluster with 31 AWS EC2 nodes to obtain realistic
workload patterns. These nodes are configured with differ-
ent (CPU and memory) resources to simulate a heteroge-
neous cloud environment. All nodes ran with SmartMonit
(Demirbaga et al., 2024), a lightweight telemetry agent that

records system metrics with fine-grained detail.

'The monitored metrics included:

* 'The duration of task execution (map, shuffle, reduce)
* CPU and memory usage

* Input data locality flags

* Network traffic and latency

* VM specifications (vCPU and RAM)

The structured logs were used as empirical evidence to cre-
ate an in-control synthetic data set.

3.2. Synthetic Dataset Construction

Based on the observed telemetry, a synthetic dataset was
gained from 25 different experiments containing around
1000 job records, each with the following features:

*  map_time, shuffle_time, reduce_time (seconds)

*  cpu_demand and ram_demand (normalised between 0
and 1)

* dataLocality (1 = data is local to assigned VM, 0 =
remote)

*  total_job_time = map + shuffle + reduce
s assigned_vm and vm_types (configurable VM pool)

To incorporate realism, dataLocality directly affects map
duration. Specifically:

» If dataLocality = 1, then map_time € [25, 35] sec

s If dataLocality = 0, then map_time € [35, 50] sec (due to
network delay)

Similarly, the shuffle and reduce phases were randomly
sampled within controlled ranges based on empirical ob-
servations:

s shuffle_time € [2, 5] sec

*  reduce_time € [5, 9] sec

90

3.3. Problem Definition

In a cloud system, resource allocation is crucial, as it assigns
jobs to available virtual machines (VMs) and optimises
overall system performance. In our problem, performance
is measured by minimising makespan, although balanc-
ing CPU and memory usage is also a secondary objective.
Furthermore, the system should not suffer from a resource
violation, in which a job’s resource demand exceeds the ca-

pacity of its assigned VM.
3.3.1.Job and VM Definitions
Let us define:
* J={j,;jp---»j ) be the set of jobs (tasks), where each job j. is
characterised by:
* T total execution time
. dicpu: CPU demand
« d__:RAM demand

I

1 € {0,1}: data locality indicator (1 if data is local, 0
otherwise)

* V={v,v,,...,v_} be the set of available VMs, each with:
* 1* : CPU capacity

cpu”

« r* :RAM capacity

ral

Each job must be assigned to exactly one VM such that its
resource demands do not exceed the VIM’s capabilities.

3.3.2. Objective Function

'The primary objective is to minimise the makespan M M,
defined as the maximum completion time among all VMs,
as shown in Equation 1:

M= max
vk €V

jieax T (1)

where A, is the set of jobs assigned to VM v,.

'The secondary objective is to maintain balanced resource
usage across the VM pool, defined through the average util-
isation, as indicated in Equation 2:

_ 1om  Zjeag Gepu _
Ucpu = o Lik=1 k ’ Uram -
m Téou (2)

lzm Yjeay dbam

m ~k=1 T#cam

To discourage invalid assignments where a job is assigned
to a VM that lacks sufficient resources, we define a penalty

term Pas in Equation 3:
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P=a-Tjes Udpy > 10 V dlam > ) (3)

where £(i) is the index of the VM to which job j, is assigned,
1(-) is an indicator function returning 1 if the condition is
true and O otherwise, and « is a large constant penalisation
weight.

3.3.3. Combined Cost Function

To combine the goals into a single optimisation criterion,
we define the total cost function C as in Equation 4:

C=M+P (4)

This structure allows the algorithm to prioritise makespan
minimisation while also rejecting infeasible solutions due to
over-allocation.

3.3.4. Data Locality Impact

Data locality plays a direct role in execution time, particu-

larly for the map phase:
« Ifl=1, then timlp ~U(25,35) seconds
+ If1=0, then timap ~U(35,50) seconds

'Thus, the execution time of a job is defined as in Equation

5:
T; = trinap + t.;huffle + t;educe (5)

3.3.5. Optimisation Challenge

The space of solutions is the set of all job-to-VM assign-
ments possible under capacity constraints and optimised
for an imbalanced load. It renders the problem NP-hard,
making metaheuristics like PSO suitable for generating
near-optimal solutions within a reasonable time.

Our proposed model leverages:

* Workload profiles (synthetic) from real workloads de-
rived from system logs,

* Adaptive behaviour resulting from the digital twin sim-
ulation loop,

* An eflicient search method based on PSO does not carry
the limitations of heuristic/greedy-only methods.

