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With the increasing need to streamline calculation and simulation processes, and recognizing
that graphical user interfaces (GUI)—while user-friendly—are inefficient for handling large
database models and are susceptible to human error, this thesis demonstrates a completely
automated approach to calculate the stresses caused by displacement applied at one end of
the geometry via FE (Finite Element) method using ANSYS Parametric Design Language
(APDL), in combination with Python. A three-dimensional mechanical part is modeled with
fixed boundary conditions on one end and displacement applied on the other. The simula-
tion setup is validated through comparison with classical hand calculations to ensure physical
accuracy and reliability. Python is then used to generate a large number of simulation scenar-
ios with randomized displacement values. The solver generates result files, and von Mises
stress data are taken from those files after each case runs in batch mode within ANSYS.
The approach improves efficiency, maintains consistency, and allows for scaled high-volume
structural simulations without relying on graphical user interfaces
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Symbols and abbreviations

Latin characters

E Young’s modulus Pa
L Original length of the part m
L0 Initial length (L0) m
x x-coordinate (width) m
y y-coordinate (depth) m
z z-coordinate (height) m

Greek characters

∆L Change in length (Delta L)
σ Stress Pa
σaxial Axial stress Pa
σvM von Mises stress Pa

Abbreviations

2D Two dimensional
3D Three dimensional
API Application programing interfacew
ANSYS Analysis System (Commercial FEA software)
APDL ANSYS Parametric Design Language
BEM Boundary Element Method
CAD Computer-Aided Design
FDM Finite Difference Method
FE Finite Element
FEA Finite Element Analysis
GUI Graphical User Interface
HPC High-Performance Computing
KBE Knowledge-Based Engineering
MAPDL Mechanical ANSYS Parametric Design Language
ML Machine Learning
MPA Mega Pascal
SI International System of Units
VM von Mises (stress criterion)



Dimensionless numbers

ε epsilon
ν Poisson’s ratio
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1 Introduction

Engineering tasks call for not just accuracy but also efficiency in running many simulations
under different situations. Meeting the needs of fast prototyping, design optimization, and
data-driven modeling calls for more than traditional manual methods. Ensuring consistency,
scalability, and reproducibility across simulation workflows depends on automation being
absolutely necessary. Focusing on the integration of scripting languages and batch execution
tools inside current FEA environments, this thesis addresses these demands.

1.1 Research Background

The engineering field now requires optimized simulation processes with repeated execution
and scalability which brought about automated workflows instead of manual finite element
(FE) analysis. Today’s engineering practice demands the execution of many simulations
amounting to several hundred or thousands to study different conditions and achieve design
optimization. The high number of simulations at this scale requires script-based automa-
tion and programmatic control of simulation tools since manual operation through graphical
interfaces is impractical (Logg, 2006, pp. 62-64).

FE analysis is a numerical method employed to approximate solutions to boundary value
problems, extensively used in structural mechanics for modeling stress, deformation, and
dynamic behavior. It functions by partitioning intricate domains into smaller finite elements,
facilitating the efficient resolution of issues related to irregular geometries and complex
materials. In contrast to other numerical methods—such as the Finite Difference Method
(FDM), generally constrained to structured grids, and the Boundary Element Method (BEM),
primarily applicable to linear problems in infinite domains—FE analysis provides enhanced
versatility for multi-physics and nonlinear analyses (Zienkiewicz, Taylor & Zhu, 2005, p. 3).
Its incorporation into engineering processes has rendered it essential for the analysis and
optimization of structures, including bridges, turbines, and aerospace components, under
diverse loads and climatic circumstances.

ANSYS is a prominent FE analysis system in engineering, providing extensive capabilities
for structural, thermal, and multiphysics simulations. One of its fundamental features is
the ANSYS Parametric Design Language (APDL), a robust scripting language that allows
users to automate simulation processes, specify intricate material properties, and tailor the
complete analytic workflow. By utilizing APDL, engineers may create parametric models
to facilitate comprehensive design optimization and systematic analysis procedures (Ansys
Inc. 2025).
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FE analysis has improved its computational mechanics capabilities by incorporating the use
of Python scripting, facilitating the automation of simulation jobs, customization of work-
flows, and effective management of complicated analyses(NAFEMS, 2025). Python pro-
vides ideal conditions for automated FE workflows because of its friendly user interface and
mature scientific research tools which minimize the time needed for parametric evaluations
and complex data management operations. The PyAnsys project serves as a Python interface
for ANSYS software that enables users to execute scripting commands for ANSYS Mechan-
ical through a Python programming environment (Ansys Inc. 2025). The tool streamlines
the process to run three-dimensional finite element models for industrial accuracy through
an efficient and scalable analysis process.

The continuous advancement of FE Method technology has established its core importance
for engineering practice and computational modeling. Through APDL scripting languages
and integrated Python systems engineers receive stronger capabilities to execute complex
simulations along with optimizations in computational mechanics research.

1.2 Research Problem

Typically, the workflow execution for FE analysis occurs through graphical user interfaces
(GUI) which commercial programs such as ANSYS Mechanical provide. The manual struc-
ture of GUI-based workflows makes convenient for basic calculations and single-shot anal-
yses but may become insufficient for running large-scale investigations handling multiple
input adjustments. Industrial and academic fields experience critical challenges because they
need to run thousands of simulations simultaneously for design space exploration and data-
driven model training.

User errors become more likely because of manual operation while it causes simulation out-
put to become inconsistent between simulations. The lack of tracking during simulation runs
produces varying result executions which affects reproducibility of tests. Reliable scaling of
simulation faces major hurdles due to these limitations.

The combination of APDL simulation automation tools with flexible Python scripting needs
careful work to create a valid and efficient integrated system. Present workflows contain
separation between their pre-processing section and their simulation sector and validation
components and final post-processing operations requiring numerous disconnected manual
work steps.

Engineers require a self-operated FE workflow that handles large data sets automatically
while maintaining consistent boundary condition implementation and provides analytical or
semi-analytical tools to check simulation precision. Such automation system would elim-
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inate human mistakes while increasing both simulation accuracy and number of programs
that run automatically. Providing a solution to this issue remains essential because it enables
the efficient performance of high-throughput analysis under computational mechanics.

Research Question: The research is guided by the following questions:

How can the manual FE analysis process in ANSYS Mechanical, specifically for linear static
structural problems with displacement-controlled loading, be replaced by a fully automated
and verifiable workflow using APDL and Python that supports large-scale batch simulations
without manual input?

1.3 Research Objectives

This thesis establishes a complete automated finite element analysis process which elim-
inates user-driven graphical input so it can perform extensive structural modellings. The
implementation of APDL scripts combined with Python will produce a closed simulation
process which can run and analyze simulations numbering in the thousands with different
displacement boundary inputs.

A mechanical component parametric model using ANSYS APDL needs to be built while
testing begins with established boundary conditions under predefined boundary conditions
against hand calculation results. The validation step secures both accuracy and reliability of
simulation procedures.

The core priority is to create an automated system for Python which will generate many
simulation cases using Python to allow for random variations in displacement conditions.
Batch execution of these cases within ANSYS makes use of the system in automated mode
while eliminating all graphical user interface interactions.

The research targets four fundamental areas which include automation systems and efforts
for maintaining simulation standardized results and reducing person-made mistakes during
execution. The last research goal includes conducting performance and accuracy tests on
the developed workflow together with considering scalability for engineering analysis high-
throughput simulation workloads.

