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Abstract

The increasing integration of cyber-physical systems (CPS), Industrial Internet of
Things (IlIoT), and real-time analytics has transformed conventional manufacturing
environments into intelligent, data-driven smart factories. However, dynamic
production planning in such environments remains a complex multi-objective problem
characterized by stochastic demand, machine variability, resource constraints, and real-
time disturbances. This research proposes a simulation-driven optimization framework
for dynamic production planning in cyber-physical smart factories. The framework
integrates discrete-event simulation, digital twin modeling, and metaheuristic
optimization to enable adaptive decision-making under uncertainty. A closed-loop
architecture is developed wherein real-time shop-floor data continuously update
simulation models, allowing predictive evaluation of alternative production schedules.
Multi-objective optimization algorithms are employed to simultaneously minimize
makespan, operational cost, and energy consumption while maximizing resource
utilization and system robustness. The proposed methodology is validated through
experimental scenarios reflecting high-mix, low-volume manufacturing conditions.
Results demonstrate significant improvements in scheduling flexibility, resilience to
disruptions, and overall production efficiency compared to static planning approaches.
The study contributes a scalable and computationally efficient decision-support
framework that aligns with Industry 4.0 paradigms, enhancing operational intelligence
and strategic responsiveness in next-generation smart manufacturing ecosystems.
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1. Introduction

The global manufacturing landscape is witnessing an unprecedented shift as industries
embrace the principles of the Fourth Industrial Revolution, commonly known as
Industry 4.0. The integration of advanced technologies—such as Industrial Internet of
Things (IIoT), cyber-physical systems (CPS), artificial intelligence (AI), smart sensors,
big data analytics, and edge/fog computing—has fundamentally transformed how
production systems operate, communicate, and respond to dynamic changes [1].

Digital Thin fOptimization Adaptive
Simulation 1 Engine foduction Plan

5
?

RealTime Data
Acquistion

Figure-1: Simulation-Driven Optimization Workflow

Smart factories, the ultimate realization of the industry 4.0 vision, aim to achieve a
highly flexible, interconnected, and autonomous manufacturing environment capable
of customizing production processes in real time while ensuring sustainability and
operational excellence [2].

Complex engineered and socio-technical systems such as smart manufacturing lines,
logistics networks, energy systems, and healthcare operations exhibit strong nonlinear
behavior, stochastic disturbances, and intricate interdependencies among system
components as mentioned in figure 1. In such environments, classical optimization
techniques based on closed-form analytical models or simplified assumptions often fail
to represent real operational conditions, resulting in solutions that are either infeasible
or highly sensitive to uncertainty. Simulation-driven optimization (SDO) addresses this
challenge by embedding optimization algorithms within a simulation environment that
accurately captures system dynamics and randomness.

Despite considerable advancements in automation and digitalization, production
planning and scheduling remain among the most complex and critical functions in
manufacturing enterprises [3]. Decisions related to allocation of resources, sequencing
of jobs, optimization of material flow, and handling of machine breakdowns
significantly influence key performance indicators (KPIs) such as throughput, cycle
time, energy efficiency, and customer satisfaction [4]. Traditional production planning
models are predominantly static, pre-defined, and based on deterministic assumptions
[5]. These approaches function effectively only under predictable environments.
However, modern manufacturing increasingly operates under conditions characterized
by:

e Sudden order fluctuations and shorter product life cycles.
e High-mix and low-volume production requirements.
e Uncertainties in supply chain availability.

e Machine performance variability and unexpected breakdowns.Workforce
resource variability and skill distribution.

e  Sustainability-driven constraints on energy and waste
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As aresult, static planning strategies fall short in addressing real-time disturbances and
cannot provide actionable intelligence for rapidly evolving shop-floor conditions [6].
Consequently, manufacturing systems suffer from efficiency losses, production delays,
increased operational costs, and reduced competitiveness.

To overcome these challenges, researchers and industries have turned their attention
toward intelligent, adaptive, and data-driven production planning methods [7]. A
promising pathway toward adaptability lies in simulation-driven optimization, where
real-time data and virtual system models are tightly integrated to evaluate and refine
operational decisions before they are executed physically [8]. This paradigm leverages
simulation techniques such as Discrete Event Simulation (DES) and Digital Twins
(DTs) to represent the current behavior of manufacturing processes with high fidelity
[9]. DTs function as continuously updated, virtual counterparts of physical shop floors,
capturing variations in material flow, system utilization, and performance deviations.
By enabling continuous synchronization between physical and virtual environments,
they support predictive analytics, scenario testing, and proactive decision-making [10].

However, simulation alone does not provide optimal responses to fluctuating
manufacturing conditions. Thus, the integration of metaheuristic optimization
algorithms—including Genetic Algorithms (GA), Particle Swarm Optimization (PSO),
Tabu Search, and Ant Colony Optimization (ACO)—is necessary to explore vast
solution spaces and solve complex multi-objective scheduling and planning problems
[11]. When simulation and optimization operate in a closed feedback loop, decision-
making becomes iterative, proactive, and capable of dynamically adapting to
disturbances as they occur [12]. This emerging methodology leads to the creation of
self-optimizing production systems and supports Manufacturing-as-a-Service (MaaS)
and autonomous control architectures under Industry 5.0 visions [13].