Karaelmas Fen Miih. Derg., 2026; 16(1):86-100

4. Proposed Model
4.1. Overview of the Approach

The proposed model combines a workload-aware scheduler
and a digital twin that virtually replicates the task behaviour
observed on the real cluster. The digital twin consumes the
traces of task executions (including the duration of map,
shuffle, and reduce), CPU and memory consumption, net-
work traffic, and data locality, and replays workloads in a
controlled simulation loop that statistically resembles the
traces. For a given task, in this loop, we consider two solv-
ers: (a) a light-weight baseline solver called the Greedy As-
signment Algorithm, and (b) PSO as the main optimiser.
Both solvers minimise the composite objective defined in
Section 3.3.2—namely, the makespan with a penalty term
for infeasible allocations—while we also report CPU and
memory utilisation to assess balance across VIMs.

Design assumptions are as follows: tasks are non-preemp-
tive; each task is placed on exactly one VM a task’s map
time is affected by data locality; CPU and RAM capacities
are hard constraints; the penalty weight a is chosen suffi-
ciently large to discourage violations.

4.2. Greedy Assignment Algorithm

Greedy scheduling is one of the most effective weight-
ing-based heuristics for resource allocation problems. Its
operation involves processing each task and assigning it to
the first suitable virtual machine in the virtual machine set,
based on its CPU and memory demands. This method is
simple, computationally less expensive, and easy to imple-
ment; however, it is myopic, as it does not consider the en-
tire workload distribution and does not aim to minimise the
makespan globally. The greedy algorithm is not presented
as a candidate solution in this study, but it is considered
merely a baseline method. The incentive for this choice is
that we seck a relatively easy and easy-to-reproduce bench-
mark from which the improvements achievable through our
proposed optimisation, article swarm optimisation, can be
assessed.

The greedy baseline in Algorithm 1 initialises the residu-
al CPU and RAM of each VM and sets the completion
time for all tasks to zero. Then it reads the job list once.
For example, the algorithm traverses the VMs in a static
order for each job and selects the VM with the highest idle
CPU and RAM capacity. Once a feasible fit is found, it
records the placement, updates the VIM’s residual capaci-
ties, and increases the VIM’s completion time by the job’s
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Algorithm 1: Greedy assignment for task—VIM mapping

Input: - J: set of jobs; V: set of VMs
- d"cpu i,d  : resource demands of job j,
- r"qm , 1% capacities of VM v,
- T, : total execution time of job j,
Output: n: mapping j, = v,; per-VM completion times C,
// Initialise residual capacities and completion times
2 Jor each VM v in'V do
3 cap ., < r*w 7 Cap, g < o Co<0
4 // Sequentially place each job
5 Jor each job j in'Vdo
6 placed « false
7 Jor each VM v in'V do
8 If dic,m < cap"w andd, <cap,, . then
9 (i) <« k
10 €Cap . < €y d"cpu
11 Cap oy < P gy ~ diram
12 C,<C+T
13 placed < true; Break
14 If placed = false then
15 (i) < L // mark infeasible (penalised in Section 3.3.2)
16 Return r, {C}

processing time. There is no available VM to receive the
job, which is flagged as infeasible and subject to penalisation
(Section 3.3.2). It is a greedy and deterministic approach,
but it is computationally light since it reasons locally and in
sequence; however, it can potentially overload early VMs,
leading to unbalanced utilisation and longer makespan.

4.3. Particle Swarm Optimisation

PSO is a population-based metaheuristic that mimics the
social behaviour of birds and fish. It is widely used to solve
NP-hard scheduling problems and has been adopted in
cloud task scheduling due to its balance between explora-
tion and exploitation (Lin et al., 2019). Its effectiveness
has also been demonstrated in large-scale optimisation sce-
narios, where improved PSO variants achieve stable con-
vergence (Xue et al., 2020). This paper uses PSO as the
original optimiser for a power plant. Each particle contains
an entire mapping of jobs to VMs, and the swarm evolves
through successive updates to these mappings using iner-
tia, personal best, and global best. By employing the objec-
tive function from Section 3.3.2, which incorporates both
makespan and penalty elements, PSO systematically seeks
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efficient solutions. In our simulation environment support-
ing a digital twin, PSO is used to demonstrate how a global
learning-and-adapting optimiser can outperform basic heu-
ristics in minimising makespan and better utilising CPU
and memory resources on heterogeneous VMs, in line with
recent digital twin-driven optimisation approaches (Zhang
etal., 2021).