The research strives to create a reference model which enables others to build automated FE
analysis pipelines suited for scalable computational engineering solutions.

The key objectives of the research are:

◦ This work aims to develop and validate a fully automated simulation workflow
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using APDL, capable of handling geometry import, boundary condition assign-
ment, model solving, and result extraction—entirely without manual interven-
tion.

◦ A key objective is to generate a comprehensive dataset of 1000 simulation cases,
each featuring randomly assigned displacement conditions on a predefined me-
chanical geometry. The corresponding von Mises stress values are extracted for
analysis.

◦ To ensure the physical accuracy of the automated process, a subset of simulations
is validated using hand calculations based on classical engineering methods.

◦ Finally, the workflow is evaluated in terms of its computational efficiency, accu-
racy, and scalability, with a comparison to traditional graphical user interface-
based approaches to highlight the advantages and limitations of the scripting
method.

The study automates essential parts of simulation processes such as defining geometries and
meshing and application of boundary conditions and result extraction. This approach does
not include machine learning or advanced predictive modeling during its current develop-
ment phase for the sake of maintaining core automation framework focus. The analysis
concentrates on streamlining with less graphical user interface to acheive the genrearation
of results to enhance the existing knowledge base in computational mechanics and digital
engineering.

1.4 Scope and limitations

The research implements a complete FE analysis automation process through structural stress
modeling with ANSYS APDL and Python. The study covers all stages of simulation execu-
tion from defining the model through result extraction by running codes instead of using AN-
SYS graphical tools. The studied geometry comes from a predefined mechanical part where
boundary conditions implemented at both ends through which displacement variations oc-
cur within different simulation cases. Python creates 1000 randomly generated displacement
scenarios before sending them to ANSYS batch mode for solving purposes.

The automation pipeline carries out three sequential tasks: geometry import and boundary
setting during pre-processing and solving via APDL along with post-processing that extracts
the von Mises stress. The selected cases undergo independent verification through manual
analysis for ensuring both physical validity and workflow reliability.

However, several limitations apply. The investigation uses linear static structural analysis ex-
clusively while omitting both nonlinear behavior and dynamic loading and complex material
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models from consideration. The analysis includes a predetermined constant geometry which
lacks variable shape parameters. The sample size for validation excludes most of the dataset
while assuming equal performance responses between all test cases. The designed workflow
operates within the ANSYS environment while omitting cross-platform testing capabilities.

The research project excludes considerations about optimization methods or detail refine-
ment procedures and it omits integration capabilities with machine learning models. The
system enables controlled automation for time-efficient and reliable stress simulation runs
limited to the specified parameters.

1.5 Structure of thesis

This thesis is structured into six main chapters, each contributing to the development and
evaluation of the automated finite element analysis workflow.

• Chapter 1: Introduction presents the background, motivation, problem statement,
research questions, objectives, scope, and limitations of the study.

• Chapter 2: Literature Review discusses the conceptual foundations of FE analysis
techniques, the use of ANSYS and APDL scripting, the function of Python in automa-
tion, and pertinent studies in high-throughput simulation processes.

• Chapter 3: Methodology details the modeling process, boundary condition setup,
script development in APDL, automation using Python, batch simulation execution,
and validation through hand calculations.

• Chapter 4: Results and Discussion demonstrates the validation of the simulation
framework against analytical calculations, displays representative outputs and batch
simulation data, and interprets the results. It assesses the automated workflow’s per-
formance, efficiency, and scalability, outlining the primary benefits and limits of the
scripting technique, and discussing the framework’s adaptability for future use in more
complex applications.

• Chapter 6: Conclusion and Future Work summarizes the main findings, reflects on
the research objectives, and outlines possible directions for future development and
enhancement of the workflow.
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2 Literature Review

FE Analysis has emerged as a key component of computational engineering, allowing com-
plicated physical problems to be solved using partial differential equations. Originally de-
signed for structural mechanics, FE is currently used in heat transfer, fluid dynamics, and
electromagnetics (Zienkiewicz, Taylor & Zhu, 2005, p. 3). Its strength is in the ability to dis-
cretize complex geometries and heterogeneous materials into finite components, allowing for
reliable approximation of field variables like displacement or temperature. This adaptability
has made FE Analysis an essential tool for both academic research and industry design.

2.1 FE analisys Theory and Stress Analysis Fundamentals

The FE analysis is a powerful numerical method widely applied in engineering disciplines
to solve partial differential equations that describe physical phenomena. Initially developed
for structural mechanics problems, it has since been adopted in fields such as heat transfer,
electromagnetism, and fluid dynamics. The core advantage of FE analysis lies in its ability to
handle complex geometries, heterogeneous materials, and boundary conditions by breaking
down a continuum domain into discrete finite elements Finite Element Analysis (FEA) is a
versatile numerical method initially rooted in structural (Zienkiewicz, Taylor & Zhu, 2005,
p. 4).

In structural engineering, FE analisys plays a critical role in evaluating stress, strain, and
deformation responses of materials and structures under applied loads. The method ap-
proximates the unknown field variables—typically displacements in solid mechanics—by
constructing shape functions that model the behavior within each element. These approxi-
mations allow engineers to assess performance under static, dynamic, and thermal loading
conditions that would be analytically intractable for most real-world structures (Reddy, 2019;
Zienkiewicz, Taylor & Zhu, 2005, pp. 19–21).

The finite element process follows a structured pipeline:

• Discretization: The domain is divided into smaller subdomains or elements, con-
nected at nodal points. The quality of the mesh—including element size, aspect ratio,
and type—has a direct impact on accuracy and convergence.

• Selection of Element Type and Shape Functions: Based on geometry and problem
type, appropriate element types (1D beams, 2D triangles/quads, or 3D tetrahedron-
s/hexahedrons) are chosen. Shape functions are formulated to represent field variables
across elements.

• Derivation of Element Equations: Governing equations are derived using variational
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principles such as Galerkin’s method, the principle of virtual work, or minimum po-
tential energy, resulting in stiffness matrices and load vectors for each element.

• Assembly of Global System: All element-level matrices and vectors are assembled
into a global system of equations representing the structure.

• Application of Boundary Conditions and Solution: Displacement as a boundary
condition is applied, and the resulting equations in ANSYS is solved for nodal dis-
placements. Post-processing steps extract equivalent stress.

FE analisys accuracy depends heavily on appropriate meshing, material modeling, and the
selection of boundary conditions. Adaptive mesh refinement and convergence studies are
often required to ensure that results are not mesh-dependent. Moreover, Modeling nonlin-
ear material behavior, contact mechanics, and geometric nonlinearity significantly increases
complexity and computational demand (Zienkiewicz, Taylor & Zhu, 2005, pp. 19–21).

Over the years, numerous FE analisys formulations have been developed for different ap-
plications. For instance, mixed formulation techniques are used to overcome limitations in
incompressible materials, and reduced integration is often applied to prevent locking phe-
nomena in bending-dominated problems (Zienkiewicz, Taylor & Zhu, 2005, p. 330). The
development of commercial FE Analysis software such as ANSYS, Abaqus, and COMSOL
has facilitated widespread adoption by automating many of these formulation complexities,
while still providing flexibility for user customization.

In summary, FE analisys provides a robust framework for solving structural mechanics prob-
lems. Its modularity, scalability, and mathematical rigor make it indispensable for both re-
search and engineering design. As computational resources continue to improve, so too does
the fidelity of FE simulations—enabling larger, more detailed models and more accurate
predictions across a wide range of engineering domains.

