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Introduction
The 2nd Workshop on Artificial Intelligence in Production (AIP) was held as part of the
48th German Conference on Artificial Intelligence in Potsdam on September 16, 2025.
The workshop was organised jointly by academic and industrial partners from the Uni-
versity of Bamberg, HTWDresden, and the BMWGroup.
The aim of the AIP workshop is to bring together researchers and practitioners from

Artificial Intelligence (AI) and production to exchange ideas, experiences, and solutions
for applying AI across production planning, control, and optimisation. By fostering in-
terdisciplinary dialogue and sharing transferable approaches, the workshop seeks to
advance effective, scalable, and sustainable AI applications in production and related
domains, and strengthening the connection between academic research and industrial
practice.
In the 2025 edition, seven researchers and practitioners presented their latest work

in the field. The workshop received eight submissions, of which seven were accepted
after a peer-review process involving two members of the programme committee per
paper. We would like to thank all authors, reviewers, and participants for their valuable
contributions, which made the workshop a success.
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Fusion-Based Neural Generalization for Predicting
Temperature Fields in Industrial PET PreformHeating

Ahmad Alsheikh1,2 ahmad.alsheikh@krones.com
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1KRONES AG, Böhmerwaldstr. 5, 93073 Neutraubling, Germany
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Accurate and efficient temperature prediction is critical for optimizing the preheating pro-
cess of PET preforms in industrial microwave systems prior to blow molding. We propose
a novel deep learning framework for generalized temperature prediction. Unlike traditional
models that require extensive retraining for eachmaterial or design variation, ourmethod in-
troduces adata-efficient neural architecture that leverages transfer learning andmodel fusion
to generalize across unseen scenarios. By pretraining specialized neural regressor on distinct
conditions such as recycled PET heat capacities or varying preform geometries and integrat-
ing their representations into a unified global model, we create a system capable of learning
shared thermal dynamics across heterogeneous inputs. The architecture incorporates skip
connections to enhance stability and prediction accuracy. Our approach reduces the need for
large simulation datasets while achieving superior performance compared tomodels trained
from scratch. Experimental validation on two case studies material variability and geomet-
ric diversity demonstrates significant improvements in generalization, establishing a scalable
ML-based solution for intelligent thermal control inmanufacturing environments. Moreover,
the approach highlights how data-efficient generalization strategies can extend to other in-
dustrial applications involving complex physical modeling with limited data.

Keywords
Industrial Microwave • Transfer Learning • Generalized Regression • Temperature Field Pre-
diction • Model Fusion • Finite Element Simulation • Data-Driven Modeling • Intelligent
Manufacturing

1 Introduction
Polyethylene-terephthalate (PET) preforms are small, injection-molded plastic parts that are
used to form bottles and containers through a blowmolding process [1]. Before injection mold-
ing, the PET preforms need to be heated to a specific temperature to make them easier to mold.
Traditionally, infrared (IR) heating has been the industry standard, but its limitations including
energy inefficiency and lack of precise spatial control—have spurred interest in alternative tech-
nologies.
Microwave (MW)heating has emerged as a promising alternative due to its volumetric heating

capabilities, faster processing times, and potential for selective energy deposition [2]. Preheat-
ing PET preforms carefully and consistently is important for producing high-quality containers
before the blowmolding process. It provides advantages when the heating is distributed equally
along the preform, resulting in better and higher quality bottles by ensuring that the material is
uniformly heated and has consistent properties throughout.
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This leads to more precise and predictable molding of the preform, resulting in bottles with
consistent wall thickness and better clarity. In contrast, uneven heating can lead to defects such
as variations in wall thickness, haze, or stressmarks, which can compromise the quality and per-
formance of the final product [3]. However, this becomes more challenging to achieve due to
the huge variations available in preforms to suit different bottle and container sizes and shapes.
Manufacturers can produce preforms in a range of weights and lengths, with different neck fin-
ishes and thread designs to match the requirements of various bottling applications [4]. The
specific design of a PET preform will depend on the final container shape and size needed and
will be determined by the requirements of the customer.
Recent advancements in deep learning, offer new ways for modeling complex physical phe-

nomena like microwave heating. Yet, training deep neural networks typically requires large
datasets, which can be prohibitively expensive and time-consuming to generate through high-
fidelity simulations or experiments.
This work proposes a data-efficient, generalizable deep learning framework for predicting the

2D temperature distribution within PET preforms subjected tomicrowave heating. Although 3D
modeling is theoretically more comprehensive, this study focuses on 2D temperature distribu-
tion due to the rotational symmetry of PET preforms during the heating process. Expanding to
a full 3D model would not yield significantly different results but would substantially increase
computational cost and data requirements. Therefore, a 2D approach offers amore efficient and
equally accurate alternative for this specific application.
Our method incorporates two key innovations: (1) transfer learning through fine-tuning,

which enables leveraging knowledge fromone set ofmaterial or geometric conditions to another,
and (2) model fusion, wheremultiple specializedmodels are combined into a single, robust pre-
dictor that generalizes well across unseen scenarios. Two practical case studies are examined:

• Case Study 1: Generalization across variations in the heat capacity of PET, relevant for in-
corporating recycled materials.

• Case Study 2: Generalization across different preform geometries, a common variability in
manufacturing lines.

By using limited datasets (just 450 to 550 samples per category), we demonstrate that our
approach significantly reduces data requirements while maintaining high prediction accuracy.
The proposed methodology offers a scalable and intelligent alternative to traditional modeling,
paving the way for smart, adaptive thermal control systems in plastic manufacturing.

Related Work
Recent advancements in transfer learning, fine-tuning, and model fusion have significantly en-
hanced neural network performance across various domains. However, their application to PET
preform heating remains limited.
Most existing studies focus on image and signal classification tasks. Liu et al. [5] and Zhou et

al. [6] used transfer learning in contexts like garbage sorting andmedical imaging. Ghazi et al. [7]
and Chakraborty et al. [8] demonstrated adaptability in plant identification and human action
recognition, while Korzh et al. [9] and Whitney et al. [10] showed improved performance using
ensemble models.
Emerging methods such as model merging [11] and AdapterFusion [12] further improve task

generalization. GeandYu [13] andZhai et al. [14] exploredmulti-fidelity andmulti-channel fusion
to enhance predictive accuracy.
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Figure 1: (a) Molded and defective PET bottles; (b) Preforms with different designs.

Machine learning use in industrial heating is still rare. Notable efforts include Hsieh [15], who
applied deep reinforcement learning to control blowmolding temperatures, and Zhai et al. [16],
who used transfer learning in heating furnace prediction. Di Barba et al. [17] also introduced
neural metamodels for adaptive induction heating control.
Traditionally, industrial heating systems have relied on physics-based models and heuristic

control strategies. However, these often struggle with dynamic production environments. In
PET blowmolding specifically, infrared (IR) heating remains the dominant method for preheat-
ing preforms. Conventional infrared (IR) ovens are commonly used to heat PET preforms prior
to blow molding. However, IR heating is limited to surface absorption, offers slow thermal re-
sponse, and often struggles with achieving uniform radial temperature profiles [2]. In contrast,
microwave (MW) heating penetrates deeply into the material, enabling volumetric absorption
and significantly shorter heat-up times—up to 80 [18].

2 Methodology
2.1 Applicator Design and Simulation
The design and functionality of the applicator play a critical role in achieving precise heating
patterns, particularly in applications requiring uniform temperature distribution. The proposed
applicator consists of a rectangular cavity with internal dimensions of 250mm in width, 190mm
in length, and 150mm in height. It is equipped with dielectric slabs that fine-tune the electro-
magnetic field distribution.
The cavity is energized via a Type-N coaxial antenna, located at the center of the bottom wall

and aligned along the z-axis. It is configured to generate the TE101 electromagnetic mode at
915MHz [18], a standard frequency in industrial microwave applications.
The heating process is highly dependent on the geometry of the PET preform, including pa-

rameters such as wall thickness, neck dimensions, and overall shape of which directly affects the
characteristics of thefinal container. Tomanipulate thefielddistribution, the applicator includes
dielectric slabs composed of two stacks of 16 PTFE (polytetrafluoroethylene) sheets. These slabs
are microwave-transparent and are oriented parallel to the y-axis.
The slabs are placed symmetrically on either side of the preform, with their positions ad-

justable along the x-axis to control the distance from the preform. Each slab measures 25mm
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Figure 2: Schematic representation of themicrowave heating optimization process for PET preforms. The
default temperature profile (left) shows uneven heating typically observed without slabs modifications.
A custom-designed microwave cavity with adjustable dielectric slabs (center-left) enables fine-tuning of
the electromagnetic field distribution. The optimized slab con-figuration (center-right) is tailored to the
preform geometry, leading to a significantly im-proved and more uniform temperature profile (right). .
Adapted from García-Baños et al. [18].

in width, 190mm in length, and 5mm in height.
The complete system was modeled and simulated using Ansys HFSS, a high-frequency elec-

tromagnetic simulation platform, to optimize design parameters and validate heating effective-
ness. A key innovation in the system is the use of dielectric slabs as near-field focusing lenses [19],
which allow for precise manipulation of electromagnetic waves through reflection, refraction,
and diffraction [18].

2.2 Generalization andModel FusionMethodology
In machine learning, the challenge of model generalization extends beyond simply performing
well on unseen data. A regression model that generalizes effectively can extrapolate to new, re-
lated datasets. Amore advanced challenge involvesmergingmultiple locally generalizedmodels
into a single, globally generalized model—a process known as model fusion. By combining di-
verse models, the overall predictive performance can be enhanced, as each model contributes
unique strengths to the final output.
Several model fusion techniques exist [20], including:

• Voting: Typically used in classification tasks, thismethod aggregates predictions frommul-
tiple models and selects the majority outcome.

• Averaging: Applicable to both regression and classification, it smooths predictions and
helps reduce overfitting.

• Stacking: Thismethod involves training a second-levelmodel on the outputs (predictions)
of several base models to form ameta-learner.

We selected stacking over simple voting or averaging ensembles because stacking trains a
meta-learner to combine the outputs of base models in a non-linear fashion, often outperform-
ing fixed combination rules—especially in regression contexts [20]. Voting (or averaging) only
computes the mean or majority output and cannot learn how to weight or combine predictions
in task-specific ways.
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2.3 Data Collection and Predictor Model Training
Our methodology for training and merging pretrained predictor models begins with selecting
three distinct variations of the target variable, representing low,medium, and high values. Initial
data collection is conducted using Design of Experiments (DOE) to reduce the dimensionality of
the input space, particularly focusing on the slab positions. Among various DOE strategies, we
employed LatinHypercube Sampling (LHS) [21], which is known for effectively covering large pa-
rameter spaceswithminimal experimental runs. Aspreviously described, themicrowaveheating
system was simulated using Ansys HFSS to generate the training data. The input features to the
predictor model include:

• Slab positions along the x-axis (continuous variables),

• Preform geometrical attributes such as length, weight, and neck dimensions (when appli-
cable),

• Material-specific properties such as heat capacity (used in Case Study 1).

Note: We utilized a 2D axisymmetric simulation to reduce computational complexity, while still
capturing the full axial thermal behavior of PET preforms. Due to the nearly rotationally sym-
metric geometry, a full 3D simulationwould yield essentially the same temperature results as the
2Dmodel, but at much higher cost.
In both case studies, the output (target) is the spatial temperature field, represented as a set of

continuous temperature values (in °C) at 32 discrete surface points along the PET preform. This
setup defines a regression task in which eachmodel predicts fine-grained temperature distribu-
tions based on configuration inputs.
For each case, an initialmodelwas trainedusingdata from thefirst variation andvalidatedona

separate unseen dataset to verify accuracy. The samemodel architecture and pretrainedweights
were then fine-tuned for the remaining two variations, ensuring consistency across training
phases.
Model performance was evaluated using standard regression metrics, including:

• Root Mean Squared Error (RMSE),

• Mean Absolute Error (MAE),

• Coefficient of Determination (R2).

2.4 Fusion Implementation and Neural Network Architecture
Figure 3 illustrates the process of model fusion, beginning with the individual training of pre-
dictor models for each variation. The subsequent step involves experience extraction, wherein a
new Design of Experiments (DOE) setup is constructed and each trained model is tasked with
making predictions based on this fresh experimental design.
These predicted outputs are appropriately scaled, and corresponding target variables (asso-

ciated with each preform variation) are integrated into the dataset. This fusion process merges
information extracted from each pretrained model and incorporates variation-specific charac-
teristics to build amore generalizable predictor. The goal is to extend the size and diversity of the
initial dataset by synthesizing new samples usingmodel predictions, effectively augmenting the
training data.
A new, generalized predictor model is then trained on this merged dataset. By leveraging the

fused information, the model gains a broader understanding of the input–output relationships
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Figure 3:Model fusion workflow combining outputs from variant-specific models into a unified general-
ized predictor.

Table 1: Evaluation metrics for standard MLP andMLP with Skip Connection models

Metric Standard MLP MLP with Skip Connection Improvement
RMSE 0.185 0.052 ↓ 72%
MAE 0.148 0.039 ↓ 74%
R2 0.91 0.98 ↑ 7.7%

anddemonstrates improved prediction accuracy and generalization performance across unseen
configurations.
To evaluate the effectiveness of this fusion-based learning strategy, the finalmodel is tested on

a preform variation that was not included in any prior training phase. In this context, “experi-
ence” refers to the predictive knowledge embedded within each pre-trained model. This knowl-
edge is utilized to simulate outcomes for new scenarios, which are then compiled into an ex-
panded training dataset. The outputs are rescaled and coupled with their corresponding target
labels, forming a comprehensive dataset enriched with structural and material variability.
Input parameters used in all predictors—including slab positions, preform geometries, and

material properties—were obtained from Ansys HFSS simulations and verified against known
manufacturer specifications. All data generationand transformation stepswereautomatedusing
scripting and batch processing to ensure reproducibility and scalability.
To develop the predictor model, we compared two neural network architectures, shown in

Figures 4a and 4b, to determine the more efficient option. Both networks shared identical input
andoutput configurations, the samenumber of hidden layers, and identical activation functions.
The first architecture is a standard Multilayer Perceptron (MLP), while the second incorpo-

rates skip connections. These connections, also known as residual connections, are designed to
address challenges such as the vanishing gradient problem. They enable more efficient learning
by allowing information to bypass intermediate layers and directly propagate forward [22].
Table 1 presents the evaluation metrics—Root Mean Squared Error (RMSE), Mean Absolute

Error (MAE), and the coefficient of determination (R2)—on the test dataset. The results show
that theMLP with Skip Connection consistently outperforms the standardMLP, achieving lower
prediction errors and higher predictive accuracy across all metrics.
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Figure 4: Comparison of MLP architectures: (a) standard and (b) with skip connections ("Add") for im-
proved gradient flow and stability.

3 Case Studies for Model Validation
To evaluate the robustness and generalization capability of the proposed approach, we con-
ducted two case studies: one focusing on variations in material characteristics specifically, heat
capacity differences between virgin and recycled PET—and the other on geometrical variations
in PET preforms. These case studies demonstrate how themodel adapts to bothmaterial-related
and shape-related differences commonly encountered in production environments.

3.1 Case Study 1: Material Characteristics of PET
This case examines model generalization with respect to PET material variations. While virgin
PET is standard in preform production, environmental concerns have increased the use of recy-
cled PET (rPET). Although rPET aims to mimic virgin PET properties, the recycling process can
introduce impurities, poor sorting, and thermal degradation [23], leading to structural inconsis-
tencies.
One key property affected is heat capacity—the ability to absorb and retain heat. Virgin PET

typically hashigher heat capacity due to fewer structural defects, while rPEToften shows reduced
values due to crystallization disruption and contamination.
Since rPET data are limited, we modeled three plausible heat capacity variations as

temperature-dependent functions and compared themwith a reference virgin PET curve. These
models, shown in Figure 5, reveal that variations in heat capacity significantly impact thermal
distribution, influencing heating model accuracy.

3.2 Case Study 2: Geometrical Variations of Preforms
This case investigates the model’s generalization to varying preform geometries—critical in in-
dustrial settings where preforms differ in size, weight, and design.
Four representative geometries were selected, varying in length, wall thickness, weight, and

curvature. These were used to test the generalized model’s robustness, particularly its ability to
handle unseen shapes without retraining. The results demonstrate the model’s flexibility and
accuracy across diverse preform designs.
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(a) (b)

Figure 5: (a) Heat capacity vs. temperature for virgin and recycled PET. (b) Resulting temperature profiles
along preform length under different heat capacity assumptions.

