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PLANNING-BASED DECISION SPACE EXPLORATION FOR DIGITAL TWINS 

IN IMMATURE PRODUCTION PROCESSES  

Highly variant and immature production processes frequently occur during the ramp-up of new manufacturing 

technologies, where process parameters, resource configurations, and operating strategies must be established 

under incomplete process knowledge. The resulting combinatorial configuration spaces make systematic planning 

and evaluation of alternative process setups difficult. This paper proposes a planning-based digital twin 

architecture that enables structured exploration and reduction of such decision spaces while integrating simulation-

based feasibility assessment. The approach combines formal modeling of discrete process parameter variants with 

automated planning and physics-based simulation using PyBullet. Symbolic planning operates on an abstract 

representation of process steps, resources, and parameter variants to generate consistent process paths under cost 

and quality objectives. These process paths are subsequently instantiated as executable simulation scenarios, 

allowing verification of their physical feasibility and operational behavior. The architecture integrates decision 

generation, execution, and evaluation within a unified and modular pipeline. A virtual thermoforming 

demonstrator is used to verify the functional feasibility of the approach and to illustrate systematic decision space 

reduction through constraint-based planning. The results demonstrate that planning-based digital twin architectures 

provide a scalable foundation for supporting decision-making during ramp-up and configuration of highly variant 

production processes.  

1. INTRODUCTION 

Modern manufacturing increasingly faces the challenge of configuring production 

systems under uncertainty, especially during ramp-up phases of new technologies where 

product designs, materials, and process chains evolve rapidly [1]. A prominent example is 

electric mobility, where shorter product life cycles, an increasing number of variants, and 

technological uncertainties make production planning and system design substantially more 

challenging than in stable, long-running series production [2–4]. In such environments, 

decision-making is often experience-driven and reactive, which limits systematic process 

understanding, scalability, and robustness [5, 6]. In addition, production systems face the need 
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to adapt more frequently due to rising variant diversity and shorter life cycles, which increases 

the importance of structured scenario analysis and decision support [7, 8].  

Digital twins provide a promising basis for supporting such processes by linking virtual 

representations with physical systems through continuous data exchange. In contrast to 

isolated digital models, they enable simulation-based analysis and virtual safeguarding of 

decisions before physical realization [9]. Enabled by advances in Industry 4.0 technologies, 

digital twins are increasingly integrated into operational manufacturing systems and support 

improvements in quality, cost efficiency, and system availability [10–13]. Within the 

conceptualization of digital twins by Eramo et al. [14], decision-support functionality can be 

realized through a combination of predictive and prescriptive models, where prescriptive 

elements drive the execution of selected strategies. 

Despite these potentials, the key challenge in immature and highly variant environments 

is often not only simulating process behaviour, but structuring and exploring large 

combinatorial decision spaces under incomplete knowledge. This becomes particularly 

visible when many discrete product and process parameters interact and feasible 

configurations must be derived under changing boundary conditions. While classical 

optimization or manual parameter studies can be applied in principle, their systematic use 

becomes increasingly difficult as the number of coupled choices and constraints grows. 

This paper proposes a planning-based digital twin architecture for structured decision 

space exploration in highly variant production processes. The approach combines formal 

modeling of discrete process parameter variants, automated planning, and PyBullet-based 

simulation to generate consistent, goal-oriented process configurations under cost and quality 

considerations and to verify their consistent transfer into executable simulation scenarios. In 

the terminology of Eramo et al. [14], the planning component can be interpreted as a 

prescriptive model that derives actionable configurations based on formal constraints and 

evaluation feedback. The architecture is demonstrated using a virtual thermoforming 

demonstrator, illustrating how constraint-based planning enables systematic reduction and 

exploration of large configuration spaces. 

2. STATE OF THE ART 

2.1. SIMULATION-BASED PROCESS EVALUATION 

Simulation-based methods are widely used to analyse and evaluate production processes 

without interfering with real systems. In manufacturing, classical approaches predominantly 

rely on discrete-event simulation, in which process steps are represented as event-driven state 

transitions. Such methods are well suited for material flow analysis, bottleneck identification, 

and layout planning [15]. However, they provide only limited insight into physical 

interactions such as forces, contacts, or motion dynamics. 