2.2 ANSYS (GUI, APDL), Python Automation

ANSYS is a widely used software platform for finite element analysis (FE) Analysis in engi-
neering applications, offering both graphical and programmatic interfaces to support a range
of simulation workflows. The traditional interface provided by ANSYS is its Graphical User
Interface (GUI), which enables users to manually define geometry, assign material proper-
ties, set boundary conditions, and visualize simulation results. This interactive environment
is particularly useful for beginner users and one-off simulations but becomes increasingly
inefficient when dealing with large parametric studies, optimization workflows, or high-
throughput simulation tasks.
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To address the inefficiencies of manual operation, ANSYS provides the APDL, a script-
ing language that allows users to automate the entire simulation pipeline. APDL scripts can
define complex geometries, mesh parameters, boundary conditions, solver settings, and post-
processing commands using procedural constructs such as loops, conditionals, and macros.
This capability makes APDL especially valuable for batch processing, ensuring reproducibil-
ity, and facilitating design.

In practical applications, ANSYS Parametric Design Language (APDL) is frequently used
to script simulation workflows that enhance consistency across runs. APDL allows users to
define mesh controls, load applications, boundary conditions, and postprocessing commands
using procedural programming constructs like loops and macros. This facilitates automation,
reproducibility, and efficient execution of design space explorations and batch processing
tasks (Thompson and Thompson, 2017, p.12).

Although APDL possesses strong programming functionalities for model automation, its
unique syntax and sequential traits may hinder the learning process and interaction with cur-
rent software systems. Ansys created the PyAnsys library, a combination of Python tools
compatible with Ansys solvers. One element of this suite is PyMAPDL, which connects
the Mechanical APDL solution to Python. PyMAPDL allows users to employ Python syn-
tax for performing solvers, delivering APDL commands, retrieving results, and automating
models. This enhances user engagement and better fits with other Python-based procedures
(PyMAPDL Documentation, 2024).

Integrating Python with Ansys software enhances the automation and efficiency of engi-
neering simulations. The PyAnsys ecosystem, developed and maintained by Ansys Inc.,
provides Python interfaces to multiple Ansys products, enabling users to script and auto-
mate all stages of a simulation—from pre-processing to post-processing—entirely outside
the traditional GUI workflow (PyAnsys Documentation, 2024).

One of the key tools in this ecosystem is PyMAPDL, which gives Pythonic access to the
Ansys Mechanical APDL solver. With PyMAPDL, users can launch simulations, define
boundary conditions, apply loads, and retrieve results through Python scripts. This greatly
reduces the time and effort required for large-scale or repetitive simulations and ensures
consistency in simulation setup (PyMAPDL Documentation, 2024).

Other component, supports advanced post-processing of simulation data. It allows users to
extract stress, strain, and other field results programmatically, enabling detailed analyses and
the generation of customized output reports. These tools are designed to integrate seamlessly
with the Python scientific computing ecosystem, facilitating data manipulation, statistical
analysis, and visualization within the same scripting environment (PyAnsys, 2024).
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The benefits of Python integration go beyond ease of use. It allows engineers to build fully
automated simulation pipelines that are reproducible, scalable, and easy to maintain. Work-
flows can include batch processing of hundreds or thousands of simulation cases, which
is particularly useful in design optimization and uncertainty quantification. Additionally,
the use of Python scripting supports better version control, traceability, and documenta-
tion—elements that are crucial for both research and industrial environments.

By substituting manual interactions with automated scripts, such tools decrease user error,
enhance simulation efficiency, and facilitate the integration of simulations with optimization
methods or machine learning models. Overall, Python integration has become an important
part of modern modeling methods because it provides both technical depth and practical
scalability.

Python-driven automation supports integration with data analytics and machine learning. For
instance, a study by Shaikh et al. (2023) utilized high-throughput FE Analysis simulations
to generate datasets for training ML models aimed at predicting crashworthiness metrics
of carbon fiber battery enclosures. This approach underscores the significance of scalable
simulation workflows in data-centric engineering applications (Shaikh, Taufique, Kranthi,
Kulkarni, Hale, Oleson, Devanathan, and Soulami, 2023, p. 8).

The synergy of APDL and Python represents a hybrid approach: APDL provides precise,
solver-level control, while Python enables high-level management of the simulation process,
including batch job orchestration, post-processing, and integration with external data sys-
tems. This division of responsibilities allows for clean, maintainable workflows that can be
version-controlled and adapted across multiple projects.

As simulation tasks become increasingly embedded in digital engineering and product life-
cycle management systems, the ability to execute simulations programmatically becomes
essential. ANSYS continues to support this trend through improvements in scripting inter-
faces, enhanced documentation, and integration with modern software tools. This positions
the platform as a scalable solution for research and industry applications that demand au-
tomation, traceability, and computational efficiency.

2.3 Prior Work on Simulation Automation or Batch Processing

The automation of simulation processes and batch execution has become a critical area of
development in engineering design and analysis. FE Analysis , which remains central to
evaluating structural and thermal behavior under various conditions, has traditionally relied
on manual workflows that are time-consuming and prone to error. These workflows typi-
cally include geometry definition, mesh generation, material assignment, boundary condition
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specification, solver configuration, and result interpretation. The demand for repeatability,
scalability, and computational efficiency in modern engineering practices has driven the ad-
vancement of automated and batch-capable simulation frameworks (Logg, 2006, p. 11) .

Initial studies in this domain focused on the automation of pre-processing phases. In 2005,
Nawijn et al. showed how Knowledge-Based Engineering (KBE) tools could be used to
make FE model splitting automatic. Their study shown that rule-based systems may greatly
minimize manual effort in constructing complicated geometries and improve consistency
across repeated simulations. (Nawijn, van Tooren, Berends, and Arendsen, 2006, p. 2).
The KBE methodologies were especially beneficial in fields necessitating frequent geomet-
ric modifications and high model accuracy, such as aerospace and automotive component
design.

The integration of CAD and FE systems to support automation has also been extensively
studied. Johansson (2014) presented a method that combined feature recognition with script-
based automation, enabling the development of complete FE models for variant-rich prod-
ucts directly from CAD data. This strategy improved efficiency during iterative design by
eliminating the need for manual meshing and boundary condition reassignment in each loop
(Johansson, 2014, p. 4).

Automation has not been confined to pre-processing alone. The execution and post-processing
stages of FE Analysis have also seen advances. Tran et al. (2022) introduced a batch-parallel
Bayesian optimization framework designed for constrained simulation-based optimization
problems. Their approach efficiently distributed multiple simulation cases across high-
performance computing (HPC) nodes, evaluating configurations asynchronously to minimize
total wall-clock time (Tran, Eldred, Wildey, McCann, Sun, and Visintainer, 2022, p. 2). Such
strategies are particularly beneficial when dealing with computationally expensive problems
that require extensive sampling of the design space.

Post-processing automation, another critical bottleneck, has been addressed by integrating
FE Analysis results directly into optimization and machine learning workflows. Chen and
Ito (2022) described a framework where parametric FE analysis was used to generate simu-
lation datasets, which were then fed into machine learning models for predictive design op-
timization. Automating this loop reduced the need for manual result extraction and enabled
large-scale training of data-driven design tools (Trovato, Belluomo, Bici, Prist, Campana,
and Cicconi, 2025, p. 2160). Their approach demonstrates the growing intersection between
traditional simulation and emerging data science techniques.

