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ABSTRACT

On 19 September 2022, the first workshop on Al for Man-
ufacturing (AI4M Workshop) took place at ECML-PKDD,
the European Conference on Machine Learning and Prin-
ciples and Practice for Knowledge Discovery in Databases.
The workshop brought together researchers and practition-
ers, from academia and industry, contributing their perspec-
tives. This special section includes five articles in which Ar-
tificial Intelligence methods are used to address real prob-
lems in the manufacturing industry, ranging from the supply
chain, to production, to quality insurance, and predictive
maintenance. In this introduction, we present a high-level
overview of the current state of the area: observed trends
and the main open challenges. This overview is based on
these papers, the keynote presentation, the panel discussion,
and the discussion that emerged during the workshop.

1. INTRODUCTION

Process optimization, diagnostics, and maintenance of sys-
tems, just to name a few, are core to any manufacturing pro-
cess. Currently these tasks depend largely on the knowledge
and expertise of domain engineers. Artificial intelligence
(AI), machine learning (ML), and data science (DS) tech-
niques hold great premise to make these tasks (e.g., moni-
toring, diagnostics, control, planning, optimization, and de-
sign) more efficient, more accurate, and more reliable. Be-
yond increased automation and precision, Al may even bring
entirely new possibilities. However, several key challenges
are faced when applying AI/ML/DS techniques in this field:

e Often only small amounts of labelled data are avail-
able while typically the collected data is very high-
dimensional, reflecting a complex problem space. Be-
sides, this data may be biased or imbalanced to spe-
cific scenarios or contexts. To this end, techniques that
maximize the efficiency of human experts involved in
the process, as well as the integration of domain knowl-
edge (in the form of knowledge bases, constraints, or
surrogate models) in the learning or reasoning is vital.

e Also, most manufacturing use cases require interpreta-
bility and uncertainty quantifications because Al pre-

dictions are expected to contribute to decisions on fab
processes with high financial impact. Thus, advanced
visualisation methods and techniques to enhance in-
terpretability and explainability are necessary.

e Finally, due to the physical complexity of manufactur-
ing systems, problems like concept drift quickly arise,
warping the problem space along with time.

These open opportunities and challenges were the motiva-
tion to organize a workshop around this topic at the ECML-
PKDD conference this year.

This special section covers an introduction and five con-
tributed papers. The introduction is organised as follows.
We first summarize the contributions at the workshop: the
eight papers accepted for presentation, with brief intro’s to
the top five papers that we included in this special section.
Secondly, we present a summary of the keynote and panel
discussion, highlighting current trends and open challenges.
We conclude the introduction with a perspective of what
the near future in Al for Manufacturing could entail, in-
cluding aspects of Al relevant to manufacturing that were
not touched upon much during the workshop.

2. CONTRIBUTED ARTICLES

We received eleven submissions to the workshop, of which
eight were selected to the workshop program after peer-
review. The progra also featured a invited talk and a
panel discussion. Revised contributions of five article were
invited for this special section. These five contributed ar-
ticles span a variety of topics: predictive maintenance [1],
fault detection and prediction [2], (acoustic) structural in-
tegrity assessment [3], industrial time-series classification [4],
and supply chain link prediction [5].

Additionally, a poster was presented on few-shot learning
to identify faults and concept drift, and there were two
demo’s. One demo introduced a system called ‘Probe’ to
find and explore similar parts, based on 3D models, which
is useful during design, and the other introduced the ‘Data
Curation Canvas’, an approach to data curation that sup-
ports data-centric Al, leveraging modern Al techniques (self-
supervision, explainability, uncertainty estimation).

'The full programme and preprints of the papers not in-
cluded in this special section can be found at https://
sites.google.com/view/aid4manufacturing/home/
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Investigating thresholding techniques in a real pre-

dictive maintenance scenario Giannoulidis et al. [1] present

a study about unsupervised anomaly detection for predictive
maintenance, on real streaming data coming from a cold-
forming press. Anomaly detection methods frequently out-
put a score, e.g., a probability, and then employ a threshold
to decide whether the current data window warrants throw-
ing an alarm message. In this case, the streaming data is not
stable and changes occur over time. The study encompasses
the evaluation of several thresholding techniques, including
dynamic thresholding and a new method called self-tuning.
The conclusion is that advanced thresholding methods in-
deed lead to higher F'1 scores and the study informs on which
method may be most appropriate given the characteristics
of the data and the problem.