The formulation follows the standard PSO updates intro-
duced by Kennedy & Eberhart (1995) and later refined
through inertia-weight and constriction strategies (Shi &
Eberhart, 1998; Clerc & Kennedy, 2002). The PSO opti-
miser shown in Algorithm 2 encodes a candidate solution as
an integer vector of size equal to the number of jobs, where
each integer in the vector corresponds to the selected VIM
for that job. The swarm is initialised with random mappings
and velocity vectors set to zero; the fitness of each particle
is then represented as the sum of its makespan and a penal-
ty value for a capacity violation. At each iteration, particles
adjust their velocities based on inertia and follow their own
historical best solution, as well as the global swarm’s best
solution, to advance them by one step in the search space.

Karaelmas Fen Miih. Derg., 2026; 16(1):86-100
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Algorithm 2: PSO for task-VM mapping

Input: - VYV, fitness F(rn)=M + a P(Section 3.3.2)
- swarm_size, max_iter, w (inerfia), c,, ¢, ( cognitive/social)
Encoding:
- Particle position x € { 1, ..., |V] }'V! (index of VM per job)
- Velocity v stored in R and discretised by rounding
Output: - 1": best mapping found (global best)
// Initialise swarm
2 Jor each particle p = 1 ... swarm_size do
3 X, < random integers in [1, \V1] for all jobs
4 v, 0 vector ; evaluate F(xp)
5 pbestp <X,
6 ghbest — argmin, F (xp)
7 // Main loop
8 fort =1 ... max_iter do
9 fort=1... max_iter do
10 // Velocity—position update
11 v, e WY+ c]-r]-(pbestp - xp) + c2-r2-(gbest — xp)
12 X, < round( X, + vp)
13 X, < clip_tO_a’omain(xp, 1, IV1) // repair if needed
14 Evaluate F(x,) // computes makespan + penalty
15 IfF(xp) < F(pbestp) then pbestp —X,
16 ghest « argmin, F(xp)
17 Return gbest as ©*

Since assignments are discrete, updated states are not up-
dated instantly. They are rounded (to the nearest valid VM
ID), clipped to the boundaries, and a lightweight repair is
performed if necessary. The fitness is reconsidered, the pbest
is updated, and the gbest is determined. When the stopping
criterion is fulfilled, the best global mapping is given. In
contrast to the greedy algorithm, PSO balances exploration
and exploitation to escape poor local optima and drive the
search to lower makespan with more balanced CPU/RAM
scheduling.

In selecting the PSO hyperparameters, we first considered
the parameter ranges commonly adopted in prior optimisa-
tion studies. To validate the robustness of our configuration,
we conducted a sensitivity assessment using w € {0.3, 0.5,
0.7} and c1, c; € {1.0, 1.5, 2.0}. The results showed that w =
0.5 and ¢; = ¢; = 1.5 deliver the most stable convergence be-
haviour while preserving adequate swarm diversity. Param-
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eter settings with excessively high acceleration coefficients
(22.0) resulted in oscillatory swarm motion, whereas lower
inertia weights (<0.4) accelerated premature convergence
and reduced search coverage. Therefore, the adopted con-
figuration represents a balanced and empirically validated
choice aligned with PSO convergence theory and practical
recommendations.

4.4. Implementation Details

The model is written in Python, with simulations and data
manipulation performed with NumPy and Pandas, and
plotting with Matplotlib. The digital twin replays task pro-
files from the SmartMonit traces to maintain the observed
distributions for execution times, resource demands, and
data locality. The cost function C=M+aP of Section 3.3.2 is
uniformly used in the two solvers. Unless otherwise stated,
PSO parameters are set to: swarm size = 50, iterations =

100, w = 0.5, ¢,= ¢, = 1.5. The penalty weight is taken to be a
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= 1000 x maxiTi to heavily penalise violations while retain-
ing a scaling that makes span and other large constants of
the same order work as well. The termination criteria are ei-
ther the number of iterations or a patience mechanism that
does not improve the global best within a fixed window. All
experiments are conducted with the same digital twin seeds
to ensure fair, repeatable comparisons between greedy and

PSO.
4.5. Baseline Comparison with Greedy Allocation

A greedy allocation algorithm was used as a benchmarking
method, which iterates over the job list in random order
and schedules each job to the first VM whose residual CPU
and memory capacity are sufficient for the job request. This
method is efficient in terms of time (time complexity O(|-
JI-IV])), but naive from an algorithmic perspective. It does
not consider optimisation principles, such as load distribu-
tion among VMs or minimising the makespan.