Table 2:Heat capacity and temperature array definitions for each dataset category used in Case Study 1

Heat Capacity Heat Capacity Array Temperature Array Dataset Size
Category J/kg°C °C # of signals
Low Cp [1000, 1050, 1100, 1350, 1450] [80, 100, 120, 150, 250] 550
Mid Cp [1100, 1150, 1200, 1500, 1600] [80, 100, 120, 150, 250] 450
High Cp [1250, 1300, 1650, 1750, 1800] [80, 100, 120, 150, 250] 450

3.3 Adaptation to Material and Geometry-Specific Characteristics
This section describes how the proposed approachwas validated and fine-tuned for thematerial
and geometrical differences introduced in the previous case studies.
All training and validation datasets used in this study were generated entirely through high-

fidelity electromagnetic and thermal simulations in Ansys HFSS. Each simulation run was auto-
mated using parametric scripting, enabling efficient, reproducible data generation at scale. This
simulation-driven approach allowed us to compile datasets of over 6,000 labeled samples while
avoiding the time and cost of physical experiments.

Case Study 1: Adaptation to Material Characteristics. The first case addresses adaptation to
variations in PET heat capacity. A base predictor model was initially trained using a mid-range
heat capacity dataset comprising 550 samples. The model was subsequently fine-tuned using
450 additional samples from datasets representing low and high heat capacity conditions, re-
spectively.
Each of these three models was trained using different slab position settings to predict tem-

perature values at 32 predefined spatial locations along the PET preform surface.
To assess generalization performance, each model was evaluated on an unseen test dataset.

The heat capacity values used to define the low, medium, and highmaterial categories are sum-
marized in Table 2.
After confirminghigh accuracy across the locally trainedmodels, a newDesign of Experiments

(DOE) was constructed, generating 2,000 synthetic data points for each model. Each model was
then used to predict outcomes on this DOE, resulting in amerged dataset of 6,000 samples. This
unified dataset included predicted temperature distributions, associated heat capacity values,
and relevant input features such as slab positions.
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Figure 6: Training Loss and validation Accuracy for Case 1

A global predictor model was subsequently trained using this enriched dataset, as illustrated
in Figure 6. For benchmarking purposes, the global model was compared to a baseline model
trained from scratch using a combined real dataset of 1,950 samples—comprising 625 samples
from the low, 700 from the mid, and 625 from the high heat capacity categories.
To validate performance, the models were tested on a new, previously unseen heat capacity

profile not included in any training phase.

Case Study 2: Adaptation to Geometrical Variations. In the second case study, we evaluated
the generalization capabilities of the model with respect to PET preform geometry. Three pre-
form sizes—small, medium, and large—were used for model training and fine-tuning.
Following the sameDOE-based experience extractionprocess described inCase Study 1, a new

synthetic dataset comprising 6,000 samples was compiled. Each sample included inputs such as
slab positions and critical geometrical attributes (e.g., weight, neck length, and wall thickness).
A global model was then trained on this dataset to generalize predictions across a wide range

of preform geometries. For validation, the model was tested on a preform geometry not present
in any of the training datasets, thereby assessing its ability to extrapolate across shape-based
variability as shown in Figure 7.

4 Conclusions and Future Work
This paper presented a data-efficient generalization technique for regression tasks, applied to
temperature prediction inmicrowave preheating of PET preforms before blowmolding. By com-
bining fine-tuning andmodel fusion, the approach achieved accurate predictions across diverse
material and geometrical variations using significantly fewer samples than traditional methods.
Results confirm strong generalization to unseen variants, offering a scalable solution for data-
limited industrial applications. This method through integration of transfer learning andmodel
fusion is well-suited for physical modeling tasks where simulation data are costly or system vari-
ability is high. Future work will focus on handling dynamic material and environmental varia-
tions, exploring adaptive, real-time updates, and advancing fusion strategies. A key limitation
is the need to fine-tune multiple models; we aim to develop architectures capable of generaliz-
ing across variants using a single training pass on a unified dataset, improving scalability. While
the dataset is proprietary, it was generated via Ansys HFSS simulations using Latin Hypercube
Sampling. Each variant-specific dataset (450–550 samples) was fine-tuned independently, then
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Figure 7: Training Loss and validation Accuracy for Case 2

merged via model outputs for fusion. Models were built in TensorFlow, trained on a workstation
with an RTX 3080 GPU. Although the dataset cannot be shared, pseudo-code and synthetic data
will be released in the future. Interested researchers may contact the corresponding author via
email for further information.
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Predicting the final hardness of steel after heat treatment is a challenging regression task
due to the many-to-one nature of the process—different combinations of input parameters
(such as temperature, duration, and chemical composition) can result in the same hard-
ness value. This ambiguity makes the inverse problem—estimating input parameters from
a desired hardness—particularly difficult. In this work, we propose a novel solution using
a Teacher-Student learning framework. First, a forward model (Teacher) is trained to pre-
dict final hardness from 13 metallurgical input features. Then, a backward model (Student)
is trained to infer plausible input configurations from a target hardness value. The Student is
optimized by leveraging feedback from the Teacher in an iterative, supervised loop. We evalu-
ate ourmethodon apublicly available tempered steel dataset and compare it against baseline
regression and reinforcement learningmodels. Results show that our Teacher-Student frame-
work not only achieves higher inverse prediction accuracy but also requires significantly less
computational time, demonstrating its effectiveness and efficiency for inverse process mod-
eling in materials science.

Keywords
Inverse Prediction, Teacher-Student Learning, Heat Treatment, Steel Hardness,Many-to-One
Mapping

1 Introduction
Heat treatment is a cornerstone in materials engineering for modifying the mechanical prop-
erties of metals, with hardness being a critical target metric in structural and industrial applica-
tions. Processes suchas tempering, quenching, andannealing involvemultiple inputparameters
including temperature, treatment time, and chemical composition which interact in nonlinear
and often material-specific ways. The resulting complexity makes it difficult to predict the pro-
cess conditions required to achieve a desired final hardness.
A particularly challenging aspect of this problem is its many-to-one nature: Multiple combi-

nations of input variables can yield the same hardness result. This poses a fundamental obstacle
to the inverse prediction, where the goal is to infer the set of input conditions that will produce
a specified output. Mathematically, many-to-one mappings are non-invertible. This ambiguity
complicates the application of traditional regression techniques in inverse modeling. Address-
ing this challenge requiresmodeling strategies that can incorporate solutionmultiplicity, enforce
output consistency, and remain robust to the inherent uncertainty of inverse mapping.
This ambiguity complicates the application of traditional regression techniques in inverse

modeling, as such methods typically assume a one-to-one correspondence between inputs and
outputs. Moreover, standard optimization methods often struggle to converge reliably when
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faced with non-invertible mappings, as the error surface can contain multiple local minima or
flat regions corresponding to different valid inputs. Addressing this challenge requires model-
ing strategies that can incorporate solutionmultiplicity, enforce output consistency, and remain
robust to the inherent uncertainty of inverse mapping.
The purpose of this study is to explore and address the inverse problem of predicting process

parameters for steel heat treatment under the constraints of many-to-one mappings. By exam-
ining this problem in depth, we aim to better understand the limitations of existing approaches
and identify avenues for constructing more ro-bust, generalizable inverse models within mate-
rials informatics.
The remainder of this paper is organized as follows. Section 2 reviews prior research related

to non-invertible mappings and inverse modeling techniques in machine learning. Section 3
presents our proposed framework. Section 4 outlines the experimental setup and results. Section
5 concludes with key findings and potential future directions.

2 Related Work
In this section, we review recent advancements addressing the challenges of One-to-Many and
Many-to-One mappings in machine learning, specifically in regression tasks. These mappings
often introduceambiguitydue to theirnon-invertiblenature,whichcomplicatesprediction, gen-
eralization, and interpretation. To address these challenges, researchers have explored a variety
of modeling techniques, optimization strategies, and auxiliary frameworks.
Grollman and Jenkins [1] proposed a multi-map regression approach to handle perceptual

aliasing in robotic controllers. Their method employs sparse online learning to resolve ambi-
guities introduced by overlapping many-to-one mappings, demonstrating its effectiveness in
robotics applications. Courts and Kvinge [2] introduced bundle networks, a framework that uses
generative modeling and fiber bundles to disentangle ambiguities in classification and regres-
sion tasks by generating local trivializations.
In robotics, Singh et al. [3] used regression-based kinematic modeling to optimize gait trajec-

tories for biped robots, incorporating auxiliary constraints to improve the handling of many-to-
one mappings. Valdés and Tchagang [4] tackled inverse mappings in simulation-based models
by combining deterministic surrogate models with machine learning approaches, highlighting
the strength of mixed strategies in regression.
Yang et al. [5] used recurrent neural networks tomodel therapy decisionmaking inmetastatic

breast cancer, addressing ambiguity through hierarchical regression and encoder-decoder ar-
chitectures. Chen and Zhu [6] proposed a guided deep learning algorithm for structural surface
design, showing that incorporating multiple loss functions can help disambiguate many-to-one
regression outputs. Kreuzig et al. [7] developed DistanceNet, which combines recurrent convo-
lutional neural networks with ordinal regression to estimate traveled distance from monocular
images, effectively reducing mapping ambiguity in visual tasks.
In themedical imaging domain, Yurt et al. [8] introducedmustGAN, amulti-streamgenerative

adversarial network for MR image synthesis. Their model addresses feature-level ambiguities
through adversarial training. Wang et al. [9] presented M2ORT, a transformer-based framework
for spatial transcriptomics prediction, demonstrating how auxiliary data and novel architectural
designs can improve the modeling of non-invertible mappings.
Zhang et al. [10] proposed a local-to-global cost aggregation method for semantic correspon-

denceusing aTeacher-Student framework. This approachadapts learned representations tomit-
igate ambiguities in many-to-one feature matching tasks. Lastly, Neupane et al. [11] surveyed
techniques for 3D human pose estimation, focusing onmethods that apply auxiliary constraints
and deep learning models to resolve depth ambiguities inherent in coordinate regression.
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3 Methodology: Teacher-Student for Inverse Prediction
Solving inverse problems inmany-to-onemappings is especially challenging due to the inherent
ambiguity: a single output can correspond to multiple valid input configurations. Traditional
regressionmethods strugglewith thisnon-invertibility, often resulting inpoor generalizationand
conflicting gradients during optimization. To overcome these limitations, we propose a Teacher-
Student learning framework for robust inverse prediction.
As illustrated in Figure 1, the framework consists of twoMulti-Layer Perceptron (MLP)models:

• A Teacher model, trained on the forward (many-to-one) task, maps a set of 13 input fea-
tures—including tempering time, temperature, and elemental composition—to the final
hardness value (HRC).

• A Studentmodel, trained on the inverse (one-to-many) task, predicts plausible input con-
figurations given a target hardness.

• Both models use three dense layers with ELU activations and residual connections.

The training process proceeds in two phases. First, the Teacher model is trained to accurately
learn the forward mapping using supervised learning. Once trained, it remains fixed and acts as
a reference model for supervising the Student.
The Student model receives randomly sampled target hardness values as inputs and pre-

dicts the corresponding input parameters. These predicted inputs are then passed through the
Teacher model, which outputs a predicted hardness. This predicted value is compared to the
original target, and a loss is computed. The loss is then back-propagated to update the Student
model’s weights. This process continues iteratively, allowing the Student to learn input patterns
that are functionally consistent with the desired hardness values.
Importantly, because of the many-to-one nature of the problem, the Student is not trained

to replicate original dataset entries. Instead, it learns to generate valid, functionally equivalent
inputs—those that the Teacher model accepts as leading to the correct hardness. This design
enables the system to embrace ambiguity while still producing accurate and interpretable pre-
dictions for inverse process modeling.

4 Experimental Setup and Results
4.1 Dataset Overview
To evaluate our proposed framework, we used a publicly available dataset [12] containing steel
samples subjected to various heat treatment conditions. Each data point consists of 13 input
features:

• Process parameters: tempering time and temperature

• Chemical composition: elemental percentages of C, Mn, P, S, Si, Ni, Cr, Mo, V, Al, and Cu

The target variable is the final hardness of the steel sample, measured in Rockwell Hardness
(HRC) after quenching and tempering.
Figure 2a illustrates the relationshipbetween tempering temperature andfinalhardness (HRC)

for varying tempering times. As temperature increases, final hardness consistently decreases
across all time intervals, confirming a strong inverse correlation. Longer tempering durations
(e.g., 100,000 s) result in lower hardness compared to shorter durations (e.g., 20,000 s), highlight-
ing the combined effect of thermal exposure and time on material softening. Elements like Mn
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(a) (b)

Figure 1: Overview of the Teacher-Student framework for inverse hardness prediction. (a) The Teacher
model is trained tomapprocess inputs (X) to final hardness (Y ). The Studentmodel learns topredict valid
input configurations (Xpred) from target hardness values. Predictions are evaluated by the fixed Teacher
model, and the loss is used to iteratively update the Student. (b) A schematic view highlighting the knowl-
edge distillation process between Teacher and Student models.

and P showpositive correlation, while others (e.g., C, Cr, Si) exhibit weaker or nonlinear relation-
ships.

4.2 Observing the Many-to-OneMapping
Exploratory analysis revealed that the dataset exhibits a many-to-one mapping: multiple dis-
tinct combinations of input parameters lead to the same hardness value. This is visualized in
Figure 2b, where overlapping input regionsmap to identical target values. Such non-invertibility
complicates inverse prediction, as standard regression models struggle to differentiate between
equally valid input solutions.

4.3 Baseline Inverse Modeling Attempts
To assess the complexity of the inverse prediction task, we first trained two conventional regres-
sion models to estimate process parameters from a given target hardness value:

• A Random Forest Regressor

• AMulti-Layer Perceptron (MLP)

Bothmodels were configured to take the final hardness (HRC) as input and predict the full set
of 13 output variables, including tempering parameters and elemental composition. Hyperpa-
rameters were optimized using random search.
Despite optimization, the results demonstrate the limitations of using off-the-shelf regression

models for one-to-many problems. The random forest regressor yielded high prediction error,
with anMSE of 620.54 on the test set and a lowR2 score of 0.08, as shown in Figure 3a. This large
discrepancy between predicted and true values highlights the model’s inability to generalize in
the presence of multiple valid input solutions for the same output.
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(a) (b)

Figure 2: Exploratory data analysis. (a) Relationship between tempering temperature, time, and final
hardness (HRC).Higher temperatures and longer durations result in lower hardness, illustrating a clear in-
verse trend. (b)Multiple input configurations leading to the same hardness value, highlighting themany-
to-one nature of the inverse problem.

(a) (b)

Figure 3: Baseline model performance. (a) The Random Forest inverse model shows high test error and
low generalization. (b) The MLP baseline failed to converge, with persistent high loss across training and
validation. These results highlight the difficulty of solvingmany-to-one inverse prediction problems with
standard models.

TheMLPmodel also performed poorly. As seen in Figure 3b, both training and validation loss
remainedflat across 1000 epochs, withno significant improvement. This indicates that themodel
failed to capture any meaningful inverse mapping structure. The results highlight that the MLP
struggled to achieve meaningful improvements, with persistent high loss across both training
and validation, further reinforcing the complexity of the one-to-many prediction problem.
Baseline models were evaluated by comparing predicted configurations to the corresponding

ground truth inputs in the dataset. While this does not account for the one-to-many nature of
the problem, it provides a standardizedmeasure ofmodel accuracy. We acknowledge that amore
meaningful comparison would involve verifying whether the predicted inputs yield the correct
output, which is how our Teacher-Student and reinforcement learning (RL) models are evalu-
ated.

4.4 Teacher-Student Framework Performance
Building on the limitations observed in baseline inversemodeling, we next implemented the for-
ward Teacher model, which serves as the foundation of our Teacher-Student framework. The
Teacher is trained to learn the many-to-one mapping from the 13 input features—tempering
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Figure 4: Training and validation loss curves. (a) The forward (Teacher) MLP model converges quickly
within the first 50 epochs, with both losses approaching zero, demonstrating strong generalization and
suitability as a reference for inverse training. (b) The inverse (Student) model effectively learns the map-
ping over 500 epochs, with both training and validation losses sharply decreasing and stabilizing.

time, temperature, and chemical composition—to the target variable: final hardness (HRC).
Weused aMulti-Layer Perceptron (MLP) architecture for the Teachermodel. The training pro-

cess was carried out using standard supervised learning, with mean squared error (MSE) as the
loss function.
As shown in Figure 4a, the model converged rapidly and effectively. Both training and valida-

tion loss decreased sharply within the first few epochs and stabilized at low values, demonstrat-
ing excellent generalization and predictive performance. This strong forward model is critical,
as it serves as a consistent, differentiable reference for training the inverse Student model in the
next phase.
Once the Teacher model was trained and fixed, we proceeded to train the Student model to

solve the inverse problem: predicting process parameters from a target hardness value. The Stu-
dentmodel was trained in a collaborative loopwith the Teacher, allowing it to learn valid inverse
mappings despite the many-to-one nature of the problem. Each training iteration proceeds as
follows:

• A batch of random target hardness values is sampled.

