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Abstract: In the current global economy, where rapid changes and constantly shifting market de-

mands define the competitive landscape, adaptive manufacturing systems become essential for 

businesses striving to remain relevant and efficient. In the context of this growing need, this study 

focuses on planning as a part of adaptive manufacturing system. This methodology provides a sys-

tematic framework that spans from foundational groundwork to meticulous verification and vali-

dation phases. By employing advanced simulation techniques, seamless data integration, and pro-

cess optimization, this methodology ensures the smooth realization of robust and efficient adaptive 

manufacturing systems. A detailed case study on competency islands showcases the versatility of 

this approach, demonstrating its efficacy in enhancing manufacturing agility and overall perfor-

mance. As a significant contribution to the field of smart manufacturing, this methodology offers a 

structured blueprint for the realization of adaptive manufacturing systems. 
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1. Introduction 

In the rapidly evolving landscape of Industry 4.0, the concept of adaptive manufac-

turing systems has gained significant a�ention. These systems exhibit a high degree of 

flexibility and responsiveness, enabling seamless adjustments to changing production re-

quirements. A pivotal tool in the design and analysis of such systems is the creation of a 

comprehensive digital model [1–3]. 

The digital model serves as a virtual representation of the adaptive manufacturing 

environment, incorporating various elements such as production processes, resources, 

and decision-making logic, and allows dynamic simulations, optimization, and real-time 

monitoring, facilitating informed decision-making and system refinement [4,5]. 

As the manufacturing landscape continues to evolve towards greater adaptability 

and intelligence, one of the challenges lies in the complexity of real-world manufacturing 

environments, which can involve intricate interdependencies and uncertainties that might 

not be fully captured by the digital model. 

The development of adaptive manufacturing systems is driven by the need to re-

spond quickly and effectively to changing market demands and production requirements 

[6]. These systems are characterized by their ability to adapt to new situations and condi-

tions in real time, allowing for greater flexibility and responsiveness in production pro-

cesses. The creation of a digital model is an essential tool in the design and analysis of 

such systems, providing a virtual representation of the manufacturing environment that 

can be used for simulation, optimization, and real-time monitoring [7–9]. 

The digital model incorporates various elements of the adaptive manufacturing sys-

tem, including production processes, resources, and decision-making logic. By accurately 

representing these elements in the model, it is possible to simulate different scenarios and 
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evaluate their impact on system performance. This allows for informed decision-making 

and system refinement, enabling practitioners to design and manage adaptive manufac-

turing systems more effectively. The fusion of digital models, simulation models, and 

adaptive manufacturing systems holds immense significance in the contemporary indus-

trial landscape. The purpose of integrating these components is to revolutionize the way 

manufacturing is conceived, executed, and optimized [10–12]. 

Risk mitigation and cost efficiency: Developing and implementing manufacturing 

systems involves substantial investments. By identifying and rectifying issues before 

physical implementation, manufacturers can significantly reduce the risks associated with 

costly design flaws and operational disruptions [13,14]. 

Accelerated innovation: The synergy between digital models, simulation tools, and 

adaptive manufacturing fosters a culture of innovation. This accelerates the innovation 

cycle, allowing companies to introduce innovative products and processes with greater 

speed and confidence [15–17]. 

Enhanced flexibility: Adaptive manufacturing systems thrive on flexibility. The inte-

gration of digital models and simulations empowers manufacturers to evaluate the impact 

of changes on their systems without disrupting ongoing operations. This flexibility ena-

bles agile responses to market shifts, production fluctuations, and unforeseen challenges 

[18,19]. 

Optimized resource utilization: A key goal of adaptive manufacturing systems is op-

timal resource allocation. Digital models and simulations provide insights into resource 

usage pa�erns, allowing for the identification of underutilized assets and processes. This 

optimization reduces waste, enhances energy efficiency, and improves overall sustaina-

bility [20]. 

Data-driven decision-making: In the context of Industry 4.0, data serves as a critical 

asset. The plethora of data generated by digital models and simulations becomes a valua-

ble resource for guiding decision-making processes [18]. By analyzing these datasets, 

manufacturers can gain deeper insights into performance trends, system behaviors, and 

potential areas for improvement. Embracing cloud-based IoT technologies further ampli-

fies the data-driven decision-making capabilities by providing real-time analytics and sys-

tem controls, allowing manufacturers to dynamically adapt to various production scenar-

ios and optimize resource allocation [21]. 

Competitive advantage: Companies that can swiftly adapt to changing circumstances 

and meet customer demands with precision gain a significant edge in the market. This 

adaptability enhances customer satisfaction and brand reputation [22]. 

Continuous improvement: Manufacturers can iterate on their digital models, fine-

tuning simulations based on real-world data and outcomes [23]. This iterative approach 

results in progressively refined systems that achieve higher levels of efficiency and effec-

tiveness [24]. 

The integration of digital models, simulation models, and adaptive manufacturing 

systems embodies a transformative force in manufacturing [25]. It empowers companies 

to anticipate challenges, optimize operations, and stay at the forefront of technological 

advancements. By fostering innovation, flexibility, and data-driven decision-making, this 

convergence paves the way for a new era of manufacturing excellence in the dynamic 

landscape of Industry 4.0 [26,27]. Beyond technological gains, this integration leads to tan-

gible business outcomes, such as increased performance, enhanced quality, and elevated 

efficiency, which directly contribute to a company’s economic viability and competitive 

edge [28]. 

Drawing insights from available literature, the characteristics of adaptive manufac-

turing systems (AMS) can be delineated based on criteria like autonomy, self-organiza-

tion, and reconfigurability. The conventional perception of the manufacturing system as 

an amalgamation of manufacturing rules, as posited by prior researchers, faces limitations 

in practical application due to the lack of technological support at the time of formulation 

[29]. In light of contemporary research on self-adaptive manufacturing with digital twins, 



Appl. Sci. 2023, 13, 10706 3 of 25 
 

the technological advancements now offer new dimensions of real-time adaptability and 

system dynamics, thereby overcoming the limitations faced by traditional AMS frame-

works due to previously lacking technological support [30].  