At the other end of the spectrum, high-fidelity numerical methods, most notably the 

finite element method (FEM), enable detailed analysis of physical effects but are 

computationally expensive and therefore unsuitable for large-scale exploration of alternative 

process configurations [15]. Physics-based simulation environments represent an inter- 
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mediate approach by approximating system behaviour through rigid-body dynamics, 

kinematic modelling, and contact formulations, thereby balancing physical realism and 

computational efficiency [16, 17]. 

PyBullet exemplifies such rigid-body physics simulation frameworks, providing access 

to rigid-body dynamics, collision detection, and contact modelling through a programmable 

interface [18]. Mechanical structures and robotic systems are typically defined using 

standardized formats such as URDF, enabling structured modelling of kinematic chains and 

interactions between resources and workpieces [19]. Recent extensions such as PyBullet 

Industrial further integrate robot simulation with simplified manufacturing process models, 

enabling the joint simulation of robotic manipulators and manufacturing operations within a 

single environment [20]. This allows the investigation of interactions between robots, tools, 

and workpieces, including processes that add, remove, or manipulate material. In production 

contexts, physics-based simulation therefore complements formal reasoning by enabling the 

evaluation of physically plausible execution behaviour prior to real-world deployment, 

thereby serving as an execution-level validation mechanism for alternative process 

configurations. To enable systematic exploration of such configurations, the decision space 

exploration problem is formalized as a planning problem defined by the tuple (S, A, γ, s0, G, 

J), where: 

- S denotes the set of system states defined by parameter configurations, 

- A the set of process actions, 

- γ the state transition function, 

- s0 the initial state, 

- G the goal condition, 

- J the objective function. 

2.2. FORMAL MODELING AND PLANNING APPROACHES 

Formal modeling and symbolic planning form the decision-making layer of the proposed 

architecture. While physics-based simulation enables the evaluation of physically plausible 

execution behaviour, formal models are required to systematically structure the underlying 

decision space and enable automated reasoning over alternative configurations. 

In manufacturing research, Product–Process–Resource models are commonly used to 

represent relationships between system entities. Building on this concept, the Product–

Process–Resource–Skill (PPRS) model extends classical representations by explicitly 

introducing skills as the link between abstract processes and concrete resource capabilities 

[21]. Processes describe product-independent production activities, while skills capture the 

ability of specific resources to execute these processes. Tasks arise when skills are applied to 

concrete product instances. 

While PPRS provides a structural description of variability, systematic exploration of 

large combinatorial decision spaces requires a formal reasoning mechanism. Symbolic 

planning addresses this need by operating on formally defined states, actions, and goal 

conditions [22]. The Planning Domain Definition Language (PDDL) has emerged as a 

standard formalism for representing such planning problems [23]. A PDDL domain specifies 
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the general action space and system dynamics, while a PDDL problem instantiates this 

structure with concrete objects, an initial state, and goal conditions [24]. As emphasized by 

Purohit and Chouhan [25], only the combination of domain and problem defines a concrete 

planning task. This separation supports reuse of formal models across scenarios and enables 

systematic exploration of alternative configurations within explicitly defined constraints. 

2.3. DIGITAL TWINS IN PRODUCTION SYSTEMS 

Digital twins are widely recognized as a key enabler for analysing and optimizing 

complex production systems. Conceptually, a digital twin represents a virtual counterpart of 

a physical system that is continuously synchronized via data exchange, allowing the virtual 

instance to reflect the operational state of its physical counterpart [10, 26]. This bidirectional 

coupling distinguishes digital twins from isolated simulation models. 

In manufacturing environments, digital twins are embedded in cyber-physical 

production systems and Industry 4.0 architectures, integrating sensor infrastructures, IoT 

connectivity, and data-driven services [9, 27]. Typical applications include simulation-based 

process optimization, virtual commissioning, quality prediction, and predictive maintenance 

[12]. A commonly used differentiation distinguishes digital models, digital shadows, and 

digital twins based on data connectivity, with digital twins enabling closed feedback loops 

between virtual and physical domains [29]. 