Feature Selection for Fault Detection and Predic-
tion based on Log Analysis. Li and van Leeuwen [2] also
consider fault/anomaly detection and prediction, but from
event logs. Event logs can contain a wide variety of informa-
tion and the study is about selecting a small set of log events
that are most informative about the prediction task. Their
approach consists of first vectorizing the log events, then fea-
ture selection using rank correlation and causality testing,
and finally removal of redundant features. They evaluate
this approach on 25 datasets and their results indicate this
approach can lead to more accurate results, using a simpler
model. Although not studied in the paper, the resulting
models are probably substantially more interpretable.
Acoustic Structural Integrity Assessment of Ceram-
ics using Supervised Machine Learning and Uncer-
tainty-Based Rejection. Nunes et al. [3] show how super-
vised methods can be used in combination with uncertainty
modeling to partially automate quality monitoring. Their
application is integrity assessment of ceramic plates (cracked
vs. uncracked), using an actuator and microphones, i.e., an
audio signal in a controlled but not noise-free setting. The
application context of a model rarely perfectly matches the
context where the training data was gathered, and to this
end uncertainty modelling may inform about the confidence
of a classifier whether it can make a robust decision. To op-
timize the performance in this specific setting, several ML
models and calibration are tested. The conclusions is that
accurate performance can be obtained if the classifier is al-
lowed to reject samples using uncertainty modeling.
Experiences with Contrastive Predictive Coding in
Industrial Time-Series Classification. Gamage et al. |4]
introduce a method for time-series classification using self-
supervised learning, to tackle the problem only few samples
may be labeled, while rich sensor measurement data is avail-
able. Specifically, they consider the use of contrastive pre-
dictive coding (CPC) to learn a suitable representation from
unlabeled time-series, and then a multi-layer perceptron in
supervised mode on that representation. They find that this
can strongly boost performance if only few samples are la-
beled. On top of this, they consider to employ the learned
representation for active learning to increase the label effi-
ciency further, but they find only limited gain.

Supply Chain Link Prediction on Uncertain Knowl-
edge Graph. Brockmann et al. [5] consider a very different
type of problem that is nonetheless highly relevant to manu-
facturing: understanding the supply chain. Companies often
do not have a full view of their supply chain or the relations
between actors in their supply chain. They propose to con-

struct an uncertain knowledge graph from web data using
NLP, and then study how to do link prediction on this uncer-
tain knowledge graph, using a graph neural network. They
find strongly improved performance, and besides the scores
from the uncertain link prediction may inform about the
certainty of the predictions and these may enhance decision
making based on the predicted links.

3. KEYNOTE TALK

The keynote talk dealt with the Al opportunities and chal-
lenges in semiconductor manufacturing. It was presented
by Dr Alexander Ypma, Data and Analytics Manager at
ASML, the leading supplier of lithography machines in the
semiconductor industry.

Integrated Circuit (IC) manufacturing is a complex process
where various machines and processing tools, such as depo-
sition, coating, exposure or etching tools, are used. ICs are
being fabricated on a thin silicon plate, called a wafer, which
is processed in several layers. Latest generations of ICs can
consist of up to 100s of layers. For instance, an advanced
logic process could have from 600 to 1,000 steps and could
take up to 3 months to be produced. Sensors monitor each
step of this process, generating terabytes of data every hour.
Due to the data-heavy nature of this process, it is a good
candidate to be supported by ML and Al techniques. Al
may be used to enhance the automated monitoring, diag-
nostics, and control, as well as to provide domain engineers
with the necessary tools for more effective process optimiza-
tion. The most promising use cases in IC manufacturing
were grouped in three levels: fab level, system level and
hardware component level.

At the fab level: a wafer passes multiple process steps
that could cause errors and variations. Multiple tools need
to be monitored and controlled at the same time. Varia-
tions and instabilities may lead to wafer deformations. The
physical nature of most deformations can be described by a
distinct pattern, the so-called fingerprint. Lithography has
the most advanced control knobs and so, it can control vari-
ation patterns from other tools such as etcher or deposition
tools. The following two use cases may benefit from Al:

e Adaptive Wafer Level Control: With the help of
ML, lithography machine may monitor deformation
patterns on a wafer, and link them to fab tools caus-
ing them. Deformation patterns may propagate when
stacking layers. With the help of context data, we may
identify the layers that are responsible for the deforma-
tion. Fab tools have different fingerprints, after being
able to link fingerprints to tools, wafer level corrections
can be applied accordingly. Wafer level control results
in tighter process optimization. Pattern recognition,
clustering, and control methods are important for this
use case.

e Virtual Metrology: The quality of an exposure is
measured via dedicated metrology tools. Metrology
requires extra time and thus, is a bottleneck in pro-
duction. Predicting the quality of an exposure, so-
called virtual metrology, may increase throughput and
reduce the production cost. However due to the same
restrictions on time and the metrology cost, only small
high-dimensional datasets are available for training.
Feature engineering and active learning are crucial to



boost the performance of ML models. By building ad-
vanced visualisation, domain experts can interact and
engineer features that have a physical meaning.