Given the intricate nature of the solution, the implementation of an adaptive manu-

facturing system is primarily for specific production categories, as further elaborated in 

the design segment. The human aspect profoundly impacts the success of incorporating 

adaptability into the manufacturing system, given the integration of new technical tools 

necessitating appropriately skilled personnel [31,32]. The amalgamation of digitalization 

and the digital production model stands as a pivotal constituent in the construction of an 

AMS to meet its criteria. Simulation of logistics can be achieved in many ways, especially 

with a focus on logistics elements [33,34]. Leveraging software aid and the theory of an 

adaptive manufacturing system, it becomes viable to craft a digital model of an AMS. The 

comprehension of simulation software is indispensable in this endeavor, as it entails en-

capsulating the fundamental elements of an AMS [26,35].  

The creation of a digital model for an adaptive manufacturing system holds signifi-

cant importance in achieving optimized collaboration between humans, information sys-

tems, and physical systems. This digital model offers an overview of operations and sup-

ports ongoing continuous improvement initiatives within the real system. Digital model-

ing and simulation technology play a crucial role in manufacturing systems, enabling the 

realization of manufacturing environment digitalization. This technology not only aids 

industrial engineers in analyzing complex production systems but also assists decision-

makers in studying the impact of operational strategies on system parameters. 

1.1. Aim of Paper 

From the analysis of existing knowledge and literature, several key points can be dis-

cerned: 

 Emphasis is placed on swiftly responding to customer demands. Customers now 

seek not only to select from offered products but also to configure products them-

selves. This inclination toward personalized products necessitates changes in manu-

facturing systems to accommodate such demands [36,37]. 

 Achieving the cost of a mass-produced product for personalized goods is challenging 

due to the high costs of product variations. Adaptive manufacturing aims to imbue 

production systems with flexibility and adaptability at the operational level. It seeks 

to enhance efficiency and reduce costs by responding to changing market conditions 

[38].  

 An adaptive enterprise is be�er positioned to exploit fleeting opportunities and rapid 

shifts in customer requirements. To qualify as an adaptive manufacturing entity, spe-

cific conditions must be met, including adaptability, which involves responding 

based on “if-then-else” rules, which entails preparing potential scenarios and alter-

native strategies using “what if...” scenarios, and ultimately expressing and pro-

cessing knowledge [39]. 

 Companies are focusing on developing new technologies that bolster manufacturing 

system flexibility. Adaptive manufacturing systems must learn to effectively utilize 

available technologies. The enterprise itself is considered a network integrating ad-

vanced technologies, computers, communication systems, management strategies, 

and cognitive agents (whether human or advanced intelligent systems). These agents 

are capable not only of overseeing processes and products but also of generating 

novel behavior to adapt to dynamic markets. 

 Several manufacturing systems exhibit varying degrees of adaptability. Reconfigura-

ble manufacturing systems are one example, while further development leads to the 

emergence of competency islands within manufacturing systems [40]. 
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1.2. Research Questions 

There are some research question that need to be asked: 

 How can a digital model be effectively utilized to enhance the adaptability of manu-

facturing systems? 

This question addresses the core premise of the paper, exploring the role of digital 

models in enabling adaptive manufacturing. The methodology aims to demonstrate how 

digital models can simulate, analyze, and optimize production processes to achieve adapt-

ability. 

 What insights and benefits can manufacturers derive from utilizing the digital model 

created through the proposed methodology? 

This question focuses on the practical outcomes of implementing the methodology. 

By evaluating the insights and benefits gained from the digital model, the paper aims to 

highlight the real-world impact of the methodology in enhancing manufacturing pro-

cesses’ adaptability, efficiency, and overall performance. 

 How can the proposed methodology contribute to the realization of Industry 4.0 

principles in the realm of adaptive manufacturing? 

This research question situates the paper within the context of Industry 4.0, aiming 

to explore how the methodology aligns with the principles of intelligent, interconnected 

manufacturing. It investigates how the digital model’s capabilities resonate with the vi-

sion of Industry 4.0 and pave the way for smarter, more responsive manufacturing sys-

tems. 

 How can the proposed methodology be adapted and applied across various adaptive 

manufacturing contexts? 

This question delves into the applicability of the methodology beyond competency 

islands. It explores the potential extension of the methodology to other adaptive manu-

facturing systems, such as reconfigurable systems, and examines how the structured ap-

proach can be tailored to suit different production scenarios. 

1.3. Methodological Framework 

The methodology presented in this article provides a systematic approach to building 

a digital model of an adaptive manufacturing system. It outlines the steps involved in data 

integration, entity definition, event identification, and performance evaluation. The meth-

odology also emphasizes the importance of validating the model against real-world sce-

narios to ensure its accuracy and relevance. 

A crucial aspect of the methodology is the system for evaluating adaptability, which 

forms the cornerstone of successful adaptive manufacturing. This system involves as-

sessing various performance metrics in the context of adaptability, including response 

time to market changes, production flexibility, resource utilization, and customer satisfac-

tion. The challenge here is not only defining these metrics but also integrating them into 

the digital model to provide real-time feedback on the system’s adaptability performance. 

Striking a balance between accurate representation and computational efficiency in this 

evaluation system is essential. 

This approach differs from that of other authors in terms of perceiving the adaptive 

manufacturing system and its development with a digital model. While some authors em-

phasize real-time adaptability and simulation-based optimization, others highlight the 

concept of competency islands and their autonomous collaboration. Despite these varia-

tions, the common thread is the recognition of the significance of digital modeling and 

simulation for achieving efficient and adaptive manufacturing processes. This unique per-

spective stems from a blend of professional backgrounds and experiences in the realms of 

manufacturing and informatics. 
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The novelty of the current study resides in its contribution to adaptive manufacturing 

systems by introducing the ability to dynamically modulate both system capacity and ob-

ject count in real-time simulation environments. This feature necessitates the incorpora-

tion of system dynamics, a dimension heretofore unaddressed by traditional simulation 

frameworks which are typically constrained to static states or predefined system param-

eters. While existing digital twin technologies do offer emulation capabilities, they are 

largely designed to function within the bounds of static operational se�ings. In contrast, 

our proposed model is uniquely equipped to adapt to fluctuations in object dynamics and 

system capacities. Furthermore, the scholarly merit of this work is augmented by its ap-

plicability to ‘competency islands’—sophisticated modular systems capable of reconfigu-

ration and scalability—thereby extending its relevance beyond conventional manufactur-

ing setups. 