• The Student predicts the corresponding 13 input features, including tempering parameters
and elemental composition.

• These predicted inputs are passed through the Teacher model, which outputs predicted
hardness values.

• A loss is calculated by comparing the Teacher’s output to the original target.

• The loss is backpropagated to update the Student model’s weights.

This iterative feedback mechanism continues until convergence. As shown in Figure 4b, the
training and validation loss both decrease rapidly and stabilize at low values, indicating that
the Student successfully learns to produce inputs that yield accurate hardness predictions when
passed through the Teacher.
Evaluation metrics, shown in Figure 5, further confirm the Student’s effectiveness. The model

achieved high R2 scores of 0.98 on both training and test sets, with relatively low mean squared
error (MSE) and mean absolute error (MAE) values. Importantly, the predicted input values do
not need tomatch dataset entries exactly—due to themany-to-one nature of themapping—but
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Figure 5: Evaluation metrics for the Student model on training and test data. The model achieved high
R2 values (0.98) and low mean squared and absolute errors, demonstrating accurate and generalizable
inverse predictions when supervised by the Teacher model.

only need to generate the correct target output. This flexibility is a key strength of the Teacher-
Student framework. It allows theStudentmodel to explore the solution spacebeyond the training
data, while still producing consistent, functionally accurate results.
In contrast to the approaches described previously—such as BundleNetworks [2] ormustGAN

[8] ourmethod is designed to be both simple and data-efficient. Rather than employing complex
generative models, recurrent structures, or transformers, we adopt a purely feedforward archi-
tecture based onMLPswith residual connections and ELU activations. Unlike previousmethods
that require large datasets and intricate training regimes, our Teacher-Student framework can
learn effective inverse mappings from limited data. Additionally, our method avoids probabilis-
tic modeling, employing a deterministic Student model supervised by a fixed Teacher MLP. This
architectural simplicity, combined with a training strategy focused on consistency rather than
reconstruction, allows our model to produce multiple functionally valid input configurations
without resolving all ambiguity. These distinctions make our approach especially well-suited
for industrial applications.

4.5 Comparison with Reinforcement Learning Approach
To benchmark the performance of our Teacher-Student approach, we implemented a model-
free reinforcement learning (RL) agent using the TD3 (Twin Delayed Deep Deterministic Policy
Gradient) algorithm. Like the Student model, the RL agent was tasked with solving the inverse
problem: predicting 13 process parameters that would yield a specified target hardness value.
The training setup used the trained Teacher model as the environment. At each timestep:

• The agent receives a target hardness value.

• It predicts a set of 13 input variables (time, temperature, composition).

• These inputs are passed to the Teacher, which returns a predicted hardness.

• A reward is computed as the negative mean squared error (MSE) between the predicted
and actual hardness.

• This reward is used to update the agent’s policy via TD3.
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Table 1: Performance comparison of inverse modeling approaches. The Teacher-Student framework
achieves the lowest MSE and fastest convergence, outperforming both traditional models (Random For-
est, baseline MLP) and the RL-based TD3 agent in accuracy and efficiency.

Model MSE Training Time Notes
Teacher-Student 0.52 2.3 min Best overall performance
RL (TD3) 4.84 27.7 min Slower training, higher error
Random Forest 620.54 ∼1.2 min Poor generalization
MLP (baseline) 15730 ∼3.5 min Failed to converge

(a) (b)

Figure 6: Performance of the reinforcement learning (RL) approach. (a) Smoothed learning curve of the
TD3 agent over 40,000 timesteps, showing gradual policy improvement with typical fluctuations. (b) Eval-
uationmetrics indicate that while the RLmodel achievesR2 scores above 0.9, itsMSE andMAE are signif-
icantly higher than those of the Teacher-Student model, highlighting its lower accuracy and efficiency.

The RL agent was trained for 40,000 steps, compared to 15,000 steps for the Student model.
As shown in Figure 6a, the smoothed reward curve demonstrates gradual performance improve-
ment, indicating convergence. However, the learning process is noticeably more volatile and
prolonged.
In terms of quantitative performance, Figure 6b shows that the RL agent achieved reasonable

accuracy, with R2 values around 0.92–0.93, and moderate error rates (MSE = 4.84, MAE = 1.73 on
the test set). Despite these results, the RL agent was clearly outperformed by the Student model,
which achieved significantly better accuracy with far less computational cost.
Notably, training the RL agent took 27.7 minutes, while the Teacher-Student system required

only 2.3 minutes. These findings highlight the efficiency, stability, and predictive quality of our
proposed framework over traditional reinforcement learning approaches for inverse process
modeling.

5 Conclusions and Future Work
In this work, we tackled the inverse prediction problem in steel heat treatment, where multiple
input configurations can lead to the samefinal hardness, creating a non-invertible,many-to-one
mapping that poses a major challenge for conventional regression methods. To address this, we
introduced a Teacher-Student learning framework in which a forward model (Teacher) predicts
hardness from process parameters, and an inverse model (Student) learns to infer valid input
configurations from target hardness values through iterative supervision.
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Our approach was evaluated on a real-world dataset of tempered steel and demonstrated
superior performance compared to both standard regression techniques and a reinforcement
learning baseline, achieving higher accuracy and significantly lower computational cost. How-
ever, while our Student model is capable of generating functionally correct inverse configura-
tions, we did not explicitly enforce ormeasure diversity in the predicted inputs. Because the loss
is computed on the Teacher’s output, the Student is not constrained to match any specific input
sample from the dataset. In principle, this allows it to converge on multiple valid solutions per
target value. However, we acknowledge that without explicit diversity-promoting mechanisms
(e.g., entropy regularization, sampling strategies or loss enforcing), the model may still collapse
toward a subset of the input space. Quantifying the variance of predicted configurations is an im-
portant direction for future work, especially in scenarios requiring solution diversity or process
flexibility.
Looking forward, several directions can extend this work. Incorporating uncertainty model-

ing could allow the Student to express confidence in its predictions. Attention mechanisms or
transformer-based architectures may improve both accuracy and interpretability. Applying the
framework to other material properties or processes would test its generalization ability, while
integration into real-time control systems could enable dynamic process optimization. Finally,
combining this data-driven approach with physics-informed constraints offers a path toward
more robust and explainable models for complex inverse problems in materials science.
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The integration of artificial intelligence in manufacturing environments has been hindered
by the complexity of connecting disparate systems and the lack of standardized protocols for
AI-manufacturing communication. The Model Context Protocol (MCP), introduced by An-
thropic in late 2024, presents a transformative solution to these integration challenges. MCP
provides a standardized framework for connecting AI applications with external data sources
and tools, similar to how USB-C standardized device connectivity. This review examines the
Model Context Protocol and its potential applications in manufacturing and industrial pro-
duction. We provide a brief introduction to MCP’s architecture and core concepts. We place
a particular emphasis on three key use cases, i.e. predictive maintenance, production plan-
ning and control, and process automation, followed by a critical discussion of the literature
regarding its application in manufacturing and industrial production contexts. Our analysis
reveals that while MCP shows significant promise for addressing longstanding challenges in
manufacturing AI integration, empirical evidence remains limited, andmost applications are
still in early implementation phases.

Keywords
Generative AI • Model Context Protocol • Predictive Maintenance • Planning and Control
• Process Automation

1 Introduction
The fourth industrial revolution, commonly known as Industry 4.0, has fundamentally trans-
formed manufacturing through the integration of cyber-physical systems, Internet of Things,
and artificial intelligence. However, despite significant technological advances, manufacturing
organizations continue to face substantial challenges in integrating AI systems with existing in-
frastructure. According to recent industry reports, unplanned downtime costs industrial man-
ufacturers an estimated $50 billion annually, while quality issues and production inefficiencies
contribute to billions more in losses [1]. The Model Context Protocol (MCP) represents a recent
development in the standardizationofAI system integration, introducedbyAnthropic inNovem-
ber 2024 [2]. As anopenstandarddesigned to facilitate secure, bidirectional connectionsbetween
AImodels and external data sources,MCP addresses a critical challenge in the deployment of ar-
tificial intelligence within industrial contexts. This review examines the emerging literature on
MCP’s application in manufacturing, with particular focus on its potential to transform predic-
tivemaintenance, productionplanningandcontrol, andprocess automation. Ourmotivation for
this brief review stems from the observation that while Industry 4.0 technologies have promised
seamless AI integration for years, practical implementation has been hampered by the need for
custom integrations between AI models and industrial systems [4]. MCP emerges as a potential
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Figure 1: Illustration of an MCP architecture for manufacturing.

solution to this fragmentation, offering a standardized protocol analogous to how USB-C stan-
dardized device connectivity [6].

1.1 Architecture of the Model Context Protocol
TheModel Context Protocol is a standardized interface that enables AImodels, particularly large
language models (LLMs), to interact dynamically with external tools, databases, and resources
through a consistent protocol [2]. Thereby, it follows a client-server architecture consisting of
three main components [7]:

• MCPHosts/Clients: AI applications (such as Claude Desktop, Cursor, or custom industrial
AI systems) that initiate connections

• Protocol Layer: Utilizes JSON-RPC 2.0 for message exchange and communication

• MCP Servers: Lightweight processes that expose specific capabilities and data sources

Further, MCP defines three fundamental primitives that enable AI-system interaction [8]: i)
resources, i.e. static or dynamicdatasets accessible toAImodels; ii) tools, i.e. invokable functions
that allow AImodels to perform actions; and iii) prompts, i.e. predefined templates that guide AI
interactions with resources and tools.
In terms of security, host-mediated security models have been proposed, where permissions

are granularly controlled, isolation is maintained between different data sources, and all AI-
initiated actions are auditable [5]. This security architecture is particularly relevant for man-
ufacturing environments where unauthorized access to production systems could have severe
consequences.
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2 Current State of Research: MCP inManufacturing
The academic literature onMCP inmanufacturing is nascent, reflecting the protocol’s recent in-
troduction. Silva et al. [3] represent the first academic exploration of MCP specifically within
manufacturing contexts. Silva et al. [3] argue that traditional approaches to modeling man-
ufacturing capabilities require considerable manual effort and often result in representations
that are not easily accessible to Large Language Models (LLM). Their research proposes MCP as
an alternative that allows manufacturing systems to expose functionality through interfaces di-
rectly consumable by LLM-based agents. The authors conduct a prototypical evaluation on a
laboratory-scale manufacturing system where resource functions were made available via MCP.
A general-purpose LLM was then tasked with planning and executing multi-step processes, in-
cluding constraint handling and resource function invocation. Their preliminary results suggest
that MCP can enable flexible industrial automation without relying on explicit semantic mod-
els [3]. While specific MCP manufacturing literature is limited, several researchers have identi-
fied the need for standardized AI integration protocols in manufacturing. Frank et al. [9] note
that traditional Production Planning and Control (PPC) systems struggle with the integration of
emerging digital capabilities, particularly in connecting AI models to production data [9]. Rossit
et al. [10] emphasize that smart PPC systems require the ability to utilize a wider range of data
sources from the production system and to capture and utilize the experience of production
planners. These requirements align with MCP’s value proposition of replacing fragmented inte-
grations with a unified protocol, andMCP’s architecture, with its resources and tools primitives,
directly addresses these requirements by providing standardized access to diverse data sources
and enabling AI models to invoke production-relevant functions.

2.1 Predictive maintenance
The literature suggests that predictivemaintenance represents one of themost promising appli-
cations for MCP in manufacturing, although direct empirical studies are yet lacking. The the-
oretical framework for MCP-enabled predictive maintenance builds on established Industry 4.0
concepts. Recent surveys onpredictivemaintenance emphasize the critical role of real-timedata
access from Industrial Internet of Things devices [11]. MCP’s resource primitive could standard-
ize how AI models access e.g. real-time sensor data, historical maintenance records and equip-
ment operational parameters. Further,MCP’s tool primitive addresses a key limitation identified
in traditional predictive maintenance systems, i.e. the gap between prediction and action [12].
MCP could enable AI models to not only predict failures but also adjust production schedules to
accommodatemaintenancewindows, order spareparts basedonpredicted failuremodes, or no-
tify maintenance personnel with context-specific information. However, the integration ofMCP
withpredictivemaintenance systems faces several challenges. Security concerns are paramount,
as noted by Hou et al. [4]. Manufacturing environments require stringent access controls to pre-
vent unauthorized manipulation of maintenance schedules or equipment parameters.

2.2 Production Planning and Control
Production Planning and Control (PPC) emerges as a critical application area for MCP, address-
ing longstanding challenges inmanufacturingoperationsmanagement [10]. Traditional PPC sys-
tems suffer from inflexibility and inability to adapt to real-time changes [9]. MCP could trans-
form PPC by enabling AI models to e.g. access real-time production status through resource
interfaces, or retrieve current work-in-progress levels, machine availability, andmaterial stocks,
as well as dynamically adjust production sequences based on emerging constraints. Silva et al.’s
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experimental work demonstrates this capability in practice, showing how an LLM successfully
planned and executed multi-step manufacturing processes throughMCP interfaces [3].
One underexplored aspect in the current literature is howMCPmight enhance human-AI col-

laboration inproductionplanning. To this end, thepromptprimitive could encodeplanningbest
practices and standard operating procedures, allowing AI systems to suggest actions that align
with organizational knowledge and constraints.

2.3 Process Automation
Process automationmight represent anothermajoruse case forMCP inmanufacturing, although
the literature remains scarce. Traditional process automation relies on rigid, pre-programmed
control logic. MCP enables a paradigm shift towards adaptive automation [14] where AI models
may e.g. monitor process variables through resource interfaces, analyze patterns and anomalies
in real-time, and invoke control actions and strategies through tool interfaces based on changing
conditions. MCP could facilitate more sophisticated optimization strategies in process automa-
tion by providing AI models with comprehensive access to energy consumption data, material
flow information, and production constraints [13].