Commercial tools have incorporated automation by integrating parametric modeling with
scripting and batch-processing workflows. Studies such foundational texts like Zienkiewicz
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et al. (2005) highlight how combining user interfaces with scripting capabilities supports
high-throughput simulation, improves productivity, and ensures consistency across repeated
simulations. These workflows allow large-scale parametric studies with minimal user in-
tervention, leveraging automation to streamline design and analysis processes (Zienkiewicz,
Taylor & Zhu, 2005, p. 664).

Recent advancements have demonstrated the integration of automated FE Analysis within
digital twin frameworks for real-time structural analysis. For instance, Liu et al. (2022)
developed a digital twin-based framework that combines sensor data with FE Analysis sim-
ulations to predict the impact response of prestressed steel structures. This integration fa-
cilitates real-time monitoring and decision-making in civil infrastructure maintenance (Liu,
Yuan, Sun, and Cao, 2022, p. 7).

Collectively, these studies underscore several key principles of modern simulation automa-
tion: modularity, integration, and scalability. Modularity ensures that different parts of the
workflow—geometry setup, solver execution, result processing—can be developed, main-
tained, and reused independently. integration between tools like Python, MATLAB, CAD
systems, and solvers allows engineers to create hybrid workflows tailored to specific project
needs. Scalability ensures that such workflows can support hundreds or thousands of simu-
lations in a reasonable timeframe, either via batch execution on local machines or distributed
computing platforms.

The move toward full simulation automation is further driven by the need for digital continu-
ity in product lifecycle management. From conceptual design to verification and validation,
automated simulations reduce turnaround time and improve traceability of engineering de-
cisions. The accumulation of literature in this field reflects both academic and industrial
momentum toward replacing traditional, manual FE Analysis workflows with flexible, pro-
grammable, and integrated systems capable of handling complexity and scale.

In summary, the automation and batch processing of simulations are no longer experimental
but increasingly central to engineering workflows. Prior work has laid the foundation for
scalable simulation infrastructures that can be integrated with optimization algorithms, dig-
ital twins, and AI-driven design tools. These capabilities will continue to evolve in tandem
with developments in computing power, open-source libraries, and simulation APIs.
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3 Methodology

From CAD model preparation to automated batch execution and result extraction, this chap-
ter describes the whole simulation pipeline employed in this thesis. The aim is to clearly
record every phase of the workflow showing how script-driven automation utilizing APDL
and Python for scalable finite element analysis replaced human activities.

3.1 Part Modeling in SolidWorks

The shape of the geometry can be seen from figure 1 below. The part was modeled using
SolidWorks. The geometry is a rectangular solid with a depth (length) of 100 mm. All di-
mensions are defined in millimeters for simplicity, however other values follow the SI unit
system. For the purpose of ensuring numerical stability and maintaining physical plausibil-
ity, the cross-sectional width and height were chosen at random within acceptable propor-
tions. In order to prevent stress concentration areas and to facilitate clean stress analysis and
uncomplicated validation using analytical techniques, the geometry was purposefully kept
basic. This was accomplished by excluding features such as fillets, holes, and chamfers.

Figure 1: 3D isometric view of the modeled geometry showing dimensions.

No material properties were defined in SolidWorks. Only the geometric model was created
in this stage. All physical and mechanical properties—such as Young’s modulus, Poisson’s
ratio, and density—were assigned later inside ANSYS during the preprocessing phase.

The completed model was exported in IGES format (.igs), which is compatible with ANSYS
and preserves the solid body geometry during transfer. This ensures reliable import into the
simulation environment without loss of detail or accuracy.
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3.2 Boundary Conditions in APDL

Boundary conditions were implemented in ANSYS APDL to model a uniaxial tensile test.

1. Fixing one end: The nodes at one end of the model were designated using the NSEL

command. Displacements in all directions were restricted using the D command: D,
all, UX, 0, D, all, UY, 0, D, all, UZ, 0. This simulated a fixed support.

2. Applying displacement at the other end: Nodes on the opposing face were selected
using an additional NSEL command. A displacement was applied in the UX direction
using: D, all, UX, value. Two values were tested:

• 0 mm — to confirm that zero displacement yields zero stress.

• 0.05 mm — to compare results with analytical stress derived from Hooke’s law.

3. Solving and saving results: The model was solved with SOLVE. Stress values were
extracted using *GET and saved using *CFOPEN and *VWRITE.

This sequential structure was used to maintain the simulation’s simplicity, reproducibility,
and ease of validation through hand calculation.

3.3 APDL Scripting and Structure

All simulations were performed via APDL scripts, with no use of the ANSYS GUI. Each
script was self-contained and defined every step needed for analysis execution, supporting
full automation.

Scripts followed a repeatable framework to ensure consistency across simulations. Each
covered importing geometry, applying material properties, meshing, setting boundary con-
ditions, solving, and extracting results. This supported batch execution of multiple cases.

Geometry was imported via the IGESIN command. Settings ensured the geometry was rec-
ognized as a solid body. Import occurred under /AUX15 before preprocessing.

Element type was defined with ET,1,SOLID185. Material properties (Young’s modulus,
Poisson’s ratio, and density) were assigned via MPDATA and remained unchanged across sim-
ulations. Meshing used structured hexahedral elements via automatic sweep. Components
were defined to control sweep direction and mesh quality.

Boundary conditions were set by constraining nodes on one end in all translational degrees
(UX, UY, UZ = 0). The opposite end received displacement in UX only. Validation used 0 mm
and 0.05 mm values; automation used random displacements from Python.
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The SOLVE command performed static analysis. Postprocessing was handled using /POST1.

Results were extracted using *GET to retrieve von Mises stress at target nodes. Values were
written with *CFOPEN, *VWRITE, and *CFCLOSE. Each file was named per case ID (e.g.,
stress_results_1001.txt) to ensure traceability.

APDL scripting gave full simulation control, ensured reproducibility, and integrated easily
with Python. The structure supported large-scale batch execution without manual steps. This
ensured precision, consistency, and scalability across numerous loading scenarios.

The full APDL script used for simulation automation is available on GitHub Naziri, 2025.

3.4 Validation via Hand Calculations

A validation was conducted utilizing standard engineering stress analysis methodologies to
verify the accuracy of the simulation process and the validity of the boundary condition setup.
This validation entailed comparing the equivalent stress outcome from the ANSYS APDL
simulation with a manually computed stress derived from the principles of linear elasticity.
The objective was to verify that the APDL script accurately depicts the mechanical response
of the structure under the specified loading situation.

The validation relied on a simple test scenario where a known displacement was delivered
to one end of a rectangular solid, while the opposite end was entirely constrained in all three
translational degrees of freedom. This illustrates a prevalent boundary condition situation in
structural mechanics referred to as axial compression.

The imposed displacement was 0.05 mm in the X direction, aligned with the body’s length.
The simulation configuration fixed all displacements (UX, UY, UZ) at one end and imposed
a 0.05 mm displacement on designated nodes at the opposite end exclusively in the UX
direction. Given the uniform application of displacement and the symmetry of the geometry
along the loading axis, the presumption of a uniform axial stress distribution throughout the
loaded face is justified. The geometry comprised a stepped solid with a rectangular base and
the subsequent dimensions:

Since the material was defined as an isotropic, linear elastic solid. The hand calculation will
follow the very same setting for verification purposes:

• Young’s modulus (E): 2.1 ·1011 Pa

To validate the simulation results, the axial stress was also calculated manually using Hooke’s
law for uniaxial loading (Young & Budynas, 2002, p. 16) :
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σ = Eε (1)

where:

where:

• σ is the axial stress in Pa,

• E is the Young’s modulus in Pa,

• ε is the axial strain (dimensionless).