This research emphasizes the development of a simulation-driven optimization
framework for adaptive production planning in smart factories [23]. The main
contributions of this work include:

Designing an integrated architecture that connects real-time data acquisition, Digital
Twin modeling, and multi-objective optimization algorithms for dynamic and
autonomous planning [24].Implementing a feedback-driven decision loop enabling
rapid rescheduling, resource balancing, and operational performance improvement in
response to real-time disruptions [25].

Demonstrating the effectiveness of the approach using a smart machining cell testbed
under high variability conditions [26].Evaluating performance through key
manufacturing KPIs such as makespan, energy consumption, cost efficiency, and
delivery reliability.

By addressing the gaps in existing research—particularly the limited adaptability of
optimization under uncertain and volatile environments—this work advances
intelligent manufacturing frameworks towards a resilient and future-ready production
ecosystem [14]. The proposed solution aligns with industrial priorities such as mass
personalization, digital continuity, and sustainability compliance, while also supporting
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strategic transformations to Industry 5.0 through deeper human—machine collaboration
and cognitive automation [27].

2. Literature review

Smart manufacturing research has emphasized three major roadmaps:

2.1 Production Planning in Smart Factories

Recent studies focus on real-time scheduling, demand-driven planning, and Al-based
system control [15]. However, most optimization approaches lack robust validation
against realistic disturbances, reducing their industrial applicability.

2.2 Digital Twin-Enhanced Decision Models

Digital Twins provide virtual replicas of physical systems with bi-directional data flow
for prediction and diagnosis. Although effective for monitoring and simulation, few
existing frameworks fully couple Digital Twins with optimization algorithms for live
planning [16].

2.3 Metaheuristic Optimization for Dynamic Scheduling

Algorithms such as Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and
Ant Colony Optimization (ACO) have been widely applied to production scheduling.
Nevertheless, their performance strongly depends on accurate and timely system state
information, which traditional data systems struggle to provide [17].

The research gap thus lies in integrating real-time simulation validation with
autonomous optimization feedback loops to achieve adaptive planning in volatile
manufacturing environments.

Table 1: Literature review table based on previous year research paper

Author & Year | Key Contribution Identified Research Gap

. Defined CPS and data- . . . .
Monostori, 2018 . . Did not integrate real-time adaptive
driven manufacturing

[1] framework scheduling or optimization loops
Introduced 1 d CPS

Lee etal., 2015 Hroduee a.yere . Lack of production planning case
structure for intelligent . ) ..

[3] . studies in volatile conditions
production

Tao et al., 2018 Digital Twin model for Optimization not tightly coupled

[9] predictive control with live simulation
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Negri et al., Comprehensive DT Limited focus on dynamic

2019 [2] taxonomy and applications | scheduling with DT

Stock &Seliger, | Performance improvement | No adaptive decision-making for
2016 [5] through smart technologies | sustainability objectives

Leitdo, 2019 [7]

Autonomous agent-based
schedulingconcept

Scalability issues in large-scale
planning

Wang et al.,
2019 [8]

Enhanced optimization
accuracy for dynamic tasks

Poor validation against real
industrial

disturbances

Mourtzis, 2018
[18]

Coupled simulation for
improving scheduling
strategies

Does not employ real-time data
feedback loop

Qian& Liu, 2021
[19]

Hybrid optimization to
reduce energy use

Limited operational adaptability
under fluctuating workloads

Zhang et al.,
2019 [16]

Method to handle
scheduling uncertainty

Model complexity rises
exponentially; requires simulation

support

Hanafi et al.,
2020 [14]

Improved searching
capability in complex tasks

No continuous synchronization
with shop-floor systems

Harrison et al.,
2021 [15]

Enhanced system agility
via modular production
lines

Absence of predictive simulation
insights

Salah et al., 2020
[10]

Cloud-connected
manufacturing for
monitoring

Real-time planning decisions still
limited

Wang, 2021 [22]

Demonstrated sensor-
based adaptive control

Did not address multi-objective
scheduling

Ozung, 2021 [6]

Scheduling improvements
in variable environments

No integration with digital
simulation environments

Wiederkehr et
al., 2020 [17]

Improved responsiveness
to disruptions

Lack of optimization-driven
planning validation
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Tao et al., 2019 | Lifecycle-based prediction

Shop-floor operational optimization

[21] using DT not covered
Saderova et al., Increased on-time delivery | No DES integration for
2022 [20] using smart planners performance testing

Highlighted simulation as | Does not close the loop for
Garetti et al.,

evaluation tool autonomous decisions
2013 [11]
Lietal., 2021 Improved flexibility in Still relies on pre-planned
[22] production resource use schedules, not adaptive

3. Materials and methods
3.1 Proposed Framework Overview
The proposed simulation-driven optimization architecture consists of:

3.1.1 Data Acquisition Layer

IloT-enabled sensors capture machine utilization, processing times, work-in-progress

(WIP), energy usage, and disturbances.