3 Discussion & Outlook
The Model Context Protocol emerges as a potentially transformative technology for manufac-
turing AI integration, offering a standardized approach to connecting AI systems with industrial
environments. While the theoretical advantages are compelling, particularly for predictivemain-
tenance, productionplanning, andprocess automation, the transition fromconcept to industrial
reality faces substantial challenges. The pioneering work by Silva et al. [3] demonstrates MCP’s
capability to enable flexible automation without complex semantic modeling, yet this research
remains confined to laboratory settings. This highlights a critical gap in our understanding: how
MCPperforms under the demanding conditions of realmanufacturing environments. Industrial
settings present unique challenges including extreme latency requirements for real-time control,
massive scalability needs when interfacing with thousands of sensors and actuators, and strin-
gent reliability standards where downtime costs can reach millions per hour.
Several crucial aspects remain unexplored in current literature. Performance metrics essen-

tial for manufacturing applications, such as response times for safety, critical decisions, band-
width requirements for sensor streams, and fault tolerance mechanisms, lack comprehensive
analysis. Additionally, practical implementation concerns receive insufficient attention. Howdo
manufacturers migrate from established systems? What training investments are required for
personnel accustomed to traditional automation paradigms? How does MCP interface with ex-
isting industrial protocols like OPC-UA that dominate current factory floors? Safety and security
considerations, while partially addressed, require specific examination. Industrial environments
demand fail-safe mechanisms that protect workers when AI systems make decisions affecting
physical machinery. Compliance with industry standards isn’t optional, it’s mandatory for de-
ployment. Yet the literature provides limited guidance on validating AI decisions within these
regulatory frameworks.
The path forward requires coordinated effort across multiple fronts. Researchers must move

beyond laboratory demonstrations to pilot programs in operating factories. Standards bodies
need to develop manufacturing-specific guidelines for MCP implementation. Technology ven-
dors should create tools that bridge the gap between MCP’s capabilities and industrial require-
ments. Most critically, manufacturers themselves must engage in this evolution, sharing experi-
ences and establishing best practices. Themanufacturing industry stands at an inflection point.
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MCP could accelerate AI adoption by removing technical barriers that have historically limited
implementation. However, success depends on addressing the practical realities of industrial
environments, where reliability, safety, and performance aren’t just desirable features but funda-
mental requirements. As this technology evolves from promise to practice, careful attention to
these factors will determine whether MCP becomes a cornerstone of Industry 4.0 or remains an
interesting but impractical concept.
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This paper exploreswhy small andmedium-sized enterprises (SMEs) inmanufacturing strug-
gle to adopt AI technologies at scale. Based on the experience of several industry projects
and recent studies, we identify five interconnected barriers and illustrate how they affect
production-specific AI applications. The paper concludes with practical strategies tailored
to SME constraints, aiming to bridge the gap between AI potential and industrial reality.
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1 Introduction
The field of artificial intelligence (AI) is currently experiencing a period of rapid transformation,
with significant implications for the industrial production landscape. This transformation is
characterised by the introduction of new opportunities that promise to enhance efficiency, flexi-
bility, and innovation in themanufacturing sector. While large enterprises have begun toharness
the potential of AI to optimise processes and drive competitive advantage, small and medium-
sized enterprises (SMEs) often face distinct and formidable barriers to adoption. These organ-
isations, which form the backbone of many national economies, encounter unique challenges
related to data management, infrastructure, regulatory compliance, workforce capabilities, and
economic constraints.
The insights and analysis presented in this paper are grounded not only in a comprehensive

review of recent literature and empirical studies but mainly in practical experience gained from
multiple projects and workshops conducted in collaboration with SMEs. The range of these
projects extends from use cases of Retrieval-Augmented Generation to individual solutions for
3D anomaly detection in quality control. The workshops for companies in production included
usecase ideation workshop, strategy and ambition development workshops, maturity assess-
ments and a simulation game for introducing AI into production. Through direct engagement
with SME leaders, production managers and technical staff, the research team has been able
to observe first-hand the specific obstacles and enablers that shape AI adoption in real-world
production environments. These collaborative activities have provided valuable context, high-
lighted sector-specific nuances, and informed the development of actionable recommendations
tailored to the needs of SMEs.
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Despite the potential of AI, there’s still a gap between potential and reality, especially for SMEs.
Problems like data landscape fragmentation, old production systems, skills shortages and un-
clear return on investment can stop or even halt AI projects. Also, changing rules and certifica-
tion requirements make thingsmore complicated, so careful navigation is needed to stay within
them and keep innovating.
The integration of artificial intelligence within small- and medium-sized enterprises can be

approached from a number of theoretical perspectives. These include the technical, organisa-
tional, economic and regulatory dimensions. All problems canbe categorisedwithin aminimum
of two distinct classifications, as seen in Figure 1. The decision has been taken to emphasise the
data as a primary theme; consequently, the paper has been divided into five sections: Data, Sys-
tems, Compliance, Workforce and Economic.

Figure 1:Overlapping Domains of Barriers to AI Adoption in SME Production

2 Related Work
2.1 Comprehensive Reviews and Frameworks
Recent literature offers a comprehensive overview of the challenges and strategic considerations
for adopting AI in manufacturing. A comprehensive review by Masod et al. highlights organiza-
tional complexity, legacy systems, digital skills, company size, and R&D intensity as key determi-
nants of successful AI implementation in the sector. This work emphasizes that both technical
and organizational factorsmust be addressed to facilitate effective integration of AI technologies
in production environments [20].
Another systematic review by Windmann et al. focuses on Industry 4.0, mapping the integra-

tion challenges, standards, and research trends associated with industrial AI. The study provides
a detailed analysis of datamanagement, system integration, workforce development, regulatory
compliance, and quality assurance, offering a valuable reference for understanding the multi-
faceted barriers to AI adoption in the manufacturing sector [35].

2.2 Empirical and Case Study Research
Empirical research has examined the specific barriers faced by SMEs in adopting AI. Aarstad et
al. conducted a multiple case study that identified a lack of AI competence, heavy dependency
on external expertise, IT knowledge gaps, legacy systems, resistance to change, unclear busi-
ness cases, and financial constraints asmajor obstacles for small andmedium-sized enterprises.
These findings underscore the importance of tailored support and capacity building for SMEs [1].
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A case study of Swedish manufacturing firms byMirzazadeh et al. explored both encouraging
anddiscouraging factors in AI adoption. The research found that digital skills gaps, technical and
cultural barriers, high initial costs, risk and uncertainty, and ethical concerns all play significant
roles in shaping AI adoption decisions in the manufacturing sector [23].

2.3 Industry and Applied Research
Industry-driven research projects have further illuminated the practical challenges and oppor-
tunities of AI in manufacturing. The Bosch Research Group discusses ongoing research on data
integration, hybridmodeling approaches, and the development of digital factories, emphasizing
the potential of AI to enhance flexibility, quality, and efficiency in production processes [8].
In addition, Baljevic D. examines the challenges of scaling AI formanufacturing, with a partic-

ular focus on IT-OT (Information Technology–Operational Technology) convergence, data gov-
ernance, workforce skills gaps, the contextualization of domain knowledge, and the physical re-
alities of manufacturing environments [6].

2.4 Programs
Practical support programs play a crucial role in bridging the gap between research and real-
world application. The KI-Transfer Plus program, as described by the Technical University of
Applied Sciences Würzburg-Schweinfurt, provides hands-on assistance to SMEs in Bavaria,
facilitating local AI knowledge transfer and showcasing use cases in areas such as computer vi-
sion, predictive maintenance, and chatbots. These initiatives demonstrate the value of targeted
support in overcoming adoption barriers and fostering innovation in SMEmanufacturing [31].

While these programs and studies provide valuable insights, many remain limited in scala-
bility, rely on external facilitation, or lack long-term evaluation of AI integration success. Fur-
thermore, there is still a gap for SME stakeholders in understanding how to identify and solve AI
integration within the SME ecosystem.

3 Data Management
AI systems require large volumes of high-quality data to function effectively. For SMEs, the abil-
ity to collect, store, process, and govern data is crucial for leveraging AI to improve production,
optimize processes, and gain a competitive advantage.

3.1 Data Quality Issues
Data quality is a key concern for SMEs using AI in production. High-quality data is vital for train-
ing reliable AI models, making accurate predictions and supporting decision-making. However,
SMEs often face data quality issues that can hinder AI success.
Inaccurate, Incomplete, or Inconsistent Data: Inaccurate, incomplete or inconsistent data

Poor data quality can significantly reduce the reliability of AI outputs. When data ismissing,mis-
labelled or recorded differently across systems, AI models may produce biased results or make
costly errors. For SMEs, these issues often arise due to manual data entry, lack of standardised
processes or disparate data sources. The consequences include reduced model performance,
flawed insights and diminished trust in AI-driven recommendations. [28, 36].
Bias andMissing Data: Bias andmissing data complicate the development of robust AI solu-

tions. If datasets are not representative or contain omissions, AI models may reinforce existing
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prejudices ormake incorrect decisions. For example, predictivemaintenancemodelsmay fail to
identify critical issues if maintenance logs only capture certain types of failures or omit specific
production scenarios. Addressing these risks requires careful data collection, validation, and on-
going monitoring to ensure completeness and fairness.s [34, 14].
Combining Data from Different Sources: Combining data from different sources presents

additional challenges. Differences in data formats, standards and quality can make merging in-
formation into a coherent dataset suitable for AI applications difficult. SMEsmay need to invest
in transformation tools, establish commondata standards and implement validationprocedures
to ensure integrated datasets are accurate and usable. [2, 29].
Byproactively addressing these issues, SMEs canestablish a stronger foundation for successful

AI adoption, ensuring that their models are both reliable and effective in supporting production
objectives.

3.2 Data Volume and Complexity
Managing the volume and complexity of data is a significant challenge for SMEs that adopt AI
in production environments. Modern production systems generate vast amounts of data from
sensors, machines, and business processes. For SMEs, the sheer scale and diversity of this infor-
mation can quickly become overwhelming, particularly when IT resources are limited.
Handling Large, ComplexDatasets: Data streams can include real-time sensor readings, logs

andmore. These datasets may contain many types of data, be high-frequency and unstructured
and require significant storage and processing power, and specialised tools to manage them.
SMEs may find this hard as they often lack the necessary infrastructure and expertise. Valuable
insights may be missed and the potential benefits of AI unrealised. [9, 19].
Too Much or Too Little Data: Both data excess and scarcity pose unique problems for AI ini-

tiatives:
Too much data can cause information overload, making it difficult to identify relevant pat-

terns or trends. It can also increase storage and processing costs and complicate model train-
ing. [19].
Conversely, too little data can undermine the reliability of AI models. Insufficient data may

result in underfitting, wheremodels fail to capture underlying relationships, or overfitting, where
models become too tailored to limited examples and perform poorly on new data [18].
To address challenges, SMEs should collect quality data. This means prioritising relevant data

sources, using reduction techniques, and ensuring datasets are both comprehensive and man-
ageable. This optimises data use for AI applications, improving decision-making and efficiency.

3.3 Data Privacy and Security
Robust data privacy and cybersecurity are essential for SMEs adopting AI. Compliance with
evolving regulations demands management of sensitive data and technical and organisational
safeguards; yet, SMEsoften lack resources to address these requirements effectively [32, 37]. Lim-
ited IT security infrastructure increases vulnerability to data breaches and cyberattacks, under-
scoring the need for continuous investment in privacy and security measures to protect infor-
mation while maintaining compliance.

3.4 Data Silos and Foundations
SMEs encounter considerable challenges when seeking to implement artificial intelligence
within production environments. These challenges can be attributed to the presence of data
silos, fragmentation, and inadequate data management foundations. The concept of a data
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silo refers to the isolation of information within a specific department, system, or application,
thereby rendering it inaccessible to other parts of the organisation. Fragmentation can be de-
fined as the distribution of data across multiple platforms or formats, which hinders efforts to
gain a unified view of business operations. The result of these issues is the untapped potential
of valuable data from different sources, which cannot be effectively combined. To illustrate this
point, consider the challenge of integrating production data stored in manufacturing systems
with sales or supply chain information. This integration issue can impede the potential for com-
prehensive analytics and effective AImodel training. Fragmented data can also lead to inconsis-
tencies, as different departmentsmaymaintain their standards, formats, or update schedules [2].
The consequences of data silos and fragmentation include reduced data quality and con-

sistency, limited collaboration and knowledge sharing, increased integration costs, and slower
decision-making processes [29]. The absence of clearly defined data management policies and
governance frameworks is indicative of underlying issues. In the absence of standardized pro-
cedures, data is frequently collected, processed and stored in a non-uniform manner, resulting
in elevated error rates and datasets that are unreliable, thereby compromising the efficacy of AI
initiatives [28].
Additionally, many SMEs lack data governance and AI competencies. The absence of person-

nel with expertise in data integrity, metadata standards, and lifecycle management affects data
quality and readiness, heightening the risk of non-compliance. Poor data preparedness often
delays or fails AI projects [26].
In order to address these challenges, SMEs should prioritize the integration of their data sys-

tems, the establishment of robust datamanagement policies, and the investment in skills devel-
opment. The dismantling of silos, the reduction of fragmentation, and the implementation of
governance frameworks are imperative steps in the process of unlocking the full value of data
assets and establishing a robust foundation for the successful and scalable adoption of AI in pro-
duction.

3.5 The Consequences of Weak Data Management in AI Projects
Data-related challenges are a leading cause of failure in AI initiatives, with studies indicating that
as many as 30% of GenAI projects fail to progress beyond the pilot phase [13]. This high failure
rate is largely attributable to substandarddata quality, inconsistent formats, anda lackof central-
ized data governance. Poor-quality data not only diminishes model performance but also leads
to biased outputs, unreliable predictions, and flawed decision-making. These outcomes erode
stakeholder trust and can compromise critical business operations. Moreover, the absence of au-
tomated data integration tools forces SMEs to rely on labor-intensive manual processes for data
cleaning and preparation. These tasks consume valuable time and human resources, diverting
attention away from innovation and core business functions. For resource-constrained SMEs,
this creates a bottleneck that prevents the scaling and operationalization of AI technologies [28].

3.6 Building Resilient Data Capabilities for AI Integration
To address data management challenges in AI adoption, several key strategies should be im-
plemented. Organizations should begin by establishing clear data governance policies, which
involve defining standards for data collection, validation, and maintenance [2]. Leveraging AI-
driven data cleaning tools is also essential, as these tools can automate error detection, dedupli-
cation, and validation processes, thereby improving overall data quality [9].
Integrating data sources is another important step. By breaking down silos and connecting

disparate systems, organizations can standardize data formats and ensure a unified data foun-
dation [29]. Investing in staff training is equally critical; upskilling employees in data manage-
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ment andAI fundamentals enhances the organization’s ability tomaintain high-quality, AI-ready
data [26].
Regular data audits should be conducted to review and address any data quality issues that

arise periodically. Finally, prioritizing data privacy and security is vital. This means adopting ro-
bust cybersecuritymeasures and ensuring compliancewith relevant regulations to protect sensi-
tive business and customer information [37]. Together, these strategies help build a strong foun-
dation for successful AI initiatives in production environments.

4 Systems as a Barrier to AI Integration
Infrastructure limitations are a significant barrier to AI adoption, asmany organizations struggle
to integrate AI systems with existing IT environments that lack the necessary processing power,
storage, and scalability to supportAIworkloads. Legacy systems, inadequate equipment, andun-
predictable costs can result in delays, inefficiencies, or even failure of AI initiatives if businesses
do not invest in modernizing their infrastructure and ensuring compatibility with advanced AI
technologies [3].

4.1 Legacy System Integration
Integrating AI into production environments often exposes infrastructure limitations, particu-
larly for SMEs with old assets. Many SMEs use 15+ year old equipment, causing compatibility
issues with modern AI technologies. Legacy systems may use outdated communication proto-
cols, lack digital interfaces, or be incompatible with contemporary data acquisition and control
platforms, making integration challenging [4].
Another critical concern pertains to the latency of real-time inference. In 62% of AI deploy-

ments within industrial settings, latency exceeds the acceptable tolerance of ±5%. AI-driven
decisions or predictions are not delivered quickly enough to meet production process require-
ments, potentially leading to inefficiencies or safety risks. This is often exacerbated by legacy
hardware’s limited processing capabilities and the complexity of integrating AI with older con-
trol systems [4].
Proprietary control systems are another barrier. Legacy production environments rely on

closed, vendor-specific solutions restricting external access via APIs. This hinders the ability to
collect real-time data, automate workflows, or implement AI-driven optimizations, as external
systemscannot communicatewithproprietary controllers. SMEs face substantial costs and tech-
nical hurdles whenmodernizing their production infrastructure for AI readiness.

4.2 Scalability Demands
Scalability represents a pivotal challenge for SMEs seeking to broaden the implementation of AI
beyond the confines of pilot projects. Edge devices, which facilitate the execution of AI processes
in proximity to the data source, frequently exhibit inadequate computational capacity to sup-
port sophisticatedmodels. Consequently, organisations are compelled to either streamline their
models, a process that may entail a diminution in accuracy, or to allocate resources towards the
acquisition of costly hardware enhancements [16]. Network bandwidth limitations further con-
strain scalability, as distributed AI systems require frequent data transfers between edge devices,
local servers, and cloud platforms; insufficient bandwidth can slow data transmission, hinder
real-time analytics, and limit the volume of data that can be processed across multiple sites [16].
As AI operations scale, cloud service costs become more unpredictable, with rapidly rising data
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storage, processing, and transfer expenses making budget forecasting difficult. Sometimes this
results in project scope reductions or overruns.

5 Compliance Barriers
A significant barrier for SMEs is the lack of universally accepted standards for AI system vali-
dation and certification. It is evident that initiatives such as ISO/TS 24028:2020 seek to estab-
lish guidelines for the trustworthiness of AI systems. However, the absence of mature, widely
adopted protocols engenders uncertainty for organisations aiming to demonstrate compliance
and reliability. This, in turn, complicates the process of evaluating solutions and gaining mar-
ket trust. [15]. Formal certification can be expensive, especially for SMEs, and nearly half cannot
afford it, which hinders market entry and innovation. AI systems create unique regulatory chal-
lenges. Certification processes are designed for static systems, so how do you validate, monitor,
and certify evolving AI solutions? This uncertainty can delay deployment, increase risks, and
deter investment in advanced adaptive AI technologies. [7].