In the considered simple case of unidirectional deformaion and within the framework of
linear theory, the axial strain value can be calculated as the ratio between the applied dis-
placement ∆L and the original length L0 of the body(Young & Budynas, 2002, p. 17):

ε =
∆L
L0

(2)

In this case, the imposed displacement was ∆L = 0.05 mm, and the original length of the
body was L0 = 100 mm. Substituting these values:

ε =
0.05
100

= 0.0005 (3)

Next, this strain value is used in Hooke’s law:

σ = (2.1 ·1011) ·0.0005 = 1.05 ·108 Pa (4)

This results in a manually calculated axial stress of:

σ = 1.05 ·108 Pa = 105 MPa (5)

This theoretical stress value is used to validate the accuracy of the finite element simulation
results under the same loading and boundary conditions shown in Appendix 6.

This figure represents the axial (normal) stress along the X axis. In the absence of applied
loads or limitations in the Y and Z directions, numerical effects or boundary conditions may
induce modest transverse or shear stress components. Consequently, although the stress
condition is primarily axial, it is not entirely uniaxial. The secondary components have a
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little impact on the von Mises stress, which is mostly governed by the axial loading.

The von Mises equivalent stress for a stress state with only one non-zero principal stress
component is equal to the absolute value of that component. Thus, in this scenario(Young &
Budynas, 2002, p. 17):

σvM = |σaxial|= 105 MPa (6)

This follows from the general definition of von Mises equivalent stress for a three-dimensional
stress state (Young & Budynas, 2002, p. 16):

σVM =

√︃
1
2
[(σ1 −σ2)2 +(σ2 −σ3)2 +(σ3 −σ1)2] (7)

Here, the stress state consists of a single non-zero component in the X-direction:

σ1 = σx = 105 MPa, σ2 = σ3 = 0 (8)

Substituting these values into the von Mises formula:

σVM =

√︃
1
2
[(105−0)2 +(0−0)2 +(0−105)2] =

√︃
1
2
(2 ·1052) =

√
1052 = 105 MPa (9)

Consequently, in a fully uniaxial stress condition with unconstrained transverse directions,
the von Mises equivalent stress is equivalent to the absolute magnitude of the axial stress. The
corresponding (von Mises) stress was obtained in the simulation using the *GET command
in APDL and recorded in a plain text output file with the *VWRITE and *CFOPEN commands.
These data represent the stress measured at 76 designated nodes following the application of
a displacement of 0.05 mm. The maximum recorded stress was around 108.85 MPa.

This value diverges by about 3.67% from the analytical solution of 105 MPa, obtained un-
der idealized uniaxial loading circumstances with the assumption of linear-elastic behavior.
The inconsistency is anticipated and physically explicable. The hand calculation presumes a
solitary non-zero major stress component, whereas the finite element model determines the
complete three-dimensional stress tensor at each node. The von Mises stress which is com-
puted in equation 6 Includes contributions from all normal and shear components. Despite
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the application of axial displacement just in the X-direction, with the transverse directions
remaining unconstrained, numerical variables such as mesh refinemen, approximation, or
solver rounding may generate minor transverse or shear stresses. The tiny variations increase
the von Mises stress marginally above the analytical value.

This work employed a structured mesh consisting of SOLID185 components to optimize
stress resolution and computational efficiency. Mesh resolution affects the accuracy of local
stress: coarser meshes may inadequately resolve stress gradients, whereas finer meshes can
more accurately capture localized fluctuations. The measured variance is within conventional
technical tolerances, validating the accuracy of the simulation.

The consistency between the analytical result and simulation outcome confirms the accurate
use of boundary conditions and APDL scripting logic. The solver operates as anticipated
under a regulated linear-elastic loading context, validating the model’s physical realism.

This validation was an essential condition for automated batch simulations. The depend-
ability of the scripting process was demonstrated by establishing consistency with classical
theory under known conditions, hence providing trust in all findings produced throughout
extensive parametric execution. The APDL script for this validation scenario is provided in
Appendix 1. Manual hand calculations supporting this comparison are shown in Appendix 7.

3.5 Automated Generation and Execution of Simulation Cases Using Python

and APDL

The simulation platform was enhanced with Python scripting and APDL automation to con-
duct a comprehensive parametric investigation of structure behavior under varying loading
situations. This method facilitated the development, execution, and data collecting for 1000
individual simulation scenarios, each employing a unique set of boundary conditions via
diverse displacement inputs. The implementation of scripting tools eradicated human re-
dundancy, guaranteed uniform formatting, and markedly decreased the likelihood of user
mistake.

This approach aimed to investigate the impact of varying displacement magnitudes given to
one end of a 3D isotropic solid on the resultant stress distribution, specifically the equivalent
(von Mises) stress. The first validation employed fixed displacements (0.00 mm and 0.05
mm), but this expanded study incorporated random displacement values within a specified
range for each scenario. Each of the 1000 simulation scenarios included node-specific dis-
placements ranging from 0.00 mm to 0.1 mm, focusing on the identical set of nodes used in
the validation step. The fixed boundary condition—no displacement in any direction—was
upheld at the other end in all examples.
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A Python script was developed to automate the generation of these input circumstances. The
script executed the subsequent steps:

• Identified the pertinent node numbers for displacement application, informed by previ-
ous GUI exploration and extraction methods. For each node, a random float value was
created between 0.00000 and 0.00010 (in meters, comparable to 0.00–0.1 mm). For-
matted the displacement command for APDL syntax (e.g., D, node_id, UX, value).
Created APDL input files with distinct names using a rigorous numerical naming pol-
icy (e.g., 1001.txt, 1002.txt, etc.).

The full Python script is shown in Appendix 3.

Each APDL script constituted a comprehensive simulation file with all required operations:

• Import the IGES geometry using the IGESIN command.

• Assign the element type (SOLID185).

• Define material properties (Young’s modulus, Poisson’s ratio, and density).

• Generate the mesh employing a structured sweep with hexahedral elements.

• Implementation of set boundary conditions at one extremity of the model.

• Application of arbitrarily produced displacement values at the opposing extremity.

• Conduct static structural analysis with the SOLVE command.

• Perform post-processing with *GET to retrieve equivalent stress (von Mises) at a desig-
nated node of interest, commonly NODE 76, to maintain consistency with the validation
case.

• Output the stress value to a designated text file using *CFOPEN, *VWRITE, and *CFCLOSE.

A sample of such an APDL script is included in Appendix 2.

A supplemental Python script was created to generate a batch execution file named
run_all_updated.txt for the efficient execution of all cases. This file contains a compila-
tion of input commands organized as follows:

/INPUT,1001,txt

/INPUT,1002,txt

...

/INPUT,2000,txt

FINISH

An snippet of the batch execution file is provided in Appendix 4.
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After receiving this batch file, ANSYS MAPDL sequentially ran all 1000 simulations with-
out requiring any manual user input. Each script functioned autonomously and produced its
own output file with the calculated von Mises stress. The result files corresponded directly to
the input scripts and were titled following the standard stress_results_XXXX.txt, with
XXXX representing the simulation index (e.g., stress_results_1234.txt).