At the system level: a lithography machine consists of
hundreds of hardware components. The high physical com-
plexity and nanometer resolution lead to many interactions
between modules, making system monitoring and diagnos-
tics a big challenge. Especially, when we are diagnosing
performance drops instead of hard failures, it becomes in-
creasingly difficult to identify the root-cause of a problem.
In this context, ML may enhance diagnostics via the follow-
ing use cases:

e Diagnostics with causal reasoning: To find the
root cause of a failure or performance problem of a
lithography machine, it is crucial to combine domain
expertise with sensor data to allow for causal reasoning
in this complex domain. To this end, diagnostics tool-
ing use interfaces that can capture the relevant domain
knowledge of domain experts and frameworks that use
the knowledge to automatically create custom end-to-
end diagnostics pipelines that can interpret data, iden-
tify health metrics and produce a root-cause diagnosis
for a specific set of problems. The main components
of this tool are designing the causal graphs represent-
ing the system components and their interactions in
the right abstraction level, doing probabilistic infer-
ence with appropriate graphical models, and present-
ing the results to domain experts.

e Monitoring Equipment Availability: Proper mon-
itoring of machines trough their event logs is necessary
to ensure functionality and availability. Process min-
ing is used to recognize sequences and service actions.
The pipeline processes the data, finds relevant infor-
mation in the machine logs, and transforms it into ac-
tionable insights for the domain experts. These event-
logs often consist of terabytes of data, making scala-
bility an important factor. MLOPs technologies are
essential to enable operating at this scale.

At the hardware component level: it is important to
monitor the functionality of each hardware component sep-
arately for better diagnostics and prognostics. Next to this,
ML can also support tuning and calibration of the individual
modules. On component level, there are two use cases:

e Predictive Maintenance: The performance of cer-
tain hardware components in a machine can degrade
over time due to ageing. If untreated, this can lead
to performance problems, or machine failure, resulting
in yield loss. Sensor measurements monitor the health
state of hardware components. Classification models
use the high dimensional sensor data to estimate (fu-
ture) health states of a component and time series fore-
casting and regression help estimating the Remaining
Useful Lifetime. The physical complexity leads to con-
cept drift and noisy labels, introducing a high need for
smart interactive labeling and advanced MLOps [6] to
enable strong monitoring, quick retraining, and the or-
chestration of multiple interacting models.

e Surrogate modeling: To calibrate a lithography ma-
chine, physical simulations are often needed. These

simulations need to be fast, in order to calibrate mod-
els in their relevant operating conditions (which often
requires hyperparameter optimization that involves many
expensive function evaluations). With surrogate mod-
eling, a ML model is trained to simulate the physical
model at a much higher computational efficiency. By
offloading the expensive simulations offline, more com-
putational resources can be exploited to support the
expensive simulation and training process.

Through these use case, the following ML challenges are
identified:

e Data quality and availability: Typically, labeled
data is rare and often only partially labeled due to
a high label acquisition cost. Data is often very im-
balanced because out of spec behaviour is very rare,
leading to an unequal risk of misclassification of the
fault class, together with an imbalanced cost of mis-
classification. These challenges offer opportunities for
semi-supervised active learning with a human in the
loop. The challenges on imbalanced data invite tech-
niques like one-class classification, autoencoders, and
manifold learning.

e System complexity: System of systems level inter-
actions, together with the nanometer resolution lead
to high complexity. Together with the heterogeneous
irregularly sampled and partially observed data in this
high-dimensional space, this is a small sample size prob-
lem. Data distributions and operating conditions of
these machines drift and so, adaptive methods, moni-
toring, data-centric learning, and MLOps practices are
essential.

e Modeling challenges: Solutions need to be plausi-
ble and explainable for use in the larger semiconductor
ecosystem. The need to interpret models and to solve
inverse problems drives Al to utilise physics domain
knowledge. To achieve this, a combination of physics-
driven and data-driven ML is needed. Areas of interest
include knowledge representation and elicitation meth-
ods, physics-informed ML, surrogate modelling