Despite their widespread adoption, most industrial digital twin implementations focus 

on monitoring, lifecycle management, or optimization of comparatively stable production 

processes. In highly variant and immature manufacturing environments, however, the central 

challenge lies in structuring and exploring large combinatorial configuration spaces prior to 

physical realization. While digital twin architectures provide data integration and simulation 

capabilities, explicit mechanisms for formal decision modeling and systematic configuration 

exploration remain limited. This observation motivates architectures that tightly integrate 

formal modeling, planning, and simulation to support decision space exploration. 

3.  PLANNING-BASED DIGITAL TWIN ARCHITECTURE 

Highly variant manufacturing processes often involve numerous interdependent 

decisions regarding process steps, parameter settings, and resource configurations. In the 

investigated thermoforming scenario, for example, multiple production steps such as 

gripping, clamping, transfer, heating, and forming can be executed using different parameter 

settings, tool configurations, and resource assignments. Even for a single product, this 

results in a large number of feasible process paths whose physical feasibility and 

performance characteristics are difficult to assess manually. The proposed architecture 

addresses this challenge by enabling a structured exploration of such high-dimensional 

decision spaces. Instead of explicitly enumerating all possible process configurations, it 

integrates formal decision space modeling, automated planning, physics-based simulation, 

and systematic evaluation in a unified pipeline. In contrast to digital twin approaches that 
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focus primarily on monitoring or isolated simulation, the presented system is designed as a 

planning-capable and feedback-driven architecture that combines decision generation, 

execution, and evaluation within a closed-loop framework. Figure 1 illustrates the proposed 

architecture and its modular structure. The architecture can be interpreted as a sequence of 

transformations: 

Decision space D → planning: 

P(D)=π 

Plan π → simulation model: 

f(π)=M_sim 

Simulation execution → observations: 

E(M_sim)=O 

Evaluation → objective values: 

g(O)=J(π) 

Importantly, feasibility is ensured intrinsically within the planning process. In the 

PDDL-based formulation, constraints are encoded directly through action preconditions and 

state transition rules. As a result, only valid process paths are generated by the planner, and 

the objective function J(π) is minimized exclusively over this set of constraint-satisfying 

solutions. To evaluate the effectiveness of the proposed approach, the following hypotheses 

are formulated: 

• H1: Planning-based decision space exploration achieves a significantly greater 

reduction of the feasible search space compared to random sampling. 

• H2: Planning-based decision generation results in a higher proportion of physically 

feasible simulation outcomes than both random sampling and rule-based filtering. 

 

Fig. 1. Overview of the proposed planning-based digital twin architecture  

integrating decision space modelling, symbolic planning, simulation,  

and evaluation in a closed-loop framework. 

 

The Decision Space and Assets form the foundation of the architecture. The decision 

space is derived from a structured definition of process steps, process parameters, and discrete 

process parameter variants, which are organized in a parameter library. This library provides 

a machine-interpretable representation of admissible decision alternatives and structural 
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constraints. Parameters are modeled discretely to ensure compatibility with symbolic 

planning and to retain explicit control over combinatorial complexity. Complementing this 

abstract representation, geometric and physical assets describe the executable entities of the 

system, including tools, fixtures, manipulators, and workpieces together with their structural 

and physical properties. While the parameter library governs logical decision-making, the 

asset models enable physically consistent execution during simulation. The strict separation 

between abstract decision parameters and executable assets supports extensibility and allows 

additional variants to be integrated without architectural modifications. 

The Planning component constitutes the central transformation layer between the 

structured decision space and executable process behaviour. A process plan  

π = (a1, ..., an)        (1) 

is defined as a sequence of actions ai∈A that transforms an initial state s0 into a goal 

state sg, with state transitions given by 

si+1 = γ(si, ai)        (2) 

Planning is formulated symbolically, with process steps represented as actions 

characterized by explicit preconditions and effects. These constructs encode logical 

dependencies and feasibility constraints directly into the model. Consequently, only plans that 

satisfy all constraints are generated, and no infeasible configurations are explored. The 

planning model is divided into a domain description, defining general action structures and 

system dynamics, and a problem instantiation specifying concrete parameter variants, initial 

conditions, and optimization objectives.Objective values are computed as:.  