2. Materials and Methods 

Methodology 

Overall, this methodology provides a systematic approach to creating a digital model 

of an adaptive manufacturing system, ensuring its accuracy, validity, and functionality. 

Each block contributes to the development of a robust and reliable digital representation 

that can be used for analysis, optimization, and decision-making in the context of adaptive 

manufacturing. Figure 1 is a scheme of the proposed methodology.  
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Figure 1. Scheme of the proposed methodology. 

The methodology consists of four main parts. The first two parts are depicted in Fig-

ure 2. 
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Figure 2. Methodology of creating adaptive manufacturing system blocks A and B. 

Block A—Model Preparation (Input Data, Structure, Relationships, Entity Functions): 

In this phase, the initial groundwork for the digital model is laid. This involves gath-

ering the necessary input data, defining the structural components of the model, estab-

lishing relationships between these components, and determining the functions or behav-

iors of the entities within the system. It is the foundational step that sets the stage for 

creating a comprehensive digital representation of the adaptive manufacturing system. 

This phase involves preparing the adaptive manufacturing system’s model. It defines 

suitable production and product, sets the digital model’s goal, selects software tools, char-

acterizes data and parameters, establishes data structure and relationships, defines enti-

ties and their roles, identifies influential events, visualizes decision options, and plans 

scheduling. 

Steps: 

A1: Definition of suitable production and product for adaptive manufacturing sys-

tem: This step involves determining the types of production and products that are appro-

priate for the adaptive manufacturing system. This decision considers the nature of the 

system and its capacity for adaptability to various production requirements. 

A2: Definition of the digital model’s goal: Here, the primary purpose and objectives 

of creating the digital model are defined. This could include goals like optimizing produc-

tion processes, analyzing system behavior, or testing different scenarios. 

A3: Selection of software support: This step focuses on selecting the software tools 

that will be used to build the digital model. The choice of software is crucial as it affects 

the capabilities and functionalities of the model. 

A4: Characterization of data and parameters: The data and parameters relevant to 

adaptive manufacturing are identified and described. This could involve aspects such as 

production metrics, resource availability, demand variability, and other factors that influ-

ence the system’s behavior. 
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A5: Data structure and relationships between data: In this step, the structure of the 

data is designed, and the relationships between different data elements are established. 

This forms the basis for how information flows and interacts within the digital model. 

A6: Definition of entities in the digital model and their roles: Entities, which could 

represent various components of the manufacturing system, are defined along with their 

roles and functions in the digital model. 

A7: Identification of events influencing the operation of the manufacturing system: 

Events that can affect the functioning of the manufacturing system are identified. These 

events could include changes in demand, availability of resources, breakdowns, etc. 

A8: Visualization of planned decision-making alternatives: Different decision-mak-

ing scenarios are visualized, which could involve considering various production strate-

gies, resource allocations, or response plans to changing conditions. 

A9: Planning and scheduling: The planning and scheduling aspects of the adaptive 

manufacturing system are designed. This could include strategies for adjusting produc-

tion schedules in response to changing demands or resource availability. 

The data and parameters of adaptive manufacturing were characterized, and the 

structure and relationships among them were analyzed. In the preparation of the model, 

entities in the digital model were defined along with their assigned roles. Influential 

events affecting the manufacturing system’s operations were identified. Planned decision 

alternatives were visualized, and data availability from production was assessed through 

question blocks. The planning and scheduling of the adaptive manufacturing system were 

also devised.  

Collectively, this section underwent a thorough examination, forming the founda-

tional basis for the adaptive manufacturing model. These insights will serve as a corner-

stone for subsequent phases and the integration into the digital model, with the aim of 

achieving efficient and flexible production. 

Block B—Creation of the Digital Model (Structure and Logic): 

This stage focuses on the actual construction of the digital model. It includes the de-

tailed design of the model’s structure, how different elements interact, and the logic that 

governs their behavior. This phase involves translating the real-world processes, opera-

tions, and interactions of the adaptive manufacturing system into a digital format. The 

result is a virtual representation that mimics the behavior and characteristics of the actual 

system. 

An important step in creating a digital model was to create a suitable layout and 

material flows. This ensured the flexibility and efficiency of the production system. Indi-

vidual properties of individual elements were implemented and events affecting the op-

eration of the adaptive production system were properly set. Control logic was imple-

mented to ensure the proper functioning of the system and monitoring its performance 

and quality. Continuous visualization of results will allow monitoring and evaluating the 

development and proper functioning of the system. When planning the length of simula-

tion and number of experiments, parameters were properly set to achieve sufficient accu-

racy and reliability of results. It also deals with the creation of a user interface that allows 

easy and intuitive manipulation with the model. Overall, in this chapter, a successful dig-

ital model of an adaptive production system was created, capable of simulating and visu-

alizing its operation and proper functioning. 

Steps: 

B1: Definition of omi�ed areas of the digital model: In this step, any areas or aspects 

that were not initially included in the digital model are defined. This might involve spec-

ifying particular processes, components, or interactions that were left out in the earlier 

stages. This step helps ensure that the digital model provides a comprehensive and accu-

rate representation of the adaptive manufacturing system. In essence, models are devel-

oped at a certain level of abstraction and from a specific perspective. The reason for ab-

stracting a model is that it can simplify and speed up the model this way, thereby also 

saving computational memory, which can be crucial for complex models of production 
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systems. Figure 3 shows a diagram of such abstraction at a specific workstation in the 

digital model.  

 

Figure 3. Abstraction of competency island. 

B2: Insertion of objects and input data: Here, the various objects and entities that 

make up the adaptive manufacturing system are inserted into the digital model. This in-

cludes all relevant components, resources, tools, and products. Additionally, the required 

input data for running the simulation is integrated into the model, ensuring that the sim-

ulation is based on real-world parameters. 

B3: Creation of layout and material flows: This step involves arranging the inserted 

objects and entities within the digital model to mimic the physical layout of the adaptive 

manufacturing system. The material flows, which represent the movement of materials or 

products within the system, are also defined. This step is crucial for accurately simulating 

how materials move and interact within the production environment. 