The whole approach guaranteed total repeatability of the simulation setup, as all geometric,
material, and loading parameters were determined programmatically. Moreover, the automa-
tion facilitated the rapid creation of an extensive dataset for further analysis, including the
assessment of stress patterns over displacement ranges or the preparation of data for statisti-
cal or machine learning applications.

The hybrid use of Python and APDL illustrated the practical benefits of merging scripting
environments with conventional FEA tools. It facilitated precise control over simulation pa-
rameters, quick adjustment of testing settings, and uniform formatting of inputs and outputs.
The final outcome was a self-sufficient, batch-executable simulation system that could gener-
ate verified, structured results across various parameterized loading situations with minimum
operator input.

To simplify the usage of zero-displacement boundary conditions, a helper Python script was
developed to extract just the node numbers from a structured ANSYS output file. This script
deleted unnecessary coordinate data and extracted the needed node IDs for eventual use in
APDL restrictions. (see Appendix 5).

3.6 Result Extraction

Upon completion of the structural analysis for each simulation instance, the comparable
stress values were systematically retrieved and saved utilizing APDL scripting instructions.
This phase was essential for constructing a substantial, dependable dataset for future process-
ing and analysis. The extraction approach was entirely automated to guarantee uniformity
across all 1000 instances and to obviate the necessity for human post-processing using the
ANSYS graphical interface, thus facilitating both repeatability and scalability of the work-
flow.

The focus of this work was the equivalent stress, also known as the von Mises stress. This
scalar quantity is derived from the complete stress tensor and is widely used in structural
mechanics to assess yielding in ductile materials. It provides a single numerical value that
reflects the combined effect of all principal stresses, based on the distortion energy theory
of failure. This makes it particularly suitable for comparing stress responses across different
loading conditions, including multiaxial stress states.
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The APDL command used to obtain von Mises stress was *GET, which allows access to
specific results from the solution database. In this study, stress values were retrieved for each
node in the loaded region using the following syntax:

*GET, VM_STRESS, NODE, node_number, S, EQV

Here, VM_STRESS is a user-defined variable name for storing the result. The keyword NODE

specifies that nodal data is being accessed, node_number identifies the particular node, S
indicates stress, and EQV requests the von Mises equivalent stress component. This method
provides a scalar value representing the full stress state at each node, even under multiaxial
loading.

The extracted value was recorded in an output file using APDL’s file I/O commands:

• *CFOPEN — Opens or creates a text file for writing.

• *VWRITE — Writes variable values to the file in a specified format.

• *CFCLOSE — Closes the file and completes the writing process.

An example of the file-writing section is as follows:

*CFOPEN, stress_results_XXXX, txt

*VWRITE, VM_STRESS

%8i, %25.16e

*CFCLOSE

In this syntax, XXXX serves as a placeholder for the simulation ID, which aligns with the
numeric index of the APDL input file (e.g., 1001.txt, 1002.txt, etc.). This system estab-
lished a one-to-one correspondence between each input and its associated result file (e.g.,
stress_results_1234.txt), thereby facilitating batch data management, traceability, and
further processing. This methodical methodology was essential for constructing a structured
dataset that could be reliably read and understood using subsequent Python scripts.

Each result file included just a singular floating-point value denoting the von Mises stress in
Pascals. The file excluded components to streamline parsing logic and facilitate consistent
treatment in statistics or machine learning analysis. The analytical hand calculation used
megapascals (MPa), but all results in the automated simulation pipeline adhered to precise
SI units, with stress expressed in pascals (Pa) and displacement in meters (m). This design
choice guaranteed complete unit consistency throughout the operation and eliminated the
risk of scale factor discrepancies during result interpretation.

The output format string %8i, %25.16e ensured high numeric accuracy (16 decimal places)
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and effectively represented a broad spectrum of stress magnitudes in scientific notation. De-
spite each result file documenting just a singular value, this degree of accuracy facilitated
sensitivity analysis, verification of numerical convergence, and the detection of nuanced
stress patterns across simulation scenarios. The minimalist output format facilitated reduced
file sizes, allowing for rapid batch readings and effective storage, even with enormous case
volumes.

This systematic extraction method facilitated effortless integration with Python-driven au-
tomation and analytics tools. Upon completion of all simulations and extraction of stress
values, these files might be processed in bulk to provide comprehensive datasets for visual-
ization, correlation analysis, or supervised learning procedures. The straightforward nature
of the file format, along with the assured one-to-one correspondence between inputs and
outputs, eliminated the need for manual intervention to link simulation parameters with their
respective outcomes.

The simulation system attained significant automation, transparency, and scalability by com-
plete reliance on programmed result extraction. The technique was not only resilient for the
current research including 1000 simulations but also adaptable for future studies necessitat-
ing bigger datasets, higher resolution of displacement intervals, or more intricate material or
geometric arrangements.

In conclusion, the result extraction approach outlined below is a fundamental element of
the automated simulation pipeline. It facilitated accurate and reproducible acquisition of
the major output metric, von Mises stress at a consistent location, in a format designed for
incorporation into contemporary, data-driven engineering workflows. This method is easily
applicable to design optimization, digital twins, or real-time assessment systems that need
the systematic generation, storage, and analysis of substantial amounts of simulation data.

A sample APDL script with randomized displacements is provided in Appendix 2. The
Python script that generates these displacements is included in Appendix 3, and the batch
execution file is listed in Appendix 4.



29

4 Findings and Discussion

This section includes the model framework’s findings and analysis, encompassing valida-
tion, sample outputs, summary statistics, and a description of how well the system works, its
benefits, limits, and potential improvements or uses.The first step in determining the accu-
racy of the simulation framework was to compare its output to a known algebraic solution.
This confirmed that both the modeling assumptions and the APDL scripting were operating
properly before continuing on to large-scale automation.

4.1 Validation and Numerical Accuracy

The simulation was validated against the analytical result derived using Hooke’s law. A
uniform axial displacement of 0.05 mm was applied to one face of a prismatic solid, with
the other end fixed. Von Mises stress was extracted from node 76, centrally located and
symmetric under uniaxial loading.

The numerical result closely matched the analytical value, with only a 3.67% deviation (105
MPa analytical vs. 108.85 MPa simulated), confirming the correctness of the boundary con-
dition setup and the APDL scripting logic. The primary cause of minor discrepancies was
the distinction between the analytical model and the finite element setup. Specifically, the
analytical solution assumes idealized boundary conditions, whereas the FE model incorpo-
rates full constraint of all degrees of freedom at one end. The observed variances are most
likely due to a mismatch in boundary condition assumptions(Moaveni, 2020, p. 3).

4.2 Automated Batch Runs and Data Extraction

Post-validation, the framework was developed for automated batch simulation with varied
displacements from 0.00 mm to 0.1 mm. Python scripts generated APDL files and managed
execution. Each simulation wrote the von Mises stress at node 76 into a uniquely named text
file (e.g., stress_results_1001.txt), in scientific notation.

The simulations showed significant stress variation from small displacement changes, high-
lighting the mesh sensitivity despite linear elasticity. The organized outputs enabled efficient
postprocessing with Python.

Lower displacements led to stress near the minimum, while higher displacements resulted
in elevated stress levels. The distribution is expected to be right-skewed, with clustering at
moderate values.
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4.3 Performance, Efficiency, and Benefits of Automation

Across 1000 runs, the framework showed robustness with zero failures. APDL scripting
provided direct control, and Python integration enabled batch execution with minimal human
input. Simulation times ranged from seconds to minutes depending on the deformation, with
batch mode offering performance comparable to or slightly faster than GUI-based execution
due to the elimination of manual overhead.