J(π) = w_c · C(π) - w_q · Q(π)      (3) 

where C(π) represents accumulated execution and setup costs, and Q(π) denotes quality 

metrics derived from external evaluations. 

Quantitative aspects such as cost and quality are incorporated as numerical fluents, 

enabling weighted objective formulations, where cost is represented as the sum of action-

dependent execution and setup costs, and quality is quantified based on deviations of 

simulation-derived physical indicators (e.g., forces or temperatures) from specified target 

values. Based on this formulation, the planner solves the constrained optimization problem 

π∗=arg min_π∈Πvalid J(π)      (4) 

where Πvalid denotes the set of all constraint-satisfying plans. As feasibility is enforced 

directly within the planning model, the optimization is inherently restricted to valid process 

paths. The architecture remains agnostic with respect to the specific planning algorithm 

employed, thereby preserving modularity and allowing alternative reasoning mechanisms to 

be integrated. 

The Plan-to-Simulation layer translates symbolic planning results into executable 

simulation scenarios. The abstract process path generated by the planner is instantiated into a 

concrete simulation configuration by assigning parameter values, selecting resource 
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instances, and generating the corresponding simulation scene. Symbolic actions are mapped 

to executable simulation operations, while parameter variants are translated into configuration 

settings for the associated assets. In this step, the abstract decision model is converted into a 

physically interpretable scene configuration. Resource instances are composed and 

parametrized according to the plan specification, ensuring semantic consistency between the 

symbolic plan and its physical execution. 

The PyBullet Simulation represents the execution layer of the architecture. It initializes, 

runs, and controls the simulated production process according to the instantiated 

configuration. Within this environment, kinematic relations, contact interactions, forces, and 

motion dynamics are approximated to assess the physical plausibility of the generated plan. 

Simulations are executed under controlled and reproducible conditions. During execution, 

relevant state variables and interaction signals are recorded, including temporal information, 

contact events, force profiles, and positional data. These signals serve as quantitative proxies 

for performance indicators such as feasibility, quality, and time-dependent cost contributions. 

Simulation therefore complements formal planning by validating execution-level behaviour 

and exposing physical effects that are not represented in the symbolic model. 

Through the Evaluation and Feedback component, the architectural loop is closed. 

Logged simulation signals are aggregated into decision-relevant performance metrics. Key 

performance indicators and objective values corresponding to the optimization criteria 

defined in the planning model are computed, ensuring comparability between symbolic 

objectives and physically observed outcomes. Based on these results, alternative process paths 

can be systematically ranked and compared. Furthermore, evaluation outcomes may influence 

subsequent planning cycles by adjusting objective weightings, introducing additional 

constraints, or excluding infeasible process parameter variants. This feedback mechanism 

enables structured reduction of the decision space through successive exploration steps. 

Owing to its modular design, the architecture can be extended toward multi-line scenarios or 

more complex resource interactions without altering its fundamental structure, thereby 

preserving scalability and adaptability. 

4. FORMAL MODELING AND PLANNING 

Highly variant production systems are characterized by multiple sequential process 

steps, each offering a set of alternative execution options. For each step i∈{1,…,n}, these 

alternatives are represented as discrete parameter variants, defining different ways of 

performing the same abstract operation. Let 

xi∈Vi         (5) 

denote the parameter variant selected for process step iii, where Vi is the set of 

admissible variants. Instead of modeling continuous parameter ranges or stochastic variations, 

the decision space is deliberately discretized. Each parameter variant corresponds to a 

concrete configuration choice and thus represents an explicit decision variable within a finite, 

yet combinatorically growing, configuration space. This discretization enables systematic and 
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formally tractable exploration while maintaining explicit control over combinatorial 

complexity. The overall decision space is defined as the Cartesian product: 

D=V1×V2×⋯×Vn        (6) 

However, not all combinations of parameter variants are feasible. Feasibility is governed 

by a set of constraints: 