B4: Implementation of individual properties: Here, the specific properties and a�rib-

utes of each object or entity in the digital model are implemented. For instance, if an object 

has certain physical dimensions, operational characteristics, or capacity limits, those de-

tails are incorporated into the model. This level of detail helps in achieving a high-fidelity 

simulation. 

B5: Implementation of events affecting AMS operation: This step involves incorpo-

rating events that can influence the operation of the adaptive manufacturing system 

(AMS). These events could include factors such as machine breakdowns, changes in de-

mand, or supply chain disruptions. Simulating the impact of these events helps in under-

standing how the AMS responds to real-world uncertainties. 

B6: Implementation of control logic: Control logic refers to the rules, algorithms, and 

decision-making processes that govern the behavior of the adaptive manufacturing sys-

tem. This step involves programming the logic that dictates how the different components 

interact, how decisions are made, and how the system adapts to changing conditions. 

Selected strategies are described in Table 1.  
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Table 1. Different strategies and their descriptions. 

Strategy Description 

Sorting Strategy 

This refers to the approach or plan used to arrange items 

or products in a specific order. In manufacturing, it in-

volves determining how items should be organized based 

on certain criteria such as size, type, or destination. Sorting 

strategies optimize the flow of materials or products 

through the production process. 

Output Strategy from Active 

Object 

This strategy involves deciding how products or materials 

should exit an active process or machine. It determines the 

sequence and timing of releasing finished products from a 

particular production stage. The goal is to ensure a smooth 

and efficient transition of items from one phase to another. 

Transport Means Strategy 

This refers to the plan for moving materials or products 

between different points within the manufacturing envi-

ronment. It includes decisions about the types of convey-

ors, vehicles, or other transportation methods to use. The 

strategy aims to optimize the movement of items while 

minimizing delays and congestion. 

System Dynamics 

This term pertains to the behavior and changes that occur 

within a manufacturing system over time. It involves un-

derstanding how various factors, such as input variables, 

processes, and feedback loops, interact and influence the 

overall performance of the system. System dynamics anal-

ysis helps in predicting how the system responds to differ-

ent conditions and adjustments, including changes in posi-

tions. 

B7: Continuous visualization of results: Throughout the simulation, it is important to 

continuously visualize the results. This might involve generating graphs, charts, or ani-

mations that show how various metrics and performance indicators evolve over time. 

Continuous visualization helps in monitoring the system’s behavior and identifying any 

anomalies or areas for improvement. 

B8: Planning the length of simulation and number of experiments: Before running the 

simulation, it is essential to determine the duration of the simulation and the number of 

experiments to be conducted. This planning ensures that the simulation captures a mean-

ingful timeframe and a sufficient number of scenarios to provide reliable insights into the 

system’s behavior and performance. 

B9: Creation of user interface: The user interface allows researchers and engineers to 

interact with the digital model, input parameters, start simulations, and analyze results. 

Creating an intuitive and user-friendly interface enhances the usability of the digital 

model and facilitates experimentation and analysis. 

Overall, this block successfully culminated in the creation of a digital model of the 

adaptive manufacturing system, adept at simulating and visualizing its operation and 

functional integrity. This model furnishes crucial tools for analysis, optimization, and 

planning of adaptive production. Blocks C and D are depicted in Figure 4. 
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Figure 4. Methodology of creating adaptive manufacturing system blocks C and D. 

Block C—Verification and Validation of the Model: 

In this part, the accuracy and reliability of the digital model are assessed. Verification 

involves checking whether the model was built correctly according to the defined specifi-

cations. Validation, on the other hand, involves ensuring that the model accurately repre-

sents the real system’s behavior. This is typically achieved by comparing the model’s out-

puts with real-world data or benchmark scenarios. This phase is crucial to ensure that the 

digital model is a trustworthy representation of the adaptive manufacturing system. 

The overarching goal of this block was to ensure the credibility and accuracy of the 

digital model of the selected adaptive system. Through the process of verification and 

validation, we had the opportunity to test and confirm that the digital model is capable of 

accurately simulating and predicting the behavior of the system under diverse circum-

stances. Despite the measures taken to ensure the precision and reliability of the model, it 

is crucial to acknowledge that every model simplifies reality and may possess limitations 

and imperfections. Therefore, it remains important to continue the verification and vali-

dation of the model in the future, potentially updating or enhancing it based on new in-

sights. Throughout these steps, rigorous a�ention was given to the identification and rec-

tification of logical discrepancies. The simulation model underwent segmentation to iso-

late individual code components, ensuring clarity and simplifying error detection. Moni-

toring the ongoing results and their comparison with anticipated outcomes allowed for 

the identification of discrepancies and potential areas of refinement. Additionally, the 

comparison of model-generated data with real-world data served as a pivotal method to 

verify the model’s alignment with actual circumstances. Finally, an innovative aspect in-

volved the verification process for a hypothetical system, a technique enhancing the over-

all robustness of the model validation process. 

C1: Elimination of logical errors: In this initial step, a meticulous review of the digital 

model was conducted to identify and rectify any logical errors. This process ensured that 
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the model’s underlying algorithms, equations, and computations were consistent and ac-

curate. The aim was to eliminate any inconsistencies or contradictions that could poten-

tially lead to erroneous simulation results. 

C2: Segmentation of the simulation model and isolation of individual codes: To en-

hance clarity and simplify the identification of errors, the simulation model was divided 

into distinct segments or components. This segmentation allowed for a focused analysis 

of each component’s functionality and interaction with others. Isolating individual codes 

made it easier to identify any bugs or inconsistencies within specific sections, which could 

then be addressed more effectively. 

C3: Monitoring of interim outcomes and comparison with expectations: Throughout 

the simulation process, interim results were continually monitored and compared to ex-

pected outcomes. This step aimed to detect any unexpected deviations or discrepancies 

between the model’s predictions and the anticipated behavior of the system. Any dispar-

ities that arose were investigated and addressed to ensure the model’s accuracy. 

C4A: Comparison of model data with actual data: This step involved comparing the 

data generated by the digital model with actual data obtained from the real-world system. 