In our framework, greedy allocation is also used as a refer-
ence to compare and validate the performance of the devel-
oped PSO algorithm. The comparison is made based on the
following performance parameters:

*  Makespan: The overall elapsed time until the last job
finishes is computed with greedy and PSO allocations.
Due to its local decision-making, the greedy method
overcommits some early VMs and undercommits others,
resulting in a higher makespan more frequently.

* CPU Utilisation: We measure the percentage of CPU
time taken on each VM. Greedy allocation often results
in inhomogeneous utilisation distributions, with some

VMs overloaded and others underloaded.
*  Memory Efficiency: We also monitor the RAM usage.

Since greedy ignores balancing strategies, memory re-
sources could be distributed and fragmented across all
VDMs, decreasing effective utilisation.

The systematic exploration of PSO for greedy allocation
across these dimensions demonstrates the efficacy of our
proposed mechanism in terms of efficiency (makespan) and

balance (CPU/RAM utilisation).
4.6. Digital Twin System Integration

We use an optimisation integrated in a digital twin of the
to-be-learnt cloud system. The digital twin receives as input
telemetry streams—task execution traces, CPU and memo-
ry usage, network bandwidth consumption, and data locali-
ty characteristics—collected from an actual Hadoop cluster.
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These input streams are pre-processed and played in the
virtual model, synchronised with the physical system at the
workload state and VM resource profile levels.

We continue these arguments in the next subsection, ex-
plaining that adding the digital twin would also support
three key functionalities:

1. Performance Prediction under Unseen Workload:
Synthetic workloads generated statistically from real
traces enable the digital twin to perform performance
prediction for various workloads unseen by the actu-
al system. Load spikes or changes in data proximity
can, for example, be simulated before they occur.

The adaptive twin
self-modifies its internal models based on the real

2. Adaptive Optimisation:

systems’ current telemetry. The PSO scheduler can
re-focus its work assignments as the workload fluc-
tuates. These adaptive properties enable the optimis-
ation to be used in cases of limited workload homo-
geneity and dynamic demand.

3. Scenario Testing for Orchestration Strategies:
The digital twin is the sandbox to play with what-if
scenarios, such as adding new VM scaling policies,
introducing heterogeneous VM types or restructur-
ing data placement strategies — effectively, the frame-
work acts as a schedule optimiser for proactive cloud
orchestration.

To elaborate further on the integration workflow, we high-
light that the digital twin is updated with up-to-the-minute
telemetry from the physical cloud cluster via the Smart-
Monit monitoring pipeline. The metrics to be fed into the
twin, such as task execution time, CPU and memory us-
age, network latency, and data locality, are also added to the
twin in a regular updating cycle. Such live updates update
the virtual system state and workload distributions, there-
by bringing the synthetic environment up to date with the
physical one. Whenever the digital twin detects significant
differences in workload intensity, resource saturation, or lo-
cality behaviour, the PSO optimiser is triggered to recom-
pute and then replay the scheduling on the updated state,
enabling the simulation to surpass static offline scheduling
and perform adaptive, feedback-driven optimisation, there-
by enhancing the operational connection between simula-
tion and reality.

By incorporating optimisation, the developed model goes
beyond static offline scheduling. It produces a dynam-
ic, autoregressive decision-making loop that accounts for
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workload variability and resource heterogeneity, making it
practically implementable for the management of real cloud
systems.

5. Results and Discussion

In this section, we present the analysis of the experimen-
tation results generated by our digital twin-based cloud
resource allocation framework. They measure performance
based on several factors: job completion times, workload
phase distribution, resource usage, and VM utilisation. In
this section, we compare the greedy-based allocation to the
optimal allocation and reveal their trade-offs. Each figure is
accompanied by a description to provide an intuitive inter-
pretation of workload characteristics, algorithm effective-
ness, and cloud workload management optimisation.

Such influence of data locality on map task run time is illus-
trated in Figure 2. When executed on non-local nodes (i.e.,
data are moved from source to destination), the map phase
is significantly slower than before, as is local execution. This
is a theoretical expectation in a distributed setting due to the
overhead introduced by network transfer for non-local exe-
cution, which results in higher latency. On the other hand,
the transmitted data is small since local execution is moved
off, and thus computation time is low; processing time and
performance predictability become more favourable. These
results demonstrate that data locality is crucial for big-data
processing in the cloud, and even a small additional map
time can be significant across thousands of tasks, magnify-
ing the effect. Our digital twin system explicitly models this
effect to realistically capture workload dynamics, whereas
abstract schedulers often overlook it.