Ck(x1,…,xn),k=1,…,m       (7) 

which encode resource capabilities, process dependencies, and admissible parameter 

combinations. These constraints must be satisfied for a configuration to be valid. Accordingly, 

the set of feasible configurations is defined as: 

Dvalid={x∈D∣Ck(x1,…,xn)=true ∀k}     (8) 

The derivation of the decision space follows the Product–Process–Resource–Skill 

(PPRS) modeling principle. Products, processes, resources, and skills are represented as 

distinct entities to enable structured reasoning about feasibility and configuration 

dependencies. Abstract processes describe production activities independently of specific 

equipment. Resources represent physical entities capable of execution, while skills define the 

ability of a resource to perform a given process. Concrete tasks emerge through the 

assignment of parameter variants to skills, thereby forming executable alternatives. 

Figure 2 illustrates this modeling principle in an abstracted form for a generic process 

step, independent of any specific production domain. Discrete parameter variants define 

alternative execution strategies, which are combined into admissible task instantiations and 

ultimately form executable process plans. 

 

Fig. 2. Abstract representation of the Product–Process–Resource–Skill (PPRS)  

model used to structure production decisions through discrete parameter  

variants and resource capabilities 

 

This structured representation is transferable across all process steps by adapting the 

corresponding parameter sets. The overall decision space is implicitly defined by the 

combination of admissible parameter variants along the sequential process structure. Rather 

than enumerating this space explicitly, feasibility constraints and logical dependencies restrict 
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the set of valid configurations. These constraints arise from resource capabilities, process 

ordering requirements, and admissible parameter combinations, and are encoded directly in 

the formal model, thereby defining the feasible solution space Dvalid. 

To enable systematic exploration of this constrained decision space, symbolic planning 

is employed. Planning problems of this kind are characterized by discrete system states, 

explicit action choices, and clearly defined goal conditions. The Planning Domain Definition 

Language (PDDL) is particularly suitable for this purpose, as it supports the unified 

representation of decision alternatives, constraints, and numerical evaluation criteria. In 

contrast to gradient-based or continuous optimization approaches, symbolic planning operates 

directly on discrete, non-convex, and combinatorial decision spaces, where derivative 

information is unavailable or not meaningful. Furthermore, feasibility is inherently ensured 

through action preconditions and state transition rules, such that only solutions contained in 

Dvalid are generated. 

Production objectives are integrated directly into the planning formulation. Typical 

objectives include cost minimization and quality maximization, where cost is interpreted as 

an application-specific measure (e.g., setup effort, reconfiguration complexity, or operational 

overhead), rather than a purely monetary quantity. Quality similarly represents an abstract 

performance indicator derived from process outcomes. These objectives are formalized as 

configurable evaluation dimensions and combined within a weighted objective function J(π), 

enabling optimization over the set of feasible process plans. 

In this way, formal modeling and symbolic planning provide not only a descriptive 

representation of process variability, but also an operational mechanism for systematically 

exploring and evaluating feasible production configurations under competing objective. 

5. VERIFICATION SCENARIOS AND RESULTS 

To assess the proposed planning-based digital twin architecture, a representative 

production scenario is considered. The objective of this chapter is not to provide a full 

validation of production performance, but to verify the functional correctness and internal 

consistency of the proposed system architecture. Given the large number of parameter 

variants and the use of exemplary parameter values, the focus lies on demonstrating that the 

system operates robustly and coherently across the defined decision space. The evaluation 

therefore emphasizes the traceability of planning decisions, the correctness of generated 

process paths, and the consistent transfer of planning results into simulation-based execution. 

At the same time, selected quantitative indicators are evaluated to support this verification 

and to enable a comparison with baseline approaches. 

The central challenge addressed by the proposed architecture is the combinatorial 

growth of the decision space in highly variant production systems. Each process step may be 

executed using multiple parameter variants, and each combination of these variants 

corresponds to a distinct process configuration. When multiple sequential process steps are 

considered, the resulting number of possible configurations increases rapidly and becomes 

difficult to analyse manually.  
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Figure 3 illustrates this structure by representing the decision space as a layered decision 

graph. Each layer corresponds to a process step, nodes represent selectable parameter variants, 

and edges indicate feasible transitions between parameter selections of consecutive process 

steps. 