By juxtaposing model-generated data with real measurements, researchers could validate 

the model’s predictive capabilities. Any disparities could indicate areas of improvement 

or fine-tuning to enhance the model’s accuracy. 

C4B: Verification of a non-existing real system: An innovative approach was the ver-

ification of the model’s predictions against a hypothetical system that does not exist in 

reality. This exercise aimed to test the model’s ability to forecast outcomes for scenarios 

that were intentionally designed and did not have corresponding real-world data. This 

served as an additional layer of validation, affirming the model’s predictive capacity. 

Block D—Testing and Model Verification: 

The final phase involves thorough testing and verification of the digital model’s per-

formance. Various scenarios, inputs, and conditions are simulated to observe how the 

model responds. Any discrepancies or deviations between the model’s behavior and ex-

pected outcomes are identified and addressed. This phase ensures that the digital model 

behaves as expected under different circumstances and provides valuable insights into its 

reliability and usefulness in analyzing the adaptive manufacturing system. 

The aim of this chapter was to provide an assessment and evaluation of the effective-

ness of various strategies within the adaptive manufacturing system. The chapter began 

by conducting an analysis of the current state of the manufacturing system. This analysis 

provided us with fundamental insights into the system’s functioning and shortcomings, 

which allowed us to identify areas requiring improvement. 

Subsequently, we delved into the creation and planning of experiments. Key perfor-

mance indicators were defined to quantify the results and facilitate comparisons across 

different experiments. Additionally, in this chapter, we compared the present state of the 

system with the outcomes achieved after each experiment. This approach enabled us to 

identify and assess the impact of individual strategies on the system’s performance and 

efficiency. The numerical evaluation then enabled us to gauge the level of enhancement 

and the a�ained outcomes. 

Overall, this chapter offered an evaluation of the chosen strategies using the digital 

model of the adaptive manufacturing system. This process yielded valuable insights into 

the effectiveness and efficiency of each strategy, leading to the formulation of measures 

for improvement. 

Steps: 

D1: Analysis of the current state of the manufacturing system: In this initial step, a 

comprehensive assessment of the existing manufacturing system was undertaken. This 

involved scrutinizing its operational aspects, strengths, weaknesses, and limitations. 

Gathering insights about the current state set the foundation for subsequent evaluations 

and improvements. 
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D2: Creation and planning of experiments: This phase involved the formulation of 

structured experiments aimed at testing different strategies within the adaptive manufac-

turing system. The experiments were meticulously designed, taking into account the iden-

tified areas for enhancement. A well-structured plan ensured that each experiment would 

yield valuable insights and measurable outcomes. 

D3: Selection of evaluation indicators: Key performance indicators (KPIs) were stra-

tegically chosen to measure and quantify the effectiveness of various strategies. These in-

dicators provided a quantitative basis for assessing the impact of each strategy on the sys-

tem’s performance, efficiency, and adaptability. 

D4: Comparison of the current state with outcomes post-individual experiments: In 

this step, the outcomes of individual experiments were systematically compared with the 

initial state of the manufacturing system. This facilitated a clear understanding of how 

each strategy influenced the system’s behavior and performance. Comparisons provided 

empirical evidence of improvements or potential areas for concern. 

D5: Numerical evaluation: Quantitative assessment played a vital role in this phase. 

Data collected from experiments and the initial analysis were subjected to rigorous nu-

merical evaluation. This evaluation provided a deeper insight into the extent of improve-

ments achieved through different strategies, enabling data-driven decision-making. 

D6: Classification into adaptability levels: Based on the outcomes of experiments and 

the evaluations, the adaptive manufacturing strategies were classified into distinct adapt-

ability levels. This categorization facilitated a clear understanding of the strategies’ effec-

tiveness and their implications for enhancing the system’s agility and responsiveness. Let 

us assume that � represents adaptability, the index for each degree, �� is the value of each 

adaptability evaluation index, and �� is the weight of each evaluation index. The adapta-

bility evaluation index system � is defined as follows: 

� = � �� ∗ ��

�

���
 (1)

�ℎ��� � ��

�

���
= 1 (2)

Adaptability is described according to the ranges shown in Table 2.  

Table 2. Evaluation of adaptability. 

Variable Range 

Extremely Adaptive (<1–0.8) 

Above Avg. Adaptive (<0.8–0.6) 

Adaptive (<0.6–0.4) 

Moderately Adaptive (<0.4–0.2) 

Non-Adaptive (<0.2–0) 

D7: Remedial measures: The final step involved formulating remedial measures 

based on the insights gained from the entire evaluation process. Strategies that demon-

strated notable effectiveness were recommended for integration into the manufacturing 

system. In contrast, strategies that did not yield desired outcomes led to the identification 

of areas for further exploration or refinement 

3. Results 

In this study, the feasibility of the proposed solution was experimentally verified in 

collaboration with a company focused on the automotive industry. The aim was to evalu-

ate the ability of an adaptive production system to respond to various unexpected situa-
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tions. The entire methodology was verified using Tecnomatix Plant Simulation 16 soft-

ware. For the simulation runs, we used a PC with an AMD Ryzen 5 2600 Six-Core Proces-

sor 3.40 GHz with a Radeon (TM) RX 580 graphics card.  

3.1. Creation 

By utilizing commands and methods within the simulation, we were able to construct 

a digital AMS model. Figure 5 displays a panel featuring these commands. The simulation 

event control and AMS se�ings were directives and configurations encompassing the es-

tablishment of a general infrastructure. Commands falling under adaptive manufacturing 

system control denoted the creation of custom a�ributes and properties for objects, which 

involved defining agents. Additionally, these commands impacted the implementation of 

control logic, thereby outlining agent behavior. 

Through experimentation, we defined scenarios that could adversely affect the func-

tioning of the AMS. The final section, on performance measurement, showcases simula-

tion-defined outcomes supported by graphs. This panel eloquently signifies the custom-

ized definition of simulation behavior and its characteristics. By employing object inher-

itance and duplication, we modified commands within the control panel, consequently 

altering the fully verified model.  

 

Figure 5. Control panel of model. 