Figure 3 shows the run-time distributions for the three crit-
ical stages of big data processing: map, shufle, and reduce.
'The shuffle and reduce phases are also well clustered, with
low variance, indicating that Python is lightweight and has
predictable performance. Yet, the map phase exhibits a wide
spectrum with two evident peaks for local and non-local
runs. This bimodal pattern arises from data locality, which
causes non-local execution to incur higher network latency.
'The contrast in map performance highlights the importance
of the map stage in achieving workload efficiency. Realising
these heterogeneous distributions in our digital twin model
enables us to appropriately simulate cloud workflows, there-
by increasing the applicability of optimisation methods that
can leverage it.

'The distribution of CPU and RAM requirements for sub-
mitted jobs jointly is plotted in Figure 4. This scatter plot
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with density contours shows that almost all jobs are located
at or near medium-demand levels (i.e., approximately half
of the total available vCPU and RAM capacity). However,
fewer employees (though still some) have significantly exces-
sive CPU or RAM usage — outliers that cause more sched-
uling trouble for us. This diversity emphasises the sched-
uling challenge in cloud systems: it is hard to serve a high
volume of modest-demand jobs while avoiding corner cases
that can overload resources. The digital twin plant evaluates
scheduling approaches for workload variation to replicate
such realistic demand profiles. The presence of overlapping
density regions provides the rationale for high-performance
heuristics (e.g., PSO), self-tuning application profiles, and
adaptively overlaying them on heterogeneous VM capabili-
ties to utilise resources.

Figure 5 shows the makespan of the greedy baseline and
PSO. The greedy algorithm achieves a significantly lower
completion time than PSO, with a 44.7% improvement, by
assigning tasks to primary VM at the earliest available slot
in their lifetimes. This improvement is due to PSO’s abil-
ity to search the space globally: a task is evenly distributed
across multiple machines rather than concentrated on a few
nodes. PSO does not fall into any bottlenecks because it
can and does consider execution profiles or resource limits.
The result confirms the applicability of optimisation-driven
schedule construction to digital twin environments, where
fine-grained modelling of task characteristics enables more
informed resource management. These results indeed verify
the reduction in total execution time achieved by PSO and
its ability to enhance the scalability and efficiency of large-

scale cloud workflows.

The total completion time of all the VMs under greedy
scheduling and PSO is depicted in Figure 6. The greedy dis-
tribution is highly unbalanced, with nearly all jobs assigned
to VM3 and only a few underloaded on VM1. As men-
tioned before, this unfairness results in a high makespan
because heavy loads create a bottleneck on the machines.
In comparison, PSO provides a more balanced load alloca-
tion by assigning jobs to all available VMs; thus, both VM1
and VM2 contribute equally to job processing, with VM3
contributing equally. Overall, it means resources are utilised
more efficiently; that is, fewer resources become idle, result-
ing in better system throughput. Our results also verify that
not only is the JIT scheduling important for the purpose of
minimising makespan, but it’s crucial to ensure symmetric
load distribution so that imbalance and over subscription
can be avoided, or otherwise will incur high cost in losing
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performance, dissipating this undesirable electrical waste
occurring in commercially-deployed real-world cloud archi-
tectures.

We also compare CPU and memory utilisation between
greedy and PSO scheduling, as shown in Figure 7 and Fig-
ure 8. This greedy approach causes VM1 to be underutilised
and VM3 to be overloaded, resulting in unbalanced utilisa-
tion, which extends the utilisation time and leads to stale
systems. PSO, however, yields a more uniform distribution
because it effectively balances processor demands and vir-
tual-machine capacities through its global search. This re-
sults in flatter usage across all VMs, avoiding underutiliza-
tion and minimising the chance of hotspots. These results
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validate that PSO not only minimises makespan but also
enhances overall system performance by providing more
balanced and adaptive resource scheduling.

We note that the performance gaps between PSO and
the greedy strategy are only moderate in our experiments.
However, this is driven by the uniformity of the workload
assumptions and their execution-time ranges, which limits
the maximum optimisation potential. Moreover, the penal-
ty term is deliberately constructed to discourage aggressive
exploration of infeasible or highly imbalanced mappings,
thereby establishing a natural limit on the magnitude of
possible improvements. In these balanced environments,
PSO continues to offer benefits from both exploratory and
CRD perspectives, but it is unlikely that very large gains will
be achieved.