3.1.2 Digital Twin Layer

A real-time Digital Twin replicates factory operations using DES-based models.

3.1.3 Optimization Layer
A multi-objective metaheuristic optimizer minimizes:
e Makespan
e Total production cost
e  Energy consumption
e Delay impact on order fulfillment
3.1.4 Feedback Control Layer

Simulation results guide the optimizer and update real-time production plans.
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3.2 Workflow

3.2.1  Extract system state S(t) from IIoT devices

3.2.2 Simulate different planning strategies in DT environment
3.2.3  Evaluate using performance indicators

3.2.4  Optimize and select optimal planning action A(t)*
3.2.5  Deploy to shop-floor execution

3.2.6  Continuously loop and adapt to new conditions

3.3 Test bed Configuration

A benchmark smart machining cell was used as an application case:
3.3.1  CNC milling center + robotic arm transportation

3.3.2 12 customizable product variants

3.3.3  Cloud-connected MES system

Production
Plan Execution

\

Monitoring &
Performance Analysis

Parameter
Adjustment

Figure-2: Adaptive Production Planning Feedback Loop
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Modern manufacturing systems operate in environments characterized by volatile
demand, frequent product customization, machine reliability issues, and increasingly
interconnected supply chains as mention in figure 2. Under such conditions, static
production plans generated at fixed intervals quickly become obsolete, leading to
inefficiencies such as excessive work-in-process inventory, missed delivery deadlines,
and suboptimal resource utilization. To address these limitations, adaptive production
planning introduces a continuous feedback loop that enables dynamic plan adjustment
in response to real-time system states and external disturbances.

An adaptive production planning feedback loop integrates sensing, analytics, decision-
making, and execution into a closed-loop control structure. By continuously monitoring
the production environment and updating planning decisions accordingly, the system
transitions from reactive scheduling to proactive and self-correcting operational
control.

4. Results and discussion

4.1 Performance Evaluation

The proposed approach was compared with:
e Traditional static scheduling (baseline)
e Real-time dispatch rule scheduling

Table 2: Performance Evolution

Performance Baseline Dispatch Proposed
Metric Rule System
Makespan o o
Reduction — 12.4% 28.7%
Delivery o o o
Reliability | 547 89% 7%
Energy . — 4.8% less 14.6% less
Consumption

Computational High but
Overhead Low Moderate acceptable

4.2 Robustness to Disturbances

Simulated machine failure scenarios demonstrated as 35% faster recovery time.Order
rescheduling achieved with minimal human intervention
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4.3 Industrial Implications

Supports mass-customization strategies.Reduces production and downtime cost.
Improves operational sustainability. The interactive nature of the feedback loop enables
the system to continuously learn and refine decision-making, paving the way for
autonomous manufacturing.

5. Conclusion

This research has demonstrated that simulation-driven optimization provides a robust
and practical foundation for addressing the inherent complexity of dynamic production
planning in cyber-physical smart factories. Traditional planning approaches, which rely
heavily on static assumptions and simplified system representations, are increasingly
inadequate in environments characterized by real-time data flows, stochastic
disturbances, and tightly coupled physical and digital components. By embedding
optimization within a high-fidelity simulation environment, the proposed approach
enables planning decisions to be evaluated under realistic operational conditions before
deployment, thereby significantly improving decision reliability and system
performance.

The integration of cyber-physical systems, industrial Internet of Things infrastructure,
and digital production models allows continuous synchronization between the shop
floor and the planning layer. This connectivity transforms production planning from a
periodic, reactive activity into an adaptive and proactive control process. Through
iterative interaction between simulation and optimization modules, the framework
effectively captures nonlinear system behavior, resource interdependencies, and
uncertainty arising from machine failures, demand variability, and material supply
disruptions. The resulting production plans exhibit superior robustness, reduced
makespan and order tardiness, improved resource utilization, and enhanced energy
efficiency when compared with conventional rule-based or deterministic scheduling
strategies.

Beyond performance gains, this work contributes a structured methodological
paradigm for the systematic design and deployment of simulation-driven optimization
in real manufacturing environments. The modular workflow architecture supports
scalability across different factory sizes and product types, while remaining flexible
enough to accommodate heterogeneous data sources and evolving production
constraints. Importantly, the proposed framework aligns with the core principles of
Industry 4.0 by enabling data-driven autonomy, decentralized decision support, and
continuous learning within production systems.

In summary, simulation-driven optimization represents a critical enabling technology
for next-generation production planning in cyber-physical smart factories. Its ability to
unify realistic system modeling with intelligent search and real-time data integration
offers a pathway toward resilient, efficient, and self-adaptive manufacturing operations.
Future advancements in surrogate modeling, parallel simulation, and machine learning-
based optimization are expected to further enhance its computational efficiency and
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decision quality, reinforcing its role as a cornerstone of intelligent manufacturing
system design.
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