The authors created a user interface in Tecnomatix Plant Simulation software, which 

is shown in Figure 6. The created digital model was available to the system user for pro-

cessing the information input into the system to create a logic of entity behavior and sys-

tem logic.  
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Figure 6. Layout of the input area in the digital model. 

In the case where data are already known and a structured database has been created 

as described in the previous chapter, it is possible to convert the data into simulation soft-

ware. In this scenario, it is be�er to establish an intermediate step between the external 

database and the simulation software. This is done for the purpose of faster and smoother 

data conversion. This intermediate step will involve creating a database or table directly 

within the software. Data will then be loaded from this table directly into individual ob-

jects. The structure of the digital model is shown in Figure 7. 

 

Figure 7. Relationships many to many in digital model. 

From the perspective of the complexity of creating a digital model, we have chosen 

to divide the model into submodules to present the functions of the adaptive manufactur-

ing system more effectively. These modules describe the general crucial functions of the 

adaptive manufacturing system. When these functions are set according to the correct 

rules, they can maintain a smooth production flow based on the a�ributes and properties 

of objects. Furthermore, in conjunction with rules, they can achieve autonomy and self-

organization of the system. 

Different possibilities of utilizing the individual functions of the simulation software 

were tested on these separate modules. Based on the partial results from these modules, 

decisions were then made about the strategy to be employed in creating the comprehen-

sive digital model of the adaptive manufacturing system. 

Another reason for opting to use these smaller models is their easier comprehensibil-

ity in terms of simulation behavior. This makes it simpler to verify the accuracy of the 
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proposed functions, facilitated by the isolation of these functions. Figure 8 shows submod-

ules of the adaptive manufacturing system. 

 

Figure 8. Se�ing criteria for the adaptive manufacturing system. 

3.2. Evaluation 

Given the structure and objectives of the study, the practicality of the solution was 

experimentally verified. The verification of the proposed methodology was conducted 

through collaboration with a company focused on the automotive industry. The data are 

available upon request. The data were structured according to tables where Table 3 repre-

sents the structure of data objects and Table 4 is a nested table showing a�ributes of the 

products. 

Table 3. Structure of data: objects. 

Name Object X Y 
Processing 

Time 
Setup Time Availability 

String Object type Real Real Table Table Real 

Table 4. Nested table: a�ributes of products. 

Name of the At-

tribute 
Integer Boolean String Date Date/Time Length Cost 

Product group   V2     

Customer 4       

Priority 1       

MUWidth      1.1  

MULength      1.1  

Due date    4 May 2023    

Delivery time     
4 May 2023 

00:00:00.000 
  

Proces1  True      

ProcesXY  False      

Cost       30 

The design describes how various factors affect this system. Given the challenges in 

creating a digital model, the decision was made to partition the model into submodules, 

facilitating the presentation of adaptive manufacturing system functions. These modules 

outline the fundamental functions of the adaptive manufacturing system which, when 

correctly configured, can uphold a seamless production flow based on object a�ributes 

and properties. Furthermore, by adhering to specific rules, these functions can achieve 

system autonomy and self-organization. 

The potential of each function within the simulation software was assessed across 

these modules. Subsequently, decisions on the progression strategy for building a com-

prehensive digital model of the adaptive manufacturing system were derived based on 

partial results obtained from the modules. 
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The first module encompasses the sorting function, a critical aspect for routing orders 

into production. In the context of an adaptive manufacturing system, one prerequisite is 

the presence of various products with distinct a�ributes, necessitating the rearrangement 

of production orders. 

The results of the testing for different strategies are depicted in Figure 9. 

 
(a) 

 
(b)  

Figure 9. Result for strategies from the point of view of (a) percentual execution of the plan; (b) 

number of products and cost of products. 

The second module represents the initial strategy. The initial strategy determined the 

subsequent steps after completing one operation. The initial strategy is crucial in an adap-

tive manufacturing system because we have multiple machine options suitable for pro-

cessing the next operation. The results of the testing are shown in Table 5 and Figure 10. 
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Table 5. Results of exit strategy. 

 Strategy 
 1. 2. 3. 4. 5. 6. 7. 8. 

Mean life time 2:04:11 2:01:11 1:59:12 2:03:47 2:15:11 1:49:54 1:47:15 1:32:12 

1. Relatively; 2. the longest waiting production facility; 3. minimum total load; 4. minimum number 

of processed entities; 5. shortest processing time + shortest retyping time; 6. free resource then long-

est waiting production equipment; 7. free means then minimum total load; 8. free resource then 

minimum total load then shortest processing time + shortest retyping time. 

 

Figure 10. Results of exit strategy shown graphically. 

In the third module, the transportation system strategy was verified. An adaptive 

manufacturing system is unique in that it features a mobile transportation system. This 

transportation system does not have a predefined route regularity and is required to com-

municate with product and manufacturing resource agents. The results of the testing are 

shown in Table 6 and Figure 11. 

Table 6. Results of transport strategy. 

 Strategy 

 1. 2. 3. 

Distance traveled (m) 34,479 34,378 34,675 

Number of orders 792 998 997 
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Initial strategy

1. Relatively

2. The longest waiting production facility

3. Minimum total load

4. Minimum number of processed entities

5. Shortest processing time + shortest retyping time

6. Free resource then longest waiting production equipment

7. Free means then minimum total load

8. Free resource then minimum total load then shortest processing
time + shortest retyping time
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(a) 

 
(b) 

Figure 11. Results of transport strategy graphically for (a) number of orders; (b) distance traveled. 

1. The transport resource returns to the WorkPool where it receives jobs. 2. The means 

of transport returns to the WorkPool location but can receive tasks remotely in the pro-

duction area. 3. The means of transport remains at the place of the last workplace and 

receives tasks remotely in the production area. 

Given that one of the characteristics of an adaptive manufacturing system is its ability 

to adapt to unexpected situations, it is necessary to verify this capability. In the experi-

mental verification, the number of factors was reduced to those that could be verified in a 

specific digital model, and subsequently the significance of these factors was evaluated 

using Placke�‒Burman experimental designs in a digital model without implemented 

strategies. The levels of experiments were determined based on the obtained values and 

depended on whether the factor was influential or not. A total of 12 runs and 600 simula-

tion runs were required. The computational time was 8.42 min. From the simulation runs 

conducted for model creation, it became evident that an increase in the number of objects 

led to a corresponding rise in simulation time, even when object abstraction was applied. 