6 Workforce: Bridging the Human–AI Divide
The successful adoption of AI in production environments by SMEs is heavily dependent on the
capabilities of the workforce. However, significant gaps in skills and organizational acceptance
often hinder the effective implementation and scaling of AI solutions.

6.1 Skills Mismatch
A critical challenge faced by SMEs is the shortage of “bilingual” experts who possess both oper-
ational technology and AI competencies. These professionals are essential for bridging the gap
between traditional production systems and advanced AI technologies, yet they remain scarce
in the labormarket [17]. Furthermore, knowledge transfer bottlenecks frequently occur between
data scientists and production operators, impeding collaboration and slowing down AI deploy-
ment [30]. Another key issue is the limited expertise in machine learning operations, which is
crucial for the reliable deployment, monitoring, and maintenance of AI models in production
settings. Lack of MLOps skills often leads to deployment failures and reduced system perfor-
mance [12].

6.2 Organizational Resistance
Beyond technical skills, organizational resistance poses a significant barrier to AI adoption. Op-
erators often distrust AI recommendations, primarilywhenmodels function as black boxeswith-
out transparent explanations [22]. Labor unions may express concerns about job displacement
due to automation, creating social and political challenges for AI initiatives [25]. Management’s
reluctance to automate core processes further slows AI integration, as decision-makersmay fear
loss of control or disruption to established workflows [10].
Addressing these workforce capability gaps requires targeted training programs, improved

communicationbetween technical andoperational teams, and transparent AI systems that build
trust among users.
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7 Economic and Operational Hurdles
The most significant financial impediments confronting SMEs contemplating or implementing
AI in production are as follows: uncertainty with regard to return on investment (ROI) and the fi-
nancial burden of maintenance overhead. SMEs frequently encounter elevated initial costs and
protracted return periods, with initial investments often exceeding €250,000 and returns occa-
sionally requiring over three years to materialise [33, 24]. The nature of many AI benefits, which
are often intangible in nature, such as enhanced product quality and process flexibility, serves
further to complicate the justification for such expenditures [33]. This uncertainty, in conjunc-
tion with budgetary constraints, compels many SMEs to prioritise immediate operational needs
over long-term AI projects [24].
Once deployed, AI systems require ongoingmaintenance to ensure continued effectiveness. It

is important to note that model performance can degrade over time. In order to ensure contin-
ued accuracy and compliance, especially in regulated sectors, it is necessary to carry out regular
retraining, often every fewmonths. Maintenance entails rigorous version control and documen-
tation, which introduce complexity and operational overhead [5]. Moreover, reliance on propri-
etary AI platforms can result in vendor lock-in, thereby reducing flexibility and increasing costs
over the lifecycle of the solution [27].
SMEs should adopt thorough ROI assessments, communicate the benefits of AI to stakehold-

ers, implement structured maintenance plans, and prioritise open, interoperable AI technolo-
gies to avoid lock-in.

8 Conclusion: A Roadmap for SME AI Transformation
The integration of artificial intelligence within SMEs has the potential to enhance efficiency,
product quality, and adaptability to a considerable extent. However, as this paper has demon-
strated, the path to successful AI integration is complex and shaped by interrelated barriers
across technical, organisational, regulatory, and economic domains.
The training of reliable AI models continues to be hindered by poor data quality, fragmenta-

tion, and volume challenges. These issues often result in suboptimal outcomes or failed imple-
mentations. The deployment of AI is further complicated by legacy infrastructure, limited scal-
ability, and unpredictable operating costs, particularly in resource-constrained environments.
SMEs must also navigate strict compliance requirements, such as the General Data Protection
Regulation, and evolving certification frameworks, often without dedicated legal or data protec-
tion personnel.
From a human perspective, the scarcity of professionals who possess dual expertise in both

operations and AI—termed "bilingual experts"—in conjunction with organisational resistance
and limited AI literacy, impedes the adoption and scaling of AI. The economic case continues to
present significant challenges, characterisedbyanuncertain returnon investment,maintenance
burdens, and limited internal funding, which collectively contribute to the perception of AI as a
risky proposition.
To overcome these challenges, SMEs should pursue a set of interconnected strategies:
• Strengthen Data Management: Build robust data governance, invest in data cleaning and
integration tools, and prioritize staff training on data quality and AI basics.

• Modernize Infrastructure: Upgrade legacy systems gradually, adopt scalable cloud and
edge computing solutions, and minimize vendor lock-in through open and interoperable
platforms.
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• Ensure Regulatory Readiness: Incorporate privacy-by-design and stay current with GDPR
and certification standards, using industry partnerships and guidance where possible.

• BuildWorkforce Capabilities: Support cross-disciplinary training, hire or develop bilingual
experts, and foster explainable AI systems to reduce resistance and build trust.

• Manage Economic Risk: Conduct detailed ROI analyses, plan for ongoing model mainte-
nance and updates, and explore external funding or partnerships to spread cost and risk.

These approaches are consistent with the real-world conditions and constraints faced by SMEs.
It is imperative to acknowledge that progress in this domain is contingent not solely on initiatives
undertaken at the firm level, but also on the concerted efforts of a supportive ecosystem. This
ecosystem encompasses policymakers, academia, technology providers, and industry bodies,
who, through collaborative endeavors, must strive to diminish barriers and foster the adoption
of scalable, trustworthy AI within the context of SMEmanufacturing.

Acknowledgments
We are grateful to the reviewers for their helpful suggestions, which led to significant improve-
ments in the clarity and presentation of our findings. This research is supported by the Cen-
ter for Artificial Intelligence (CAIRO) at the Technical University of Applied Sciences Würzburg-
Schweinfurt (THWS), Würzburg, Germany and the Bavarian State Ministry for Digital Affairs.

References
[1] Aarstad A. & Saidl M. (2019). Barriers to Adopting AI Technology in SMEs: A Multiple Case

Study. MSc Thesis, Copenhagen Business School.
[2] AdamsZ.&NelsonA. (2022). BreakingDownSilos: IntegratingBigDataAcrossOrganizational

Functions International Journal of Network and Communication Research, Vol.7
[3] Akoh, E. (2024). Adoption of artificial intelligence for manufacturing SMEs’ growth and sur-

vival in SouthAfrica: A systematic literature review. International Journal of Research inBusi-
ness and Social Science (2147- 4478). 13. 23-37. 10.20525/ijrbs.v13i6.3561.

[4] Alqoud, A., Schaefer, D., & Milisavljevic-Syed, J. (2022), Industry 4.0: a systematic review of
legacymanufacturing system digital retrofitting, Manufacturing Rev. 9 32, DOI: 10.1051/mfre-
view/2022031

[5] Ashmore, R., Calinescu, R., & Paterson, C. (2021). Assuring the Machine Learning Lifecycle:
Desiderata, Methods, and Challenges, ACM Computing Surveys, 54(5), 1-39

[6] Baljevic D. (2023). Challenges in Scaling AI for Manufacturing. ISG Research Report.
[7] Bigham T. , Gallo V. , Nair S., Lee M., Soral S., Mews T., Tua A. & Fouché M., AI and risk man-

agement
[8] Bosch Research. (2025). Research Projects on the Use of AI in Manufacturing.
[9] Dai, H. N., Wang, H., Xu, G., Wan, J., & Imran, M. (2019). Big data analytics for manufacturing

internet of things: opportunities, challenges and enabling technologies. Enterprise Informa-
tion Systems, 14(9–10), 1279–1303. https://doi.org/10.1080/17517575.2019.1633689

[10] Dally, S., Wiewiora, A., & Hearn, G. (202). Shifting attitudes and trust in AI: Influences on
organizational AI adoption,Technological Forecasting and Social Change, Volume 215

[11] European Commission, General Data Protection Regulation (GDPR). Available: https://
gdpr.eu/

[12] Faubel, L., Schmid, K. & Eichelberger (2023), H.MLOps Challenges in Industry 4.0. SNCOM-
PUT. SCI. 4, 828 https://doi.org/10.1007/s42979-023-02282-2

Workshop AIP2025 Fichtel, Seuß

40

https://gdpr.eu/
https://gdpr.eu/


[13] Gartner, GGartner Predicts 30% of Generative AI Projects Will Be Abandoned After Proof of
Concept By End of 2025, (2024).

[14] Hafsi M., Hamour N. & Ouchani S. (2023). Predictive Maintenance for Smart Industrial Sys-
tems: ARoadmap. The 6th InternationalConferenceonEmergingData and Industry (EDI40),
Leuven, Belgium. ⟨hal-04398272⟩

[15] International Organization for Standardization (ISO). 24028:2020 – Information technology
— Artificial intelligence — Overview of trustworthiness in artificial intelligence. Available:
https://www.iso.org/standard/77608.html

[16] Kemnitz J. et al. (2023), An Edge Deployment Framework to Scale AI in Industrial Applica-
tions, 2023 IEEE 7th International Conference on Fog and Edge Computing (ICFEC), Banga-
lore, India, 2023, pp. 24-32, doi: 10.1109/ICFEC57925.2023.00012.

[17] Keshireddy S. (2024). Bridging the Gap: The Synergy of AI, Data Integration, and Data Sci-
ence in Driving Innovation. International Journal of Innovative Science and Research Tech-
nology (IJISRT). 3. 16-18. 10.38124/ijsrmt.v3i10.48.

[18] Kraljevski, I., Ju, Y. C., Ivanov, D., Tschöpe, C., &Wolff, M. (2023). How to DoMachine Learn-
ingwith Small Data? A Review froman Industrial Perspective. arXiv preprint arXiv:2311.07126.

[19] Li, X., Yang, C.,Møller, C., & Lee, J. (2024). Data Issues in Industrial AI System: AMeta-Review
and Research Strategy. arXiv preprint arXiv:2406.15784.

[20] Masod M. & Zakaria S. (2025). Artificial Intelligence Adoption in the Manufacturing Sector:
Challenges and Strategic Framework. International Journal of Research and Innovation in So-
cial Science, 9(4), 123-135.

[21] McMillan, L. & Varga, L. A review of the use of artificial intelligence methods in infras-
tructure systems. Engineering Applications Of Artificial Intelligence. 116 pp. 105472 (2022),
https://www.sciencedirect.com/science/article/pii/S0952197622004626

[22] Miller T. (2019), Explanation in artificial intelligence: Insights from the social sciences, Arti-
ficial Intelligence, Volume 267

[23] Mirzazadeh E. & Rostami M. (2024). AI Adoption in Production: Encouraging and Discour-
aging Factors in SwedishManufacturing Firms as Case Study. Master Thesis, Jönköping Uni-
versity.

[24] Müller, J. M., Kiel, D., & Voigt, K.-I. (2018). What Drives the Implementation of Industry
4.0? The Role of Opportunities andChallenges in the Context of Sustainability. Sustainability,
10(1), 247.

[25] Nissim G., Simon T. (2021). The future of labor unions in the age of automation and at the
dawn of AI, Technology in Society, Volume 67

[26] Oldemeyer, L., Jede, A. & Teuteberg, F. Investigation of artificial intelligence in SMEs: a sys-
tematic review of the state of the art and themain implementation challenges. Manag Rev Q
75, 1185–1227 (2025). https://doi.org/10.1007/s11301-024-00405-4

[27] Opara-Martins, J., Sahandi, R. & Tian, F. (2016), Critical analysis of vendor lock-in and
its impact on cloud computing migration: a business perspective. J Cloud Comp 5, 4.
https://doi.org/10.1186/s13677-016-0054-z

[28] Peretz-Andersson E., Tabares S., Mikalef P., Parida V.(2024), Artificial intelligence implemen-
tation in manufacturing SMEs: A resource orchestration approach, International Journal of
Information Management, Volume 77

[29] Plathottam S., Rzonca A., Lakhnori R. & Iloeje C. (2023). A review of artificial intelligence ap-
plications inmanufacturing operations. Journal of AdvancedManufacturing and Processing.
5. 10.1002/amp2.10159.

[30] Subramaniyan M., Skoogh A.,Bokrantz J., Sheikh M., Thurer M. & Chang, Qing. (2021). Arti-
ficial intelligence for throughput bottleneck analysis – State-of-the-art and future directions.
Journal of Manufacturing Systems. 60. 734-751. 10.1016/j.jmsy.2021.07.021.

[31] Technische Hochschule Würzburg-Schweinfurt & appliedAI Initiative. (2025). KI-Transfer

Workshop AIP2025 Fichtel, Seuß

41

https://www.iso.org/standard/77608.html


Plus Program Overview. Program Report.
[32] Voigt, P., & Von demBussche, A. (2017). The EUGeneral Data Protection Regulation (GDPR):

A Practical Guide, Springer
[33] Wamba, S., Akter, S., Edwards, A., Chopin, G., &Gnanzou, D. (2015), How ‘big data’ canmake

big impact: Findings from a systematic review and a longitudinal case study, International
Journal of Production Economics, Volume 165

[34] Wei X., Kumar N. & Zhang H. (2021). Addressing Bias in Generative AI: Challenges and Re-
search Opportunities in Information Management, arXiv:2502.10407v1

[35] Windmann A., Wittenberg P., Schieseck M. & Niggemann O. (2024). Artificial Intelligence
in Industry 4.0: A Review of Integration Challenges for Industrial Systems. arXiv preprint
arXiv:2405.18580.

[36] Xie J., Sun L. & Zhao Y. (2025). On the Data Quality and Imbalance in Machine Learning-
based Design andManufacturing—A Systematic Review, Engineering, Volume 45

[37] Yuhan, N., & Hamilton, J. (2024). Strengthening SMEs through Cybersecurity and AI: A Path
to Operational Excellence

Workshop AIP2025 Fichtel, Seuß

42



Anomaly Detection on the Edge for Quality Inspection

Andreas Marchl1 0009-0003-8471-8983
Maxmimilan Kasper1 0009-0007-3160-5028
Simon Geis1 0009-0006-5173-4815
Mark Deutel1 0000-0001-8932-5212
Axel Plinge1 0000-0001-7757-2953 a

Dominik Seuss1,2 0000-0001-5302-2236
aCorresponding author.

1Fraunhofer Institute for Integrated Circuits, Division Positioning and Networks, 90411 Nürnberg, Germany
2Technical University of Applied Sciences Würzburg-Schweinfurt, Center for Artificial Intelligence and Robotics,
97082 Würzburg, Germany

Quality inspection via computer vision is a growing use-case for artificial intelligence (AI).
However, two obstacles are hindering its wide-spread adaptation. First, integrating AI often
requiresmajor process changes, such as cloud access and large installations. Second, to train
the AI, many defective samples are needed. The first hurdle can be overcome by using edge
AI, the second one by using anomaly detection. We demonstrate how the combination of the
two can offer a lightweight yet reliable solution for quality inspection. This is implemented
and demonstrated on a Raspberry Pi 4.

Keywords
Anomaly Detection • Edge AI •Demonstrator

1 Introduction
Artificial intelligence (AI) on the edge is the deployment of AI functionality at the end of the
cloud-edge continuum, directly at the sensor and actuator level [1, 2]. This has a number of ad-
vantages, such as low latencies, fast response times, and reduced energy consumption, while
ensuringmaximumprivacy and data governance, as the data do not have to leave the edge. Edge
AI is deployed on embedded systemswith limited computational resources [3, 4]. In our demon-
strator, we combine recent scientific developments in edge AI and anomaly detection for visual
quality inspection.
Visual quality inspection is a critical component of modern manufacturing. While machine

learning offers powerful automation capabilities for this task, a fundamental challenge arises
from the data itself. In functioningmanufacturing processes, defects are inherently rare, but can
manifest in countless, often unforeseen, ways. This severe data imbalance renders traditional
supervised approaches impractical, because they require extensive labeled examples for every
defect type.
Unsupervised anomaly detection (AD) resolves this. AD is the identification of rare events or

observations which deviate significantly from the majority of the data. Unsupervised methods
operate by learning a robust model of “normality”, purely from images of non-defective parts or
products. During inference, any part that deviates significantly from this learned normality is
automatically flagged as anomalous.
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Prune Train Quantize

Figure 1: Deep compression workflow for developing an edge AI demonstrator for industrial visual qual-
ity inspection. Model pruning, retraining, and quantization allow an efficient deployment on resource-
constrained edge devices.