Figure 9 illustrates the job migration matrix, comparing task
assignments under the greedy baseline with those generated
by PSO. A considerable number of jobs initially assigned
to VM3 by the greedy algorithm are redistributed by PSO
to other VM, particularly VM2, thereby reducing overload
on a single node. Moreover, jobs that were marked as “un-
suitable” under greedy allocation—because no VM satisfied
their resource requirements—are successfully assigned to
VM1 by PSO. This demonstrates the optimisation algo-
rithm’s capacity to explore a wider search space and identify
feasible placements that greedy scheduling overlooks. By
redistributing workloads and recovering infeasible alloca-
tions, PSO not only achieves lower makespan but also en-
sures higher resource utilisation and system stability. These
results emphasise the added value of optimisation-driven
scheduling, which enables more adaptive and reliable task-
to-VM mapping in heterogeneous cloud environments.

Comparisons of renewable generation scheduling results
based on greedy allocation and PSO are given by Figure 10
and Figure 11. In the greedy case (see Figure 10), tasks are
not assigned evenly, likely resulting in VM1 being starved
and receiving only light tasks, significantly fewer than the
other two VMs, which receive heavily saturated tasks.
This mismatch is at the root of bottlenecks, as overload-
ed machines delay job completion, thereby extending the
makespan. On the other hand, the PSO schedule snapshot
(Figure 11) shows a uniform distribution of jobs across the
three VMs. Every VM is utilised effectively at all times,
avoiding idle time, and no machine becomes a performance
bottleneck, indicating the advantage of the PSO algorithm
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Figure 10. Greedy
schedule snapshot.
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in exploring a larger scheduling space to perform load bal-
ancing. Consequently, the system throughput increases and
the execution latency decreases.

Figure 12 shows the convergence performance of the PSO
algorithm in solving the task—VM allocation problem. The
global best cost, a combination of makespan and penalties,
decreases rapidly in the first iterations, indicating that the
initial random solutions are explored thoroughly and then
improved efficiently. After 5-10 iterations, the curve sta-
bilises, and the swarm converges towards an optimal or
near-optimal solution. This result demonstrates the effec-
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schedule snapshot.

tiveness of PSO for searching the intricate solution space
of heterogeneous workloads while preserving the feasibility
and performance optimisation.

6. Conclusion and Suggestions

In this paper, a digital twin-assisted optimisation frame-
work is developed for resource allocation of cloud-based big
data workflows. We simulated a complex system by mod-
elling workloads in terms of execution time, resource con-
sumption, and data locality, building a virtual environment
that reflects the nuances of the concrete systems. In this
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environment, we employed a PSO-based approach to tack-
le the task-to-resource assignment problem and compared
its behaviour with an allocation policy that greedily assigns
homogeneous tasks. The experimental results demonstrated
that the presented method yielded a better balance between
declining solvespan and workload distribution than previ-
ous methods, thereby improving overall resource utilisation.
'The PSO algorithm was more effective at ensuring optimal
utilisation of all jobs across VMs, while sparing resources.
On the other hand, a greedy schedule concentrates jobs on
VMs and makes the resources inefficient.

'The results show that combining digital twin modelling and
meta-heuristic optimisation can mitigate production issues
arising from heterogeneous, dynamic cloud workloads. In
contrast to previous techniques tailored to specific scenarios
(such as energy conservation, error recovery, or application
domains), our current framework is comprehensive and suit-
able for cloud computing. The combination of simulation/
optimisation/performance analysis within a single digital
twin will enable predictive capabilities for simultaneously
considering proactive resource management options. Prac-
tically, the digital-twin-driven PSO scheduler presented in
this paper can be deployed in actual cloud systems by in-
corporating the optimisation module into existing autoscal-
ing or scheduling pipelines. As the twin runs on real-time
telemetry, it can integrate with monitoring services, such
as AWS CloudWatch or Azure Monitor, to drive adaptive
rescheduling, offering a viable deployment option without
requiring changes at the infrastructure level.

In the future, we will aim to scale our evaluation by studying
larger and more diverse cloud infrastructures using real pro-

Karaelmas Fen Miih. Derg., 2026; 16(1):86-100

duction workload trace data. The optimisation framework
can also be extended to include other explicit concerns, such
as energy and carbon, to make it more relevant to green
computing. Another exciting route ahead is integrating PM
and abnormal injection features into a digital twin, which
can facilitate scheduling optimisation, predict and prevent
breakdowns.
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