The number of these objects was inherently limited as they were generated at the begin-

ning of each simulation, constrained only by the size of the data table. For accurate results, 
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multiple verification simulation runs are essential, and the computational power, partic-

ularly the processor performance, cannot be ignored. A higher number of processors and 

threads allows for parallel simulation runs, thereby reducing the time needed for simula-

tion evaluation. This has a direct impact on the model’s applicability; for instance, if the 

simulation is intended for real-time operational decision-making on the scale of seconds, 

then a higher object count would prolong the decision-making process. Therefore, for sce-

narios requiring quick decisions, a model with fewer elements is more appropriate, 

whereas a model with a higher number of elements is be�er suited for situations where a 

decision can be deferred for several minutes. 

The effects of various factors analyzed by simulation using statistical software 

Minitab 18 were found to be most significant for the availability of production equipment 

with the highest utilization, followed by the number of vehicles for transport/production 

workers. Other factors such as warehouse capacity, process time, and setup time were also 

considered. The next step was to implement the use of strategies proposed in previous 

sections in a digital model with the assumption that these factors would not have the same 

impact on the production system as currently. The experiment continued with fewer key 

factors at multiple levels to study the curve and optimize the process. 

Genetic algorithms were used on influential factors to reduce the number of simula-

tions needed to study the impact of adjustable factors. The goal was to find a suboptimal 

solution to create a functional adaptive production system with cost minimization. For 

non-influential factors, an experimental manager was used again within the simulation. 

Despite verifying significantly fewer factors, the number of simulation runs in this case 

exceeded 2000. Tested factors are shown in Table 7. 

Table 7. Tested factors and levels. 

Factor Description Lower Level (−) Upper Level (+) 

A 
Order Frequency (mean, min, max)  

Triangle (02:30, 1:30, 

5:00) 
Triangle (04:30, 2:30, 10:00) 

B Order Size (Pcs.) 20 75 

C Product Variability (Pcs.) 4 9695 

D Storage Size (Pcs.) 5 15 

E Order Priority 1 4 

F Availability of Manufacturing Resources with High-

est Utilization (%) 
60 95 

G Time for Setup of New Product Variants on Manu-

facturing Resources with Highest Utilization 

Depends on the Manu-

facturing Resource 

Depends on the Manufac-

turing Resource 

H Process Time of Manufacturing Resources with 

Highest Utilization 

Depends on the Manu-

facturing Resource 

Depends on the Manufac-

turing Resource 

I 
Time of Completion of Production Order (Stream, 

LowerBound, UpperBound) 

Eventcotroler.Simtime + 

z_uniform (20:00, 10:00, 

50:00) 

Eventcotroler.Simtime + 

z_uniform (50:00, 20:00, 

1:00:00) 

J Number of Transport Vehicles/Production Workers 2 7 

Figure 12 shows the significance of factors assessed using Minitab 17 software. 
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Figure 12. Factor effect before implementing strategies. 

The evaluation of production strategies was based on meeting the main objectives of 

simulation: optimizing resource utilization, increasing delivery speed, and fulfilling or-

ders from the main customer. The results of implementing the strategies are shown in 

Table 8.  

Table 8. Results of implementing strategies. 

 

Before Implementation of AMS Strate-

gies 
After Implementation of AMS Strategies 

Negative  

Scenario 
Positive Scenario 

Negative  

Scenario 
Positive Scenario 

Average Number of 

Produced Products 

(Pcs.) 

2420 3409 3470 3630 

Average Lead Time of 

Production (h:min:s) 
3:19:15 1:24:49 1:37:13 1:09:23 

The table of production strategy evaluations shows evaluations of individual objec-

tives and their weights. The evaluation result was 0.866, indicating that the system was 

extremely adaptive and strategies were appropriately assigned based on established ob-

jectives and rule hierarchy was set correctly. The rule hierarchy can be rebuilt if objective 

weights change, achieving different results suitable for selected objectives (see Table 9). 

Table 9. Assessment of production strategies. 

Goals Evaluation Weight 

Customer satisfaction 0.95 0.3214 

Delivery speed 0.97 0.2143 

Resource utilization 0.9 0.1786 

Production waiting time 0.9 0.1429 

Order costs 0.5 0.1071 

Energy savings 0.3 0.0357 

Order quality 0 0 

The result was 87%, which reflects the achievement of all goals. Note that some goals 

were contradictory, or achieving certain goals required investment in production that 

could not be influenced by the adaptive manufacturing system strategies. 
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4. Discussion 

The digital model of an adaptive manufacturing system differs significantly from that 

of a traditional manufacturing system (see Table 10). The digital model is dynamic, re-

sponsive to real-time data, and capable of simulating various scenarios [41]. It autono-

mously adjusts operations based on changing conditions, optimizing efficiency and resil-

ience. In contrast, traditional models are static representations that lack real-time adapta-

bility and scenario testing [18]. They rely on historical data and human intervention for 

decision-making. The digital model’s data-driven autonomy and adaptability make it a 

powerful tool for navigating uncertainties and enhancing manufacturing efficiency [42]. 

Table 10. Differences between digital model of adaptive manufacturing system and traditional man-

ufacturing system. 

(A.) Basic Characteristics Traditional Manufacturing System Adaptive Manufacturing System 

Description 

Displays the existing manufacturing 

process, its structure, procedures, and 

flow of materials and information. This 

includes static and dynamic parameters 

that influence its performance. 

Considers flexible and dynamic characteris-

tics. It incorporates mechanisms to adapt to 

changing conditions such as order variations, 

resource availability (production, transporta-

tion), or production strategy. 

Objectives 

The goal of this model is to analyze and 

optimize the current production pro-

cess based on existing parameters and 

data. 

The proposed model of the adaptive system 

focuses on simulating and testing responses 

to various change and uncertainty scenarios. 

Its aim is to understand how the system be-

haves under different conditions and what is 

required to achieve adaptive manufacturing. 