Current state-of-the-art (SOTA)models for AD can be categorized into generative approaches,
that learn to reconstruct normal images in the training phase, often utilizing autoencoder-based
architectures, such as EfficientAD [5], discriminative approaches that encode image-level or
patch-level extracted features into distributional statistics, such as PaDiM [6] and FastFlow [7],
as well as hybrid methods, such as PatchCore [8] and SuperSimpleNet [9]. Anomalies are then
identified either by measuring the reconstruction error, or the distance to the learned normal
distributional statistics.
“Deep compression” is a suite of techniques that focus on optimizing deep neural networks

(DNNs) by structural or implementation changes [4, 10]. The techniques try to detect and remove
redundant information in trainedDNNs in differentways. Pruning detects neural structures that
encode similar features and then filters and removes redundancies [11, 12]. Quantization reduces
the resolution of the weights of DNNs, typically from 32-bit floats to 8-bit integers, reducing the
memory requirements of DNNs significantly [11, 13]. Especially for computer vision applications,
implementation at the edge can be challenging due to constrained computational power and
restricted memory [14].

2 Method
Our framework compresses large SOTA DNN models used for anomaly detection to a size that
will workwithin the constraints of embedded systems, in the case of our demonstrator on aRasp-
berryPi 4. Toachieve this, weaugment the trainingprocess of the anomalydetectionmodelswith
iterative structured pruning and post-training quantization, see Figure 1. Our approach is imple-
mented with PyTorch and a visual anomaly detection library “anomalib” [15] to implement the
training, as well as our own proprietary pruning library [14], and PyTorch’s built-in post-training
quantization capabilities to design and train compressed DNNmodels. These models can then
be converted and exported to the ONNX format, allowing us to deploy them on the Raspberry Pi
4 with the help of onnxruntime [16].

3 Results
To find a suitable anomaly detectionmodel for the demonstrator, we first performed a compara-
tive analysis of several current SOTA unsupervised anomaly detectionmodels. We evaluated the
performance of each model on the MVTecAD benchmark dataset [17], a standard benchmark
for industrial visual inspection tasks. As shown in Table 1, the models were compared in terms
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of their image-level AU-ROC score, inference latency on a desktop PC, number of trainable pa-
rameters, and resulting file size. The comparison shows that the “EfficientAD-S” architecture
[5] outperformed all other models in performance and efficiency. Thus, we selected it for the
additional pruning and quantization procedure: To further compress we iteratively re-trained it
while applying increasing prunings, startingwith 0%pruned (baseline) and endingwith approx-
imately 60% of the trainable parameters removed. We show the results of pruning in Table 2. For
each pruning, we trained the “EfficientAD-S” model for 85 epochs and on input images of size
256× 256 pixels. We show quantized (UInt8) and unquantized (Float32) results. The goal was to
find a trade-off between the AU-ROC performance (col. 2, maximize) and latency on the Rasp-
berry Pi 4 (col. 3, minimize).
The results show that when training on the MVTecAD screw subset, 20% of the neural struc-

tures can be safely removed from the model without notably affecting its AU-ROC score. For
stronger prunings, increasingly significant performance degradation is observed. This observa-
tion can also be validated qualitatively, cf. Figure 2. Even though the predicted anomaly mask
of the 20% pruned model (c) is still very similar to the unpruned baseline (b) and the anomaly
is clearly detected compared to the ground truth (a), the 40% pruned model (d) already pro-
duces an anomalymask that is worse and also does not detect the anomalous defect of the screw
as clearly. Nevertheless, even a pruning of 20% speeds up the inference of the “EfficientAD-S”
model on the Raspberry Pi 4, particularly when using the quantized version, as evidenced by
the values in the fourth column of the table. Compared to the floating-point baseline, the 20%-
pruned and quantized version already achieves a speedup of 1.9, making it, together with the
still very good AU-ROC score, the optimal compromise we chose for final deployment on our
demonstrator.

4 Conclusion
In this work, we presented our approach to finding an efficient DNNmodel for anomaly detec-
tion at the edge for quality inspection. After evaluating several SOTA models, we selected the
“EfficientAD-S” architecture, which we pruned and quantized to enable deployment on a Rasp-
berry Pi 4. We achieved about 2× faster inference and 80% reduction in model size through the
compression.
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In this work, the Prize-Collecting Job Shop Scheduling Problem is addressed under stochas-
tic conditions using aReinforcement Learning (RL) approach. The scheduling environment is
modeled as aMarkovDecision Process, where a bipartite graph representation is employed to
capture the structure between workers and operations. A cross-attentionmechanism is used
to compute assignments based on worker availability, skill compatibility, and task readiness.
Stochastic events, including worker unavailability, operation delays, and dynamically arriv-
ing jobs, are incorporated into the simulation. The proposedmethod is evaluated on realistic
scheduling scenarios (approximately 15 workers and 250 jobs) derived from tax office oper-
ations. Performance is compared against a set of benchmark algorithms based on heuristic
and evolutionary strategies, adapted to stochastic settings via iterative re-planning. Experi-
mental results indicate that the RL-based approach achieves robust and efficient scheduling
performance in the presence of uncertainty.

Keywords
Reinforcement Learning • Job Shop Scheduling •Machine Learning

1 Introduction
Reinforcement Learning (RL) has emerged as a powerful framework for sequential decision-
making and control, with successful applications spanning a wide range of domains such as
robotics, game playing, autonomous driving, and recommendation systems [1, 2, 3]. In these
settings, RL agents learn to make decisions by interacting with an environment, receiving feed-
back in the form of rewards, and using this feedback to improve future behavior.
A key strength of RL is its natural formulation for planning under uncertainty. Bymodeling the

environment as a Markov Decision Process (MDP), RL algorithms can reason about long-term
consequences of actions and optimize behavior evenwhen the dynamics of the environment are
unknown or stochastic.
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Compared to black-box optimization methods such as genetic algorithms or random search,
RL methods explicitly leverage the structure of sequential decision problems. Rather than treat-
ing each action or policy evaluation independently, RL exploits temporal correlations and learns
value functions or policy gradients to guide exploration and improve sample efficiency. This of-
ten results in fast convergence andmore principled learning in high-dimensional or continuous
control tasks [4, 5, 6, 3].

In this work, we investigate the application of RL to a challenging variant of the classical Job
Shop Scheduling Problem (JSSP), which we refer to as the Prize-Collecting Job Shop Schedul-
ing Problem (PC-JSSP). The name follows the convention of other combinatorial optimization
problem variants, such as the Prize-Collecting Traveling Salesman Problem [7] and the Prize-
Collecting Steiner Tree [8]. Unlike traditional JSSPs, which aim to sequence all given jobs to
minimize objectives such as makespan or tardiness, the PC-JSSP considers a fixed and limited
scheduling horizon. The goal is to select and schedule a subset of available jobs in order tomax-
imize the total collected reward (e.g., profit or utility), subject to resource constraints. In the
literature, such problems are sometimes also referred to as flexible JSSPs with throughput as the
primary optimization objective [9, 10].
A distinctive aspect of our setting is the incorporation of stochastic events that can disrupt the

planned schedule. For instance, workers may become unavailable due to sudden vacations, or
unexpected delays may affect job durations. These uncertainties make it essential to develop
adaptive strategies that can learn to plan effectively and re-plan dynamically in response to dis-
ruptions.
This problem arises in real-world scenarios where tasksmust be assigned to limited human or

machine resources, each with different and often overlapping skill sets. The problem of stochas-
tic PC-JSSPs is particularly applicable in emerging Smart Manufacturing environments, e.g. [11,
12], where low-volume, high-mix orders are produced on a high number of specialisedmachines,
increasing the likelihood of failure and allowing for more dynamic selection of individual jobs,
rather than large bulk contracts. Beyond traditional job scheduling, PC-JSSP formulations are
also important in healthcare, emergency or machine maintenance scenarios where specialized
personnel has to be assigned to themost in-need patients ormachines. Since these problems are
usually constrained by resources (e.g., doctors or firefighters) rather than time, one has to resort
to PC-JSSP formulations rather than traditional JSSPs.
In this work, we focus on a specific use case: the PC-JSSP for tax offices. Tax offices often face

the challenge of having too few workers available to manage a surplus of jobs with tight and
varying deadlines. It becomes sensible to commit to a job only if its operations can be fully com-
pleted within the given timeframe, making PC-JSSP a suitable formulation for this scenario. We
established a simulation of tax office work scheduling that incorporates stochastic events such
as delays, workers falling ill, new tasks arising, and vacations. We conceptualize this problem
as a Markov Decision Process and explore the application of RL to develop scheduling policies
that are robust to uncertainties and scalable to realistic problem sizes. Our experimental setup
considers problem instances with approximately 15 workers and 250 jobs, reflecting the com-
plexity and uncertainty found in real-world operations. Our approach illustrates how RL can
be leveraged for not only online decision-making but also robust planning in uncertain, high-
dimensional scheduling environments. Our formulation of the PC-JSSP is derived from real-
world requirements, making it highly practical but also quite specialized. As a result, it is difficult
to find existing methods, whether based on RL, heuristics, or other paradigms, that are directly
applicable for comparison. Therefore, we adapt several well-established approaches originally
developed for the classical JSSP to our setting, andbenchmark ourmethod against these adapted
baselines.
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2 Related Work
2.1 RL for JSSP variants
There are many JSSP variants with different constraints that reflect a wide range of real-world
scenarios. These often require tailored solution methods, complicating direct comparisons be-
tween approaches. As a result, methods are frequently benchmarked against heuristic rule sys-
tems. We highlight representative RL-based approaches for JSSP variants and refer to [13] for a
comprehensive review.
Waschneck et al. [11] apply Deep Q-Networks (DQN) to production scheduling in complex,

dynamic job shop environments, using a semiconductor manufacturing case study. Their ap-
proach uses multiple cooperative agents responsible for dispatching at individual workcenters,
accounting for constraints like setup times, re-entrant flows, batching, and tool dedication. The
simulation includes stochastic elements to reflect real-world variability, and their DQN system
performs comparably to expert-designed heuristics.
Zhang et al. [14] present a deep RL framework that learns scheduling policies using graph-

based representations. A graph neural network encodes scheduling information and produces
generalizable policies applicable to varying instance sizes without retraining. Their method
achieves lower makespans than rule-based heuristics while maintaining computational effi-
ciency.
In [12], a double-DQN approach trains an agent for resource allocation in business processes,

structurally similar to JSSPs but with randomized transitions after each operation assignment.
The method outperforms simple heuristics such as First-In-First-Out and Shortest Processing
Time (SPT) on small instances.
Tassel et al. [15] propose a RL agent and environment for the classical JSSP using Proximal Pol-

icy Optimization (PPO) [5], similar to our work. PPO enables stable policy updates and robust
learning. However, their setup excludes stochastic events, uses a static representation that can-
not adapt to varying job or worker numbers, and does not model workers explicitly, enforcing
feasibility by masking invalid actions.
Echeverria et al. [16] apply offline RLwith heterogeneous graphneural networks to capture de-

pendencies between operations, jobs, and workers. Like Tassel et al., their focus is on the classi-
cal JSSP rather thanmore complex variants like the prize-collecting JSSP. Theirmethod explicitly
models intra-job dependencies, resulting in a more complex graph structure than ours.
Bonetta et al. [17] adopt a sequence-to-sequence decoding approach based on Pointer Net-

works [18] tomodel the classical JSSP. Theirmethod linearizes the JSSP instance before decoding,
similar to earlier Pointer Network applications in combinatorial problems like the Knapsack and
Travelling Salesman Problems [19].

2.2 Heuristics and Genetic Algorithms for JSSP Variants
Beyond learning-based methods, a large body of research addresses the JSSP and its variants
using classical techniques, mainlymathematical optimization and heuristics. Mathematical op-
timization provides exact solutions but is generally limited to small instances, while heuristics
offer more scalable alternatives that deliver high-quality solutions in reasonable time. For an
overview, see Momenikorbekandi and Kalganova [20], who highlight the practical success of hy-
brid strategies, especially in flexible andnon-standard JSSPs. Türkyılmaz et al. [10] survey heuris-
tic methods for multi-objective flexible JSSPs, covering algorithms like PSO, tabu search, and
evolutionary techniques. They emphasize the strength of hybrid algorithms but also point out
the dominance of synthetic benchmarks and limited attention to real-world uncertainty.
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Jamili [21] focuseson robust schedulingunder stochasticdisruptions, introducingbuffer-based
methods combined with exact and heuristic algorithms, including Branch and Bound, Beam
Search, and PSO. These approaches work well for small cases (e.g., 10 jobs and 10 machines),
but their scalability to larger, more complex scenarios—like our setting with about 15 machines,
250 jobs, and stochastic events—is unclear.
Additional work refines genetic and evolutionary approaches. Ripon et al. [22] apply evolu-

tionary techniques tomulti-objective JSSPs,whileBhatt andPanchal [9] reviewgenetic algorithm
configurations. Differential Evolution has been adapted to discrete scheduling via constraint re-
laxation [23].
To evaluate our RLmethod, we adapt several of these heuristic and evolutionary algorithms as

benchmarks, modifying them to handle prize-collecting objectives and stochastic events in our
problem setting.

3 Method
3.1 Simulation Environment
We implemented a custom simulation in Python to model staff scheduling within a tax office.
The simulation environment is designed to reflect realistic operational conditions, including job
structures, worker capabilities, departmental responsibilities, and a variety of stochastic disrup-
tions.
Each incoming job consists of a sequence of operations that must be completed in a prede-

fined order across different departments. The environment comprises four departments, and a
given jobmay require only a subset of them. Theduration of eachoperation is known in advance;
however, stochastic delays can occur during execution. The probability of such delays is con-
figurable. Every job has a predefined deadline, and a reward is assigned only if the entire job is
completedbefore this deadline. The reward is calculated basedon the total processing time allo-
cated to eachdepartment, with eachdepartmenthaving afixedper-time-unit payment rate. This
structure results in a linear scaling of the rewardwith the work contributed by each department.
The tax office is staffed by a number of workers, each associated with at least one department,
though multi-departmental assignments are possible. The simulation includes several types of
stochastic events, such as workers falling ill, taking vacation, delays during task execution, and
the arrival of new jobs.
The simulation operates in discrete time steps. At each step, it provides a complete state snap-

shot, including information on which workers are idle or occupied, which operations are cur-
rently in progress, which jobs have operations ready for assignment, which workers are unavail-
able due to illness or vacation, and how much time remains within the scheduling horizon. At
every timestep, theuser orRL agent can assign idleworkers to eligible operations. Operationsnot
ready for assignment aremasked and thus not selectable. Alternatively, the agent may choose to
advance to the next timestep withoutmaking any new assignments. In this case, idle workers re-
main unoccupied until the environment progresses, potentially unlocking new operations that
match their skill sets. This decision allows the agent to strategically wait for better assignment
opportunities rather than forcing suboptimal ones.
The objective of the agent is tomaximize the total reward by efficiently scheduling operations

and completing as many jobs as possible within a fixed planning horizon, while dynamically
adapting to uncertain conditions.
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Figure 1:Our method relies on a bipartite graph representation of the per-step assignment process. For
every timestep, for everyworker assignment,weencode theworker informationand job informationusing
two separate transformers (1). The resulting embeddings are used in a cross-attention like scheme (2) to
build a bipartite graph. We then mask invalid assignments (3) and sample a new pair from the bipartite
graph (4). The resulting worker-job assignment is then placed on the plan at the current timestep (5).
Not shown: A second output can issue a “continue” signal that directly steps to the next timestep without
assigning all workers.