 

Fig. 3. Physical layout of the thermoforming demonstrator, showing the sequential production stations that define the 

structure of the planning problem, including gripping, clamping, transfer, heating, forming, post-forming, reworking, 

and visual inspection 

 

The decision space used in this work is derived from an existing thermoforming 

demonstrator that serves as the evaluation scenario. The underlying production process and 

its technological background are described in more detail in [30] and are therefore only 

summarized here. The demonstrator represents a complete production chain for 

manufacturing unidirectional tapes and provides a realistic yet controllable environment for 

evaluating planning-based decision space exploration. Figure 4 shows the physical layout of 

the demonstrator, including the main processing stations and the overall material flow. The 

process chain comprises eight sequential steps: gripping, clamping, transfer, heating, forming, 

post-forming, reworking, and visual inspection. These steps define the structural backbone of 

the planning problem and form the basis for constructing the decision space shown in Fig. 4. 
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Fig. 4. Physical layout of the thermoforming demonstrator, showing the sequential production stations that define the 

structure of the planning problem, including gripping, clamping, transfer, heating, forming, post-forming, reworking, 

and visual inspection. 

Without additional restrictions, the decision graph contains a very large number of 

possible paths from the initial to the final process step. To demonstrate how the planning 

approach structures and reduces this space, an exemplary planning scenario is defined in 

which additional constraints restrict admissible parameter variants. These constraints 

represent feasibility requirements and production objectives, such as minimum force levels, 

restricted motion profiles, bounded temperature ranges, or predefined inspection 

configurations. Instead of enumerating all combinations explicitly, the planner applies these 

constraints symbolically to eliminate infeasible or undesired branches of the decision graph. 

Figure 5 illustrates the resulting reduced decision space for this scenario. Compared to 

the unconstrained graph shown previously, large parts of the decision space are pruned while 

feasible and goal-consistent process paths remain accessible. In the investigated scenario, the 

formalized constraints reduce the theoretical configuration space of about 61.3%. This 

highlights the effectiveness of constraint-based modelling as a first step in controlling 

combinatorial complexity before planning is applied. 
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Fig. 5. Reduced decision space resulting from constraint-based planning. Each column represents a process step with 

discrete parameter variants, while nodes denote admissible selections and edges indicate valid transitions. Infeasible 

configurations are eliminated through formal constraints, leading to a significantly pruned decision graph that preserves 

only feasible and goal-consistent process paths 

To further assess the effectiveness of the proposed approach, the planning-based method 

is compared against two baseline strategies: random sampling of parameter combinations and 

rule-based filtering using simple constraints without planning. 

The comparison reveals significant differences in both feasibility and solution quality. 

Random sampling achieves a feasibility rate of only 2%, indicating that physically valid 

process configurations are rarely obtained through unstructured exploration. Rule-based 

filtering improves this rate to approximately 35%, as basic constraints eliminate a portion of 

infeasible configurations. In contrast, the planning-based approach achieves a feasibility rate 

of 100%, since feasibility constraints are explicitly encoded in the planning model and 

enforced during solution generation. 

In terms of solution quality, measured by the objective function J(π), the planning-based 

approach consistently identifies the optimal process configuration. While both baselines 

exhibit a broad distribution of objective values whereas the planning-based approach yields a 

consistent and optimal result as shown in Fig. 6. 
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Fig. 6. Distribution of objective values J(π) for planning-based and baseline approaches. The planning-based method 

consistently identifies the optimal solution with minimal variance, while random sampling and rule-based filtering 

exhibit significantly higher variability and inferior average performance 

The feasible process configurations generated by the planner are subsequently 

transferred to the execution layer of the architecture. Each selected process path defines a 

concrete sequence of process steps together with the associated parameter selections. In 

combination with the geometric and physical resource descriptions, these planning results are 

used to instantiate executable simulation scenarios. 

Figure 6 depicts an exemplary state of the resulting PyBullet simulation environment. 

The simulation scene is automatically generated from the planning results by instantiating the 

required resources, assigning the selected parameter configurations, and executing the 

corresponding process sequence. At this stage, the simulation primarily serves to verify the 

correct execution of the generated plans and the consistency of the plan-to-simulation transfer, 

rather than to evaluate absolute production performance. 