(B.) Goals Traditional Manufacturing System Adaptive Manufacturing System 

Description 

The objective of this model is to analyze 

and optimize the current production 

process based on existing parameters 

and data. 

The proposed model of the adaptive system 

focuses on simulating and testing responses 

to various change and uncertainty scenarios. 

Its aim is to understand how the system be-

haves under different conditions and what is 

required to achieve adaptive manufacturing. 

(C.) Adaptability and Auton-

omy 
Traditional Manufacturing System Adaptive Manufacturing System 

Description 

The model of the current system is of-

ten used to analyze efficiency, identify 

weaknesses, and plan improvements in 

the existing system. 

The proposed model of the adaptive system 

is capable of automatically responding to 

real-time changes and optimizing its opera-

tions according to current conditions. 

(D.) Benefits Traditional Manufacturing System Adaptive Manufacturing System 

Description 

Traditional systems are generally easier 

to set up and manage, often requiring 

lower initial investment. 

These systems excel at high-volume 

production of a single or limited range 

of products, with workers often special-

izing in repetitive tasks for increased ef-

ficiency. 

Adaptive systems can quickly adjust to pro-

duction changes, optimizing efficiency 

through real-time data monitoring. 

These systems are highly scalable and can 

easily adapt to produce customized products 

without halting the entire production line. 

(E.) Type of system Traditional Manufacturing System Adaptive Manufacturing System 

Example 

Job shop, mass production systems, 

batch production, fixed position layout, 

cellular manufacturing. 

Reconfigurable manufacturing system, com-

petency islands, modular manufacturing sys-

tems. 
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This study introduces a comprehensive methodology for developing a digital model 

of an adaptive manufacturing system, with a focus on competency islands. These special-

ized production units are autonomous, modular, and highly skilled in their respective 

domains. The methodology emphasizes data analysis, simulation modeling, and strategic 

optimization to enable competency islands to perform optimally and meet unique pro-

duction requirements. 

In contrast to competency islands, reconfigurable production systems prioritize the 

ability to quickly reconfigure the manufacturing setup to meet changing product de-

mands. While they share the flexibility of competency islands, their broader scope of 

adaptability presents challenges in coordination and synchronization. The proposed 

methodology’s emphasis on digital modeling can be applied to reconfigurable systems, 

allowing manufacturers to simulate different configurations and evaluate their perfor-

mance before implementation. 

Unlike traditional models, which primarily rely on static simulations, the novelty of 

this article lies in its proposed digital model that offers dynamic simulation capabilities. 

This innovation is particularly relevant as it allows for the assessment of various produc-

tion strategies while taking into account real-time changes in capacity at different work-

stations, something most existing models fail to do. 

The methodology presented in this article can be applied to a range of adaptive man-

ufacturing systems, including reconfigurable ones. Whether assessing the impact of con-

figuration changes in reconfigurable systems or optimizing the operations of competency 

islands, the methodology provides a structured approach. However, this does not exclude 

the use of the described model for traditional manufacturing systems as well.  

As Industry 4.0 emerges, the interplay between digital models, simulation, and real-

time responsiveness will shape the future of manufacturing. Further research could ex-

plore refining the methodology’s implementation for reconfigurable systems and integrat-

ing it with emerging technologies such as IoT and artificial intelligence. In future investi-

gations of adaptive production systems, the size of the number of objects and entities in 

the system will be the basic limiting factor. This is because even with abstraction, a higher 

number of objects can slow down simulation speed, potentially affecting the speed of de-

cision-making in operative planning for system elements that rely on a digital model for 

calculations. 

This study highlights the potential of digital models in shaping adaptive manufac-

turing systems. Whether applied to competency islands, reconfigurable systems, or be-

yond, the methodology serves as a framework for harnessing data-driven intelligence to 

guide manufacturing towards a future characterized by efficiency, agility, and innovation. 

Several areas for future research can be identified based on the insights gained from 

this doctoral dissertation and previous work. The study describes adaptive manufactur-

ing systems such as reconfigurable production systems and competency islands, but ex-

isting literature does not provide clear distinctions between these systems. Further re-

search should specify the scenarios in which either system is most applicable. Addition-

ally, developing expert systems and knowledge databases are essential for establishing 

adaptability within manufacturing systems. This applies not only to manufacturing sys-

tems but also to supply chain management, inventory control, and production operator 

work. Continuous updating of the knowledge database is crucial during ongoing pro-

cesses. Advancing adaptive manufacturing systems should also include the use of hierar-

chical task network (HTN) methods for production task planning. In this approach, plan-

ning problems are specified in an HTN, providing a set of tasks that can be derived from 

the initial task network by decomposing complex tasks into simpler ones while maintain-

ing ordering constraints. The Tecnomatix Plant Simulation software was used in this re-

search however, comparing simulation results from this software with those from 

AnyLogic, which includes built-in agent-based simulation methods, could provide in-

sights into data accuracy and software suitability. A deeper exploration of next-generation 

modeling and simulation technologies is necessary to align with the upcoming network-
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oriented, service-based, individualized, and intelligent manufacturing environment. This 

includes aspects like advanced digital models, model-based engineering, cloud-based 

simulation, data-driven modeling and simulation, and embedded simulation, among oth-

ers. 

5. Conclusions 

This study marks a significant step forward in the field of adaptive manufacturing 

systems, particularly in the realm of competence islands. The proposed methodology of-

fers a systematic route for building, verifying, and evaluating the efficacy of digital models 

designed for these complex systems. A unique aspect of this research lies in its approach 

to evaluating adaptive manufacturing systems. Unlike traditional static models that rely 

on fixed data, our model dynamically evolves over time, reacting to system inputs. This 

allows for real-time layout adjustments and strategy selection, optimizing the system 

based on selected performance indicators. Consequently, the output is not just an optimal 

layout but also the number of required devices on the production line for a given simu-

lated period. Looking ahead, the integration of emerging technologies like machine learn-

ing and artificial intelligence could further enhance the model’s adaptability and predic-

tive capabilities. Applying this methodology to other industries could also provide valu-

able insights, expanding its applicability and relevance. The findings of this research not 

only align with but also extend existing literature, offering new perspectives and practical 

solutions for the challenges in modern manufacturing contexts. 
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