3.2 RL using Bipartite Graph Representation
We formulate the PC-JSSP as a sequential decision-making task over discrete time steps. To
bridge the gap between real-world time slots and our decision process, we subdivide each time
slot into smaller “scheduling steps”. At each scheduling step, the agent assigns one available
worker to one available operation within the current time slot. This process repeats until either
all workers or all operations have been scheduled, or until the agent chooses a special “continue”
action. A worker remains assigned to an operation until that operation either completes, or a
random event occurs, e.g., the worker gets sick. This gives us anMDPwith states being available
workers and jobs, actions being worker-job assignments, and rewards being defined by the total
value of jobs fully completed.
The state at time step is represented by two sets - workers and jobs - each encoded with their

own feature vectors. A worker’s features include their salary (which can vary over departments)
and the subset of operations they can perform. A job’s features comprise of its current operation,
the list of remaining operations required for completion, and the expected reward (as described
in Section 3.1) for finishing all operations on time. Since every job has at most four operations
(the number of departments in our setting), we one-hot encode the pending operations into a
fixed-length vector.
Because the numbers of available workers and operations vary at each time step, our model

must flexibly accommodate variable-sized input sets while remaining computationally efficient.
To achieve this, we first embed all workers and jobs into a shared latent space using a Trans-
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former encoder [24]. We then model affinities between workers and jobs via a cross-attention-
style mechanism (see Figure 1), which effectively constructs the adjacency matrix of a weighted
bipartite graph between the two sets.
Concretely, letW ∈ Rd×|W | be the worker embeddings, J ∈ Rd×|J | be the job embeddings, and

M ∈ {−∞, 0}|W |×|J | the mask for available selections. We compute the assignment probabilities
as

p((w, j)) = softmax
(
W TJ +M

)
w,j

, (1)
where the softmax is computedover the entirematrix, rather than row-wise as is done inordinary
cross-attention.
Because Transformers are permutation-equivariant, our entire pipeline - embeddings, cross-

attention, and the resulting bipartite graph - is invariant to the ordering of workers or jobs. In
other words, both workers and jobs are treated as unordered sets rather than as order-aware
sequences.
RL for combinatorial optimization is often hampered by high inter-instance variance. Even

with a fixed number of workers and jobs and no stochastic events, randomly sampling different
makespans produces a wide spectrum of instances, from trivial to nearly infeasible. Such vari-
anceunderminesRL’s relianceonaccurately estimating theadvantage,makingcredit assignment
intractable when instances themselves vary greatly.
We solve this limitationbyusing anewalgorithmoriginally proposed for tuning large language

models known as GRPO [25]. GRPO exploits environments where the same instance can be re-
executed deterministically at low cost - a feature uncommon inmost RL benchmarks but readily
available in our scheduling setting. GRPO replaces the existing advantage estimation techniques
(such as [4]) with empirical per-instance standardization. For each problem instance, we per-
form n independent rollouts to collect rewards r1, . . . , rn and then standardize them via

r̂i =
ri − E[r]
σ(r)

These per-instance normalized rewards replace traditional advantage estimators (e.g., [4]), and,
when aggregated across many instances, yield a good, unbiased estimate of the overall advan-
tage.
Intuitively, this estimation method downweights uncertain (high variance) instances contri-

butions, compared to certain (low variance) instances. This appears to be quite sensible as one
has to be a lot more careful to draw inferences in very risky instances, compared to easy ones.
Just like [25] , we then use these advantage estimations within PPO [5] to optimize our selection
policy.

3.3 Benchmark Algorithms
To evaluate the performance of our RL approach, we implement several benchmark algorithms
based on heuristics and evolutionary strategies. These algorithms are adapted to our formula-
tion of the PC-JSSP under the assumption of a deterministic setting without stochastic events or
disruptions.
For evaluation in the stochastic setting, each algorithm first generates a complete schedule

assuming no stochasticity. This schedule is then executed within our simulation environment.
When a stochastic event occurs at a given timestep, the current schedule is invalidated, and the
algorithm replans the schedule from that point forward - again under the assumption of no fur-
ther stochasticity. The updated schedule is then simulated until the next disruption, and the
process repeats.
In the following, we describe the rationale and implementation of each benchmark algorithm

and how it has been adapted to suit our PC-JSSP formulation.
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Modified Shortest Processing Time (MSPT)

SPT is oneof the simplest andmost computationally efficientheuristics for the classical JSSP [26].
It schedules the operation with the shortest processing time next.
Inspired by SPT, we design a heuristic tailored to our setting. At each decision point, we first

rank the currently available operations by their earliest deadline. In the case of a tie, we prioritize
the operation belonging to the job with the smallest total remaining processing time (sum of
all processing times within this job). If a tie persists, we select the operation with the shortest
individual processing time.
Next, we assign workers to these operations. For each operation, we sort all eligible workers

by the earliest possible start time. If multiple workers are available at the same time, we prefer
the one with the lowest workload, measured as the sum of durations of all previously completed
operations.
This process is repeated iteratively: as soon as all currently available operations have been

assigned, we re-evaluate the list of available operations and assign them in the same manner.
The procedure continues until the schedule is complete, i.e., until the predefined scheduling
horizon of the PC-JSSP has been reached.

Deadline-Aware Greedy Heuristic (DAGH)

While MSPT aims to balance workload across workers, which can be beneficial in settings with
human resources, it is not always optimal for pure scheduling performance. Moreover, MSPT
assigns operations in batches, first ordering all available operations, assigning them to workers,
and then proceeding to the next set, without dynamically reordering after each assignment.
Toaddress these limitations, wepropose theDeadline-AwareGreedyHeuristic (DAGH).DAGH

operates as follows: At each step, all currently available operations are placed in a priority queue,
sorted by the earliest possible starting time. The algorithm selects the first operation from the
queue and assigns it to a suitable worker. Among eligible workers, it chooses the one that can
start the task at the earliest time while ensuring that the job can still be completed within its
deadline.
Once an operation is assigned, the next operation in the corresponding job is added to the

queue. The queue is then re-sorted by earliest starting time, and the process repeats until the
scheduling horizon has been reached.

Genetic Algorithm (GA)

We propose a genetic algorithm (GA) tailored to our variant of the PC-JSSP, inspired by concepts
from evolutionary algorithms such as Differential Evolution [23]. The algorithm operates on a
population of candidate schedules, where each individual represents a complete schedule, in-
cluding both the operation sequence and worker assignments.
The process begins by initializing a randompopulation. It is ensured that each randomly gen-

erated individual corresponds to a legal schedule, respecting the required operation orderwithin
each job and assigning only workers with the appropriate skills.
In each generation, for every individual, we generate a mutant schedule through reordering

operations and apply crossover between the mutant and the original individual to produce an
offspring. Both mutation and crossover modify only the sequence of operations, not the worker
assignments. Diversity in worker allocation is maintained through the size of the population.
To guarantee feasibility duringmutation and crossover, we apply a correctionmechanism that

identifies and reorders any operations that violate job precedence constraints. This ensures that
all offspring represent legal schedules. While we considered extending crossover to include a
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randomly chosen individual in addition to the original andmutant (as is common in somediffer-
ential evolution strategies), we found that the high degree of constraint renders such additional
crossover ineffective, as the correction mechanism typically neutralizes any benefit.

4 Results
We evaluate two scheduling scenarios. First, we evaluate on a fully deterministic setting, where
the planner (RL, heuristic or evolutionary algorithm) generates a full plan which is then evalu-
ated against the environment’s reward function. Second, we compare in a stochastic simulation
where workers randomly leave for vacation1. Once a worker is on vacation, the environment
stops, all jobs are unassigned and the planner is asked to re-plan for the remaining time.
We found a small fixed testset of instances to be unsufficient to evaluate the true performance.

This is especially true for the stochastic events, as it is not possible to fully fix random events
equally between runs. For instance, imagine an instance with two workers with identical skills:
Method A assigning to the first worker and Method B assigning to the second would have dif-
ferent stochastic outcomes, despite the assignment itself being arbitrary. Such random effects
compound throughout the plan, yielding to entirely differnt stochatic scenarios. Due to the high
inter-instance variability and large search space, we evaluate all methods on 1000 randomly gen-
erated instances and report both themean and standard deviation over the set. In the case of our
RLmethod, we also evaluate an agent trained on deterministic settings (and evaluated on both)
and an agent trained on stochastic events (and evaluated on both). All experiments (including
the Neural Network) were run on CPU.
We set up the simulation reward (see Section 3.1) such that themaximum reward, i.e., the best

possible reward, achievable for deterministic simulations is 500. A reward of 500 corresponds to
a fully dense plan where every worker is busy at every timestep. Depending on which exact jobs
and worker profiles exist - as well as which stochastic effects are present - the realizable reward
may be lower, even if the plan is optimal.
We compare our model against the benchmark algorithms described in Section Section 3.3.

We use a 4 layer transformer with 2 heads and a hidden dimension of 128. Following prior work,
we use an inverted bottleneck of size 256 for the feedforward [24]. We set the learning rate to
3 ·10−4, batchsize to 2048, and train for a total number of 8000 epochs, eachwith 16 instances and
4 rollouts per instance. We found 4 rollouts to yield sufficient stabilization to allow for training,
but increasing the number of rollouts does improve the advantage estimation. For the simula-
tion we consider, we found the additional stabilization not worth cost of running more rollouts.
Increasing the degree of stochasticity may change this balance.
We report our results in Table 1. The deterministically trained RL agent achieves higher re-

wards than the heuristics in all cases, except against DAGH in the stochastic setting. The RL
agent trained on stochastic simulations obtains the highest rewards overall, significantly out-
performing all other methods. Interestingly, it also surpasses the agent trained on deterministic
simulations, both in stochastic and deterministic evaluations. While this may seem counter-
intuitive, it can be attributed to overfitting effects commonly observed in RL, where agents ex-
ploit simulator-specific artifacts rather than solving the underlying problem. We hypothesize
that training on stochastic simulations acts as a regularizer, improving generalization.
Moreover, bothMSPT andDAGH are considerably faster than the RL-basedmethods (and the

GA). This suggests potential for hybrid approaches, where fast heuristics likeMSPT or DAGH are
used to warm-start or guide RL training, or to generate high-quality initial solutions.

1Our modelling of vacations as unforseeable means that “vacation” and “sick leave” can be seen as equivalent
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Table 1: Comparison of RL methods and heuristics based on final reward. We report the mean and stan-
dard deviation for each algorithm, along with the average runtime in brackets. When stochastic events
are enabled, the overall scheduling load decreases, leading to shorter runtimes across all methods.

Method Deterministic Simulation Stochastic Simulation
RL Deterministic (ours) 3 0.04± 20.76 (2.52s) 300.5 ± 20.5 (2.50s)
RL Stochastic (ours) 477.57± 28.65 (2.64s) 470.03± 24.82 (2.51s)

MSPT 282.40± 60.56 (0.15s) 254. 0± 52.22 (0.15s)
DAGH 366.00± 46.42 (0.21s) 318.35± 42.71 (0.22s)
GA 258.70± 51.81 (41.64s) 226. 7± 47.84 (42.42s)

5 Discussion
Our results show that the RL approach, especially themodel trained under stochastic conditions,
consistently outperforms the benchmarks in terms of reward. The stochastic-trained agent not
only excels in uncertain environments but also generalizes better to deterministic cases, sug-
gesting that exposure to variability acts as a regularizer and reduces overfitting to simulator arti-
facts. WhileMSPT andDAGHoffer solid results and produce solutionsmuch faster, they lack the
adaptability of RLwhendisruptions occur. TheGA, although effective in small cases, suffers from
poor scalability and impractically long runtimes for real-timeuse. TheRL framework, thoughde-
signed for a specialized problem class, could apply to other domains involving dynamic resource
allocation and stochastic disturbances, such as healthcare or emergency response. Future work
could explore hybrid models that combine the speed of DAGHwith the adaptability of RL.

6 Conclusion
This work introduces a novel RL framework for the PC-JSSP under stochastic conditions, using
a cross-attentive bipartite graph model for dynamic worker-job assignments. Experiments on
realistic tax office scenarios show that the RL approach outperforms heuristics and evolutionary
algorithms in terms of reward, particularly in uncertain settings. The strong generalization of the
stochastic-trainedmodel to deterministic cases highlights its robustness. Thesefindings encour-
age applying similar architectures toother schedulingdomains andexploringhybridmodels that
integrate heuristic rules for greater efficiency and interpretability.
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Failure Mode and Effect Analysis (FMEA) is a widely used methodology across industries for
risk identification, evaluation, and prioritization. Despite its utility, traditional FMEA heav-
ily relies on subjective expert judgement and is often time intensive. Recent advancements
in data-driven methods present an opportunity to address these limitations by automating
and enhancing key aspects of the FMEA process. This systematic literature review aims to
identify and evaluate existing data-driven approaches for improving FMEA, specifically in es-
timating risk factors such as Severity (S), Occurrence (O), Detection (D), and the Risk Priority
Number (RPN) using process data. A total of 20 relevant studies were identified and analyzed.
The findings reveal that the integration of data-driven methods into the FMEA framework
has gained significant traction in recent years. Proposed techniques range from traditional
linear mapping models to advanced methods, such as Large Language Models (LLMs). The
reviewed studies span a variety of industries, with the automotive and manufacturing sec-
tors emerging as predominant contributors. Among the risk factors, Occurrence (O) has been
most frequently addressed using data-driven techniques. The review highlights several av-
enues for future research, including the integration of diverse data sources and the applica-
tion of cutting-edge technologies, such as multi-agent systems, to further enhance risk esti-
mation within the FMEA framework.

Keywords
FMEA •Data Driven • AI •ML • SLR

1 Introduction
The ongoing advances in the development of methods of artificial intelligence (AI) open new
opportunities for efficiency improvement in production environments. In particular, significant
progress has beenmade inmethods for processing text data to handle large amounts of informa-
tion, summarize them, and to respond to complex queries [1]. In thefield of quality and riskman-
agement, the potential for data-driven methods to improve traditional methods such as Failure
ModeandEffectAnalysis (FMEA)hasbeen identified [2]. FMEA is amethod for identifying failure
modes and their effects, evaluating their risks, and prioritizing them. It has receivedmajor atten-
tion in recent years due to its widespread usage across industries. This method has been widely
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adopted for quality management in automotive production to ensure a product of high quality
and reliability, but has been established as a cross-industry method for preventive risk manage-
ment [3, 4, 5]. Today, the approach is defined by different standards such as the cross-industrial
DINEN60812 [6]. Due to its simplicity and effectiveness FMEA remains awidely adoptedmethod
for risk assessments in the industry, which is also recommended in industrial guidelines [2]. A
common guideline consisting of seven steps used predominantly in the European and American
automotive industry was established by the Automotive Industry Action Group (AIAG) and the
Verband der Automobilindustrie (VDA) in the FMEAHandbook [4]. The guideline is separated in
Design FMEA, where potential failuremodes of the product are identified andmitigated and the
Process FMEAwhere potential failuremodes in production, assembly and logistics are identified
andmitigated. The seven steps are the same in Design and Process FMEA. Themethod relies on
experts identifying failure modes and their effects. Therefore, experts from different domains
are needed to discuss these possible failuremodes, evaluate their severity (S), likelihood (O) and
chance of detection (D) in order to rank them according to their risk priority and derive riskmit-
igation actions [3]. Their S, O and D factors are evaluated on a scale from 1-10 and multiplied
to a risk priority number (RPN ) which subsequently ranges from 1-1000. The goal is to identify
and analyze problems early in the product lifecycle in order to derive and implement measures
to minimize failure costs during the life cycle [5]. Due to this dependence of expert knowledge
the method is prone to subjectivity, complex, time consuming and expensive. Furthermore, the
content of an FMEA is static and the method must be performed regularly to be up to date. For
this reason, data-driven approaches promise a beneficial solution to conduct an FMEA, espe-
cially in deriving necessary failuremodes and determining their severity, number of opportunity
and detection likelihood. The recent advances in data-driven methods such as AI promise to
supplement the FMEAprocess tomake itmore objective and faster. In their systematic literature
review (SLR) [2] identified different shortcomings of the FMEA. Among them are the difficulty to
accurately assess the risk parameters as well as the transferability of scores varies. Additionally,
withmethods being able to handle big data and form statements out of it, a continuous risk eval-
uation in the framework of FMEAs is possible. To tackle these identified short comings different
data-driven methods have been proposed.
Building on the contrubition of [2] this SLR tries to answer thew research questions “What

data-drivenmethods are used to determine S,O andD values for FMEAs?”. In order to gain even
more insight the research questions “What factors of the RPN are determined based on process
data?” as well as “What data is used in data-driven risk assessment for FMEAs?” are being tackled
by this SLR.

2 Methods
To address the research questions, a systematic literature review (SLR) was conducted in May
2025. The PRISMA process for SLRs was followed to adhere to scientific standards for literature
reviews [7]. After defining a search string, publications were title, abstract and full text screened.
The screening process was documented in 1. The following search string was developed to cap-
ture a broad range of relevant studies: (“artificial intelligence”OR “AI”OR “machine learning”OR
“ML”OR“deep learning”OR“datadriven”)AND(“FailureModeandEffectAnalysis”OR“FMEA”).
This formulation was intended to encompass recent research at the intersection of data-driven
methodologies and FMEA. Only publications from 2015 onwards were considered to ensure the
inclusionof recent developments in the applicationof data-drivenmethods to FMEA. The search
was carried out in four electronic databases: Scopus, IEEE Xplore, Web of Science (WoS), and
PubMed. The retrieved citations were imported into Pico Portal (https://picoportal.org/) for
screening and further processing. Pico Portal facilitates collaborative screening for SLRs. Du-

Workshop AIP2025 Mayat et al.