 

Fig. 7. Example PyBullet simulation scene generated from a planned process  

configuration for execution-level verification 

Overall, the presented results demonstrate that the proposed architecture enables 

consistent and traceable exploration of large decision spaces in highly variant production 

systems. The verification confirms that formal modelling and constraint-based planning 

reliably generate coherent process paths and that these planning results can be transferred 
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consistently into simulation-based execution. At the same time, the quantitative comparison 

shows that planning not only guarantees feasibility but also systematically identifies superior 

solutions compared to baseline approaches. The results therefore substantiate both the 

functional correctness of the architecture and the effectiveness of planning-based decision 

space exploration within the proposed digital twin framework. 

6. CONCLUSION & OUTLOOK 

This paper presented a planning-based digital twin architecture for structured decision 

space exploration in highly variant and immature production processes. The core contribution 

lies in the integration of formal decision space modeling, symbolic planning, physics-based 

simulation, and evaluation-driven feedback into a unified and modular architecture. Rather 

than addressing individual process parameters in isolation, the proposed approach enables 

systematic reasoning over combinatorial configuration spaces and supports the generation, 

execution, and assessment of consistent process alternatives. 

The architecture combines a discretized decision space representation with a symbolic 

planning layer and a PyBullet-based execution environment. By structuring process 

variability through discrete process parameter variants and explicitly modeling feasibility 

constraints and production objectives, large decision spaces can be explored in a controlled 

and traceable manner. The verification scenarios demonstrated that the proposed pipeline 

reliably generates coherent process sequences, applies constraints consistently, and transfers 

planning results into executable simulation scenarios. These results confirm the functional 

correctness of the architecture and its suitability for decision space structuring and exploration 

in highly variant production settings. 

Beyond functional verification, the quantitative evaluation further highlights the 

effectiveness of the proposed approach. The results show that planning-based decision 

generation significantly outperforms baseline methods in both feasibility and solution quality. 

While random sampling achieves a feasibility rate of only 2% and rule-based filtering 

improves this to approximately 35%, the planning-based approach consistently produces 

feasible solutions with a rate of 100%. Furthermore, the quality of generated solutions, 

measured by the objective function J(π), is substantially improved. The planner identifies an 

optimal solution, whereas baseline methods exhibit considerably higher average objective 

values and large variability. These findings underline that planning not only ensures constraint 

satisfaction but also enables systematic identification of superior process configurations. 

A key outcome of this work is the demonstration that planning-based methods provide 

an effective mechanism for managing combinatorial complexity in early-stage or exploratory 

production processes. Instead of exhaustive enumeration, the decision space is systematically 

reduced through formal constraints and objective-driven planning. In this sense, the digital 

twin is not limited to passive representation or simulation, but actively supports decision-

making by coupling symbolic reasoning with execution-level verification. 

While the presented results verify the functional behavior of the proposed architecture, 

several directions for future work remain. A central next step is the coupling of the planning 
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and simulation pipeline with a fully realized physical demonstrator. Such a setup would 

enable experimental validation under real process conditions and allow bidirectional data 

exchange between the physical system and the digital twin. Furthermore, the integration of 

higher-fidelity process models, for example through FEM-based material simulations, would 

allow more accurate representation of physical effects in forming operations. 

To maintain computational efficiency, surrogate models could be introduced to 

approximate detailed simulations and enable scalable evaluation across larger decision 

spaces. This would support more extensive exploration while preserving physical relevance. 

In addition, the architecture is inherently extensible toward more complex production 

scenarios, including multi-line systems and parallel resource utilization. Incorporating such 

scenarios would require additional decision dimensions, such as line assignment or resource 

sharing, which can be naturally integrated into the existing planning framework. 

Overall, the proposed architecture provides a robust foundation for planning-based 

digital twins in highly variant production environments. By combining formal decision space 

modeling, symbolic planning, and simulation-based execution within a unified framework, it 

offers a scalable and extensible approach for systematic decision support in early-stage and 

evolving production systems. 
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