The batch setup significantly improved simulation efficiency. Recent studies have shown that
integrating scripting into commercial FE analysis platforms like ANSYS allows for auto-
mated generation and testing of multiple design variants, such as mesh structures, with min-
imal manual intervention. For instance, Liu et al. (2022) demonstrated a framework where
automated simulations were used to predict structural responses efficiently, underscoring the
value of automation in enabling high-throughput analyses for engineering applications(Liu,
Yuan, Sun, and Cao, 2022, p. 7).

Automation ensured:

• Time Efficiency: Rapid execution post-validation

• Reproducibility: Fixed parameters and scripting ensured repeatability

• Data Consistency: Uniform stress extraction

• Scalability: Framework easily extended to hundreds of cases

Structured outputs enable advanced analytics with Python tools and align with trends in ML-
integrated FE Analysis and digital twins (Liu et al, 2022, p. 7).

4.4 Limitations and Future Scalability

The framework uses linear elastic models, suitable for this study but limited in scope. It
excludes large deformations, plasticity, and contact, which would require APDL and au-
tomation enhancements.

All runs used uniform meshes with SOLID185 elements. Future work could add adaptive
meshing and geometry variations.

The integration between Python and APDL does not provide dynamic feedback or built-in
fault handling, meaning that any failure can interrupt the entire process unless specifically
managed.

Displacements were randomly assigned without material failure checks. This limits suitabil-
ity for constrained design optimizations.
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4.5 Adaptability for Future Use

The framework’s modular design supports easy extension:

• Modular Design: Components can be modified independently

• Input Flexibility: Can be expanded to include parametric geometry and materials

• Output Compatibility: Suitable for ML and statistical tools

• Platform Independence: Standard Python and APDL commands

The developed method is validated for stress analysis under displacement variation and can
support broader structural investigations. Its integration of scripting and analytical compari-
son builds a solid base for scalable, automated simulation in engineering contexts.
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5 Conclusion and Future Work

This final chapter provides a summary of the most important findings from the research and
provides an evaluation of the effectiveness of the automated workflow that was designed. In
addition, it provides a reflection on the limits that were found during the course of the study
and suggests prospective paths for future work that may be undertaken to improve scalability,
accuracy, and integration with sophisticated computational tools.

5.1 Summary of Findings

This thesis describes the design, validation, and implementation of a fully automated finite
element simulation framework for structural stress analysis. The technique focused on mix-
ing Python scripting to enable repeated simulation execution under a variety of boundary
conditions. The primary goal was to streamline the mechanical response of a prismatic solid
body under a variety of displacement-driven loading with APDL scripts and calculate the
resulting von Mises stress using standardized computational techniques.

The simulation methodology was validated with classical elasticity theory using a controlled
loading scenario with a known analytical solution. The manually estimated stress of 105
MPa closely aligned with the simulation result of 108.85 MPa, resulting in a variation of
only 3.67%. This proved the APDL script’s precision and the dependability of the mesh,
boundary conditions, and solver setups. The modest difference stems from the fact that the
analytical solution is based on a simplified model that does not completely account for the
fixed boundary conditions used in the finite element setup. The validation approach proved
that the automated framework accurately mimics the system’s theoretical behavior within
specified engineering tolerances.

Subsequent to validation, the framework was used to produce and execute 1000 random-
ized simulation scenarios, each characterized by a distinct array of node-wise displacements
varying from 0.00 mm to 0.1 mm. The automation pipeline managed all part of the pro-
cess—input creation, simulation execution, stress extraction, and result storage—autonomously.
The resultant stress levels were recorded at a uniform reference node (node 76), guaranteeing
comparability between runs.

5.2 How Objectives Were Met

The main goals of this thesis were to:

• Create a simulation framework that facilitates the automatic implementation of bound-
ary conditions, execution of simulations, and extraction of results.
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• Validate the framework with an established theoretical model.

• Implement the system across a substantial array of randomized displacement scenar-
ios.

• Gather and assess the resultant data to appraise structural performance under diverse
loads.

All of these objectives were effectively accomplished:

• The automation pipeline was executed with Python to provide randomized displace-
ment circumstances and oversee the generation of APDL input files. Each file was or-
ganized to import geometry, assign material attributes, establish boundary conditions,
solve the model, and extract von Mises stress.

• Validation through manual computation using Hooke’s law verified that the framework
accurately reproduced the stress output for a fundamental loading scenario. The dis-
parity between analytical and numerical results was minimal and well-founded, sup-
porting trust in the methodology.

• The automated system underwent stress testing through the execution of 1000 distinct
simulation instances utilizing randomized inputs. The system operated well, exhibiting
both reliability and efficiency.

• The extracted stress measurements were analyzed using Python and reported using
statistical metrics and sample outputs. The data distribution demonstrated the con-
figuration of the input displacements and the responsiveness of stress magnitudes to
boundary loading. This facilitated understanding of the physical and numerical dy-
namics of the represented system.

Beyond the basic objectives, the project exhibited additional benefits such as constant simu-
lation repeatability, smooth connection with Python-based data analysis tools, and the ability
to extend to alternative displacement situations or boundary condition settings.

5.3 Possible Improvements or Extensions

While the existing implementation fulfills all stated goals, several opportunities for enhance-
ment and expansion have been recognized for future endeavors. These include increasing
model complexity, enhancing data management, and expanding the range of applicable use
cases.
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5.3.1 Material Modeling and Nonlinear Behavior

The existing framework presupposes linear elastic isotropic behavior. Although adequate
for validation and mild stress, it fails to include plasticity, substantial deformation, or time-
dependent phenomena. Future research may incorporate nonlinear material models or es-
tablish failure criteria to replicate authentic engineering situations, such yielding or fracture.
APDL provides functionalities for plastic and creep modeling that may be integrated into the
current script framework with few alterations.

5.3.2 Adaptive Geometry and Mesh Handling

The current simulations employ a predetermined imported geometry and a static mesh. To
expand the system, next implementations might provide parametric geometry production
using Python–CAD connection (e.g., utilizing SolidWorks). Incorporating adaptive mesh
refinement or varying element types according to loading conditions might enhance result
accuracy without substantial increases in processing costs.

5.3.3 Real-Time Monitoring and Feedback

The existing process executes each simulation autonomously and presumes success by de-
fault. A refined system might oversee solver convergence, identify and manage simulation
failures, and adaptively enhance inputs or resume simulations with rectified parameters. This
would facilitate more resilient functioning in larger, more intricate situations.

5.3.4 Multi-node Data Extraction and Full-Field Output

All outcomes in this research were derived from a singular reference node. However, in
domains such as structural optimization, machine learning, or digital twin systems, more
comprehensive data is frequently required. Future endeavors may encompass the acquisition
of comprehensive stress fields, nodal displacements, strain energy, or reaction forces. This
would provide more pertinent information for activities such as model training or assessing
structural safety.

5.3.5 Scalability and Parallel Execution

Although 1000 simulations were executed successfully, executing thousands or tens of thou-
sands of scenarios might benefit from parallelization or distributed computing. The existing
methodology may be modified for implementation with task schedulers (e.g., Simple Linux
Utility for Resource Management) or cloud platforms that provide containerized execution.
Automating resource allocation and load balancing would enhance throughput and render the
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system suitable for industrial-scale simulation campaigns (Hoefler, Copik, Beckman, Jones,
Foster, Parashar, Reed, Troyer, Schulthess, Ernst, and Dongarra, 2024, p. 4).

5.3.6 Integration with Optimization or AI Tools

Ultimately, an important result of this research is the creation of a completely programmable
FEA pipeline that eliminates GUI dependency and allows for scalable simulation execu-
tion—an key condition for AI and machine learning operations. By combining ANSYS
MAPDL with Python, the framework makes it possible to automatically create and extract
structured simulation data. This speeds up processes that would be too time-consuming to
do manually for big modeling setups. This format enables stress response data and other out-
puts to be easily used in future machine learning or surrogate modeling applications, such as
regression model training or AI-driven design optimization.

5.4 Closing Remarks

This thesis presents an automation system that offers a reliable, validated, and scalable plat-
form for conducting high-throughput stress simulations in ANSYS. The simulation pipeline
has exhibited both technical precision and operational efficiency through careful design and
scripting. It supports scholarly research and applied engineering studies, establishing a foun-
dation for future progress in simulation automation, design optimization, and intelligent
computational mechanics.
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Appendix 1 APDL Validation Script (0.05 mm Displacement)
/BATCH
/COM, ANSYS RELEASE 2025 R1
/CLEAR, START
/ FILNAME, David
/GRA,POWER

*Do , I , 35 , 110 , 1
D, I , UX, 0 .00005 ! Apply 0 . 0 5 mm in m e t e r s

*ENDDO

SOLVE

*GET, VM_STRESS , NODE, 76 , S , EQV

*CFOPEN, s t r e s s _ r e s u l t s _ v a l i d a t i o n , t x t

*VWRITE, VM_STRESS
%8i , %25.16 e

*CFCLOSE



Appendix 2 Sample Automated APDL Script
/BATCH
/CLEAR, START
/ FILNAME, David
/GRA,POWER
. . .

D, 35 , UX, 0.0010925837193852
D, 36 , UX, 0.0018143924850197
. . .

D, 110 , UX, 0.0008925812341234

*GET, VM_STRESS , NODE, 76 , S , EQV

*CFOPEN, s t r e s s _ r e s u l t s _1001 , t x t

*VWRITE, VM_STRESS
%8 i , %25.16 e

*CFCLOSE



Appendix 3 Python Code for Displacement Generation
i m p o r t os
i m p o r t random

t e m p l a t e _ p a t h = " Random d i s p l a c e m e n t . t x t "
w i th open ( t e m p l a t e _ pa th , " r " ) a s f :

t e m p l a t e = f . r e a d ( )

f o r f i l e _num i n r a n g e ( 1 0 0 1 , 2002) :
d i s p _ l i n e s = [

f "D, { node } , UX, { random . un i fo rm ( 0 . 0 , 0 . 0 0 0 1 ) : . 1 6 f }"
f o r node i n r a n g e ( 3 5 , 111)

]
new_ c o n t e n t = t e m p l a t e . r e p l a c e ( "D, 35 , UX, 0 . 0 5 " , " \ n " . j o i n ( d i s p _

l i n e s ) )
new_ c o n t e n t = new_ c o n t e n t . r e p l a c e ( " s t r e s s _ r e s u l t s _ v a l i d a t i o n " , f "

s t r e s s _ r e s u l t s _{ f i l e _num } " )

wi th open ( f "{ f i l e _num } . t x t " , "w" ) a s o u t _ f i l e :
o u t _ f i l e . w r i t e ( new_ c o n t e n t )



Appendix 4 Batch Execution File

/ INPUT , 1 0 0 2 , t x t
/ INPUT , 1 0 0 3 , t x t
/ INPUT , 1 0 0 4 , t x t
/ INPUT , 1 0 0 5 , t x t
/ INPUT , 1 0 0 6 , t x t
/ INPUT , 1 0 0 7 , t x t
/ INPUT , 1 0 0 8 , t x t
/ INPUT , 1 0 0 9 , t x t
/ INPUT , 1 0 1 0 , t x t
/ INPUT , 1 0 1 1 , t x t
/ INPUT , 1 0 1 2 , t x t
/ INPUT , 1 0 1 3 , t x t
/ INPUT , 1 0 1 4 , t x t
/ INPUT , 1 0 1 5 , t x t
. . .
. . .
/ INPUT , 1 9 9 0 , t x t
/ INPUT , 1 9 9 1 , t x t
/ INPUT , 1 9 9 2 , t x t
/ INPUT , 1 9 9 3 , t x t
/ INPUT , 1 9 9 4 , t x t
/ INPUT , 1 9 9 5 , t x t
/ INPUT , 1 9 9 6 , t x t
/ INPUT , 1 9 9 7 , t x t
/ INPUT , 1 9 9 8 , t x t
/ INPUT , 1 9 9 9 , t x t
/ INPUT , 2 0 0 0 , t x t
/ INPUT , 2 0 0 1 , t x t
/ INPUT , 2 0 0 1 , t x t
FINISH



Appendix 5 Python Script for Node Extraction

The following Python script was used to extract node numbers from an ANSYS output file
that listed node coordinates. This preprocessing step was necessary to apply boundary con-
ditions consistently in the automated APDL workflow.

i n p u t _ f i l e = " l i s t o f nodes which s h o u l d have z e r o d i s p l a c e m e n t i n a l l
t h r e e d i m e n t i o n s . t x t "

o u t p u t _ f i l e = " node_numbers_only . t x t "

w i th open ( i n p u t _ f i l e , " r " ) a s f :
l i n e s = f . r e a d l i n e s ( )

node_numbers = [ ]

f o r l i n e in l i n e s :
p a r t s = l i n e . s t r i p ( ) . s p l i t ( )
i f p a r t s and p a r t s [ 0 ] . i s d i g i t ( ) :

node_numbers . append ( p a r t s [ 0 ] )

w i th open ( o u t p u t _ f i l e , "w" ) a s f :
f o r number in node_numbers :

f . w r i t e ( number + " \ n " )



Appendix 6 Sample Output File Format
76 , 5 .9467710509750700E+08



Appendix 7 Manual Hand Calculation for Validation

Geometry:

• Length: L = 0.1 m

Material Property:

• Young’s Modulus: E = 2.1 ·1011 Pa

Applied Displacement: δ = 0.00005 m

Strain:
ε =

δ

L
=

0.00005
0.1

= 5 ·10−4

Stress:
σ = E · ε = 2.1 ·1011 ·5 ·10−4 = 1.05 ·108 Pa = 105 MPa

Conclusion: The von Mises stress from ANSYS was approximately 1.0538×108 Pa (105.38
MPa), closely matching the analytical result, confirming simulation validity.



Appendix 8 Author’s Note

I acknowledge the use of ChatGPT (https://chat.openai.com/) to improve the overall layout
of this thesis. On 16 April 2023, I entered the following prompt:

“What is the best layout for my thesis?”

Additionally, I acknowledge the use of ChatGPT (https://chat.openai.com/) and QuillBot
(https://quillbot.com/paraphrasing-tool) to support the enhancement of my writing skills.

All outputs from these generative AI tools were critically reviewed, adapted, and modified
before inclusion in the final thesis.

https://chat.openai.com/
https://chat.openai.com/
https://quillbot.com/paraphrasing-tool
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