60

https://picoportal.org/


Figure 1: Prisma diagram of the SLR carried out

plicate records were removed prior to a two-stage screening process. In the first stage, titles and
abstracts were independently screened by two reviewers. If both reviewers excluded a record
but assigned different exclusion reasons, the reason provided by NM, who served as the primary
reviewer, was retained. In cases of disagreement regarding inclusion or exclusion decisions, dis-
cussions were held until consensus was reached. Full texts of the remaining publications were
subsequently retrieved and subjected to single-reviewer full-text screening. Publications meet-
ing the inclusion criteria were then used for data extraction. For each included study, the follow-
ing information was extracted: publication year, author(s), application domain, type of FMEA
(e.g., process FMEA), and the specific risk factor addressed. Additionally, thedata-drivenmethod
used to determine the risk factor, the source of data (e.g., real-world or simulated), and whether
expert knowledge was incorporated were documented. Evaluation methods or metrics and cor-
responding results were also recorded. Data-driven methods were defined as methods which
develop amodel to form a statement based on data. This can be AI andMLmethods, but we also
included simpler approaches such as linear mapping or rule-based decision based on process
data.

3 Results
TheSLR identifieda total of 622 records from four electronicdatabases: Scopus, IEEEXplore,Web
of Science, and PubMed. The search strategy was designed to capture a broad range of studies
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Figure 2:Overview of the risk factors, the underlying data and domains of the publications

at the intersection of AI and FMEA. Following a rigorous screening process, 20 publications were
ultimately selected for data extraction. The PRISMA diagram in Figure 1 illustrates the flow of
information through the review process, detailing the number of records identified, screened,
and excluded, as well as the reasons for exclusion [7]. The main exclusion criteria included the
lack of application of FMEA in conjunction with AI for determining S,O,D, or RPN.
The SLR identified a total of 622 records from four electronic databases: Scopus, IEEE Xplore,

Web of Science, and PubMed. The search strategywas designed to capture a broad range of stud-
ies at the intersection of AI and FMEA. Following a rigorous screening process, 20 publications
were ultimately selected for data extraction. The PRISMA diagram in Figure 1 illustrates the flow
of information through the review process, detailing the number of records identified, screened,
and excluded, as well as the reasons for exclusion [7]. The main exclusion criteria included the
lack of application of FMEA in conjunction with AI for determining S, O,D, or RPN. Specifically,
studies that utilized FMEA and data-driven methods but did not focus on the quantification of
these risk factorswere excluded. The extracted data, summarized in Table 1, provides detailed in-
sights into each study. A notable trend in the publication years of the selected studies indicates
a significant increase in research output in recent years. While the review considered publica-
tions from 2015 onward, the majority of the accepted studies were published after 2019, with five
publications emerging in the year preceding this SLR. Figure 2 presents an overview on what
risk factors were determined. Additionally, the figure gives information in which field the pub-
lications carried out their investigation. The selected studies come from a broad spectrum of
industries, with themanufacturing and automotive industry being the predominant application
field of data driven FMEAs. Some publications directly determined the RPN instead of each of
the risk factors on their own. In Table 1, the risk factor shown is therefore the RPN and not the
SOD [21, 26, 25]. The analysis revealed that theO factor was themost frequently determined risk
factor across the studies. In instances where only one factor was assessed, it was typically the
occurrence factor or the RPN value. Notably, studies such as Pathak et al. [14] determined both
S and O factors, while Zhang et al. and Bouzembrak et al. [9, 19] focused on O and D factors
. In cases where RPN was calculated, the other risk factors were often determined through ex-
pert judgment [11, 13]. Figure 2 depicts the different risk factors determined as well the industries
in which the research was carried out. A diverse array of methodologies was employed across
the studies, reflecting the complexity of the data-driven approaches utilized. These methodolo-
gies ranged from simple linearmappings [8] and rule-based decisions [10] tomore sophisticated
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Table 1: Included Sources

Source Risk Factor Method Data Format Data Source Industry
Geramian et al.

(2016) [8]
O Linear Mapping Number of

Failures
Assembly Of Car

Doors
Automotive

Zhang et al.
(2016) [9]

OD Statistical Process
Model, Information

Entropy

Numerical
Simulation and
Degradation

Data

Blast Furnace Manufacturing

Belu et al. (2019)
[10]

O Rule-Based Decision Number of Tests
and Energy

Consumption

Milling And
Pressing of
Pistons

Automotive

Pradhan et al.
(2020) [11]

O Probability of
Occurence

Number of
High-Risk
Situations

Simulated Traffic
Flow in A Factory

Manufacturing

Sader et al.
(2020) [12]

SO, Impact
(I) instead

of D

Google AutoML (no
further specification

given)

Claims of
Engineers

Agricultural
Equipment and

Machines

Manufacturing

Filz et al. (2021)
[13]

O Naive Bayes,
Generalized Linear
Model, Logistic
Regression, Deep

Learning, Decision Tree,
Random Forest,

Gradient Boosted Trees

Weather Data,
Airplane

Maintenance
Data, Flight
Profiles and
Usage Data

Airplane
Maintenance

Aviation

Pathak et al.
(2022) [14]

SO Linear Mapping Performance
Indicators

Mixed-Mode
Chromatography

Pharma

Ervural and
Ayaz (2023) [15]

SOD M-CRITIC Process Data of
System Failure

Modes

Pasta Production Food
production

Jiang et al.
(2023) [16]

O Logistic Regression Fault
Occurrence

CNC Process
Data

Manufacturing

Liang et al.
(2023) [17]

SOD TF-IDF, Word2Vec,
k-Means

Social Media
Comments

Car Failures Automotive

Yu et al. (2023)
[18]

O Fuzzy Evaluation Failure
Occurrence

Assembly
Process of
Machining
Center

Manufacturing

Bouzembrak et
al. (2024) [19]

OD Bayesian Network Data Of
Detected Frauds

Spices Supply
Chains

Food supply
chain

Collier et al.
(2024) [20]

SOD LLM Recall Data US Consumer
Product Safety
Commission
Database

Consumer
products

Du et al. (2024)
[21]

Weights
for RPN

Entropy Weighting and
Fuzzy-TOPSIS

Reliability,
Economy and
Maintainability

Indicators

Water Supply
Components

Water supply

El Hassani et al.
(2024) [22]

SOD LLM Review Data
from Kaggle

Cars Automotive

Song et al.
(2024) [23]

SOD Average Sentiment
Polarity, Frequency,
Information Entropy

CRITICMethod

Reviews Hotels in New
York City

Hotel industry

El Hassani et al.
(2025) [24]

SOD LLM Selected Social
Media

Comments

Car Parts Automotive

Naranjo et al.
(2025) [25]

RPN Random Forest Survey Results Administrative
Staff

Administration

Pandya et al.
(2025) [26]

RPN Monocular Depth
Estimation

Simulation Data Automotive
Driving

Automotive

Xu (2025) [27] SOD LLM Patent Electric Scooter Manufacturing
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techniques such as Bayesian networks [19], logistic regression [16], and large language models
(LLMs) [20, 22, 24, 27]. The choice of methodology was often influenced by the underlying data
sources, which primarily consisted of real-world data derived from the processes under investi-
gation. For instance, studies like Geramian et al. [8] focused on car failures, while Yu et al. [18]
examined assembly processes in CNC machines. Only a few studies, such as Pandya et al. [26]
have proposed methods that condense process date into a risk factor which can then be used
for the calculation of the RPN [14, 19, 15]. The evaluation of appliedmethods varied significantly
among studies. Some studies employed train-test splits to compare estimations [13, 16], while
others confirmed the plausibility of results through expert validation [24]. Another applied eval-
uation technique consisted of comparing the ranking of the failure methods to other estimation
methods [11, 15]. However, it is noteworthy that some studies did not evaluate the impact of risk
factor estimation on the overall FMEA process [14, 10, 24].

4 Discussion
The findings of this SLR highlight significant trends and insights regarding the integration of
data-drivenmethods within FMEAs. The increasing prevalence of AI applications in FMEA, par-
ticularly in recent years, underscores a shift in how risk factors are assessed andmanaged across
various industries.
Different methods have been used for data-driven risk assessment. Methods are tailored to

the specific use case and the underlying data. However, one of the most notable observations
from the review is the rise of LLMs and their ability to streamline FMEA processes. Thesemodels
have enabled the development of simpler pipelines for risk assessment, often imitating expert
judgment. While this advancement presents opportunities for efficiency, it also raises questions
about the reliability and validity of AI-generated assessments. The reliance on LLMs to replicate
expert decision-making may not fully capture the nuanced understanding that human experts
bring to the FMEA process. Therefore, it is crucial to consider the implications of using AI as
a substitute for human expertise, rather than as a complementary tool that enhances decision-
making.
The analysis revealed that theO factor is themost frequently determined risk factor across the

studies reviewed. This trend suggests that the identification of potential failures is often priori-
tized over the assessment of S andD factors. One reason for thismay lie in the relative simplicity
of determining occurrence: simple statistical or machine learning (ML) methods, such as lin-
ear regression or linear mappings, can be readily applied to historical failure data to estimate
O. Moreover, the definition of the O factor is inherently more interpretable and often directly
derivable from available process data, making it particularly suitable for data-driven analysis.
The ease of quantifying occurrence may contribute to this focus, as it allows for more straight-
forward data collection and analysis. However, this emphasis on occurrence could lead to an
incomplete understanding of risk, as it may overlook critical insights that could be gained from
a more balanced consideration of all risk factors. The sole focus on occurrence could lead to an
incomplete understanding of risk, as it may overlook critical insights that could be gained from
amore balanced consideration of all risk factors.
The diversity of data sources utilized in the studies indicates a wealth of possibilities for en-

hancing FMEA through data-driven approaches. The incorporation of real-world data, as op-
posed to simulated data, reflects a preference for practical applicability in real-world conditions.
Additionally, in industries where FMEA is applied to series production, such as the automotive
industry, there is the possibility for standardization and scaling of process data. This can even
more so amplifies the credibility ofmodel predictions for FMEA. Since FMEA is applied high-risk
environments the severity of potential failures underlines the need for reliable and trustworthy
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outputs from data-driven methods. Consequently, the quality of input data becomes a critical
factor in determining the credibility of model predictions[2]. When data quality is insufficient,
the validity of risk estimations may be compromised, thereby reducing the confidence that pro-
cess owners can place in thesemodels as accurate representations of real-world conditions. One
potential approach tomitigate this limitation is the integration of simulateddata, which canhelp
fill gaps or validate findings derived from empirical datasets [28, 29]. However, the limited adop-
tion of simulation-basedmethods in the reviewed studies raises concerns regarding the general-
ization and robustness of the proposed approaches across diverse operational contexts. Future
research should explore the potential benefits of integrating simulated data to complement real-
world findings, thereby enriching the overall analysis.
Furthermore, the inclusion of expert knowledge in the FMEA process is not merely a substi-

tution for human input but rather an enhancement of the analytical framework. The studies
reviewed demonstrate that expert judgment remains a valuable component in determining risk
factors, particularly in cases where data may be sparse or ambiguous. This synergy between AI
methodologies and expert insights can lead to more robust risk assessments and ultimately im-
prove decision-making processes. In terms ofmethodological approaches, the review highlights
a variety of techniques employed across the studies. The choice ofmethodology often reflects the
specific context and data sources of each study. However, it is noteworthy that some studies did
not evaluate the impact of their risk factor estimations on the overall FMEA process. This gap
in evaluation underscores the need for a more comprehensive understanding of how different
methodologies influence the effectiveness of FMEA outcomes.
In conclusion, the integration of AI and ML into FMEA presents both opportunities and chal-

lenges. While advancements in technology have the potential to enhance risk assessment pro-
cesses, it is essential to maintain a critical perspective on the role of human expertise and the
implications of relying on AI-generated insights. Future research should continue to explore the
interplay between AI methodologies and expert judgment, as well as the impact of various data
sources and methodologies on the overall effectiveness of FMEA. By addressing these consider-
ations, the field canmove towards a more nuanced and effective application of AI in production
environments. While this SLR offers valuable insights into the integration of data-driven meth-
ods within the FMEA framework, several limitations must be acknowledged. First, the scope of
this review was explicitly limited to applications within the context of FMEA. Although FMEA
is a widely used methodology for risk assessment, many data-driven techniques identified in
this review are equally applicable to related domains such as risk-based testing, reliability engi-
neering, or predictive maintenance. These adjacent areas often share similar goals, namely the
identification, quantification, andmitigationof risks yet operatewithindifferentmethodological
frameworks. As a result, valuable contributions fromoutside the strict FMEA literaturemay have
been overlooked. Second, the review only considered studies published since 2015. This decision
was made to capture recent developments in AI and ML, but it may have led to the exclusion
of earlier works that could offer foundational insights, particularly those exploring the integra-
tion of statistical or rule-based approaches with FMEA. Given the long-standing history of FMEA
since the 1960s, relevant pre-2015 contributionsmight still hold significantmethodological value.
Third, the findings underscore that the application of data-driven approaches to FMEA remains
relatively limited. Despite the growing interest in leveraging data-drivenmethods for risk assess-
ment, their integration into the well-established FMEAmethodology is not yet widespread. This
limited adoption restricts the empirical basis on which to evaluate the overall effectiveness and
impact of such approaches on real-world FMEA outcomes. Finally, while the review captures a
variety of data-drivenmethods and data sources, itmust be noted that the quality and complete-
ness of information reported in the original studies varied. In particular, many studies did not
systematically evaluate the influence of their proposed methods on the broader FMEA process,
such as decision-making or mitigation planning. As such, conclusions regarding the practical
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utility and implementation readiness of data-driven FMEAmethods should be drawn with cau-
tion.

5 Conclusion and Outlook
In this SLR, the goal was to identify data-drivenmethods to complement and improve the FMEA
process. Relevant literaturewas selected and screenedusing the PRISMAmethod and 20 relevant
publications were identified eventually. The goal was to identify themethods used in the papers
and to which of the relevant FMEA factors they account. As the most prominent factor O was
identified which suggests that the identification of potential failure modes is often prioritized,
independent from the used method or the application domain. From the recently published
studies, it can be concluded that the utilization of data-driven and AI methods will continue to
increase, not only in manufacturing but also in enhancing FMEAs. Advances in data-driven risk
modeling and AI, particularly the emergence of LLMs offer significant potential for integrating
expert knowledge with diverse data sources. This integration can address traditional limitations
of the FMEA process, such as subjectivity and time intensity, by enabling more objective and
efficient risk assessments. Furthermore, the combination of expert knowledge and data-driven
methods provides an opportunity to transition from static to dynamic FMEAs, where risk eval-
uations are updated in near real-time based on evolving operational data. However, achieving
this transformation requires overcoming several challenges. The reliability and validity of data-
drivenapproaches inhigh-stakes applicationsmust be ensured, particularly in industries suchas
aerospace and healthcare, where the consequences of failure are critical. Future research should
focus on enhancing the robustness of these approaches, for example, through the integration
of simulation-based data to complement empirical datasets, thereby increasing the generaliza-
tion and applicability of models across diverse operational contexts. Another promising avenue
for future exploration is the standardization of data collection and processing practices to en-
sure compatibility and consistency across industries. The adoption of standardized frameworks
could facilitate the scalability of data-driven FMEA approaches and support their broader im-
plementation in industries beyond automotive and manufacturing, such as energy, transporta-
tion, and pharmaceuticals. Additionally, as the volume of process data grows, the development
of methods to handle large-scale, heterogeneous datasets will become increasingly critical. In-
corporating advancements such as multi-agent systems and collaborative AI frameworks may
further enhance the ability to model complex interactions and provide more nuanced risk as-
sessments. Multi-agent systems might be able to imitate an expert group in the FMEA process.
Here agents trainedorwith access todata fromdifferentdepartments and technical backgrounds
might identify and prioritize risk in a more profound way. Agents acting on different system
level could aggregate risk and provide riskmitigation strategies for the complete system. Finally,
while data-drivenmethods offer significant potential for improving FMEA, human expertise will
remain indispensable, particularly in cases where data is sparse or ambiguous. Future efforts
should focus on designing hybrid frameworks that optimize the collaboration between AI sys-
tems and domain experts. Such systems would ensure that AI serves not as a replacement but as
a complement to human judgment, thereby enhancing the overall reliability and interpretability
of risk assessments. By addressing these challenges and opportunities, the integration of data-
driven methods into the FMEA framework can evolve into a transformative approach, enabling
more effective, dynamic, and scalable risk assessment processes across a wide range of indus-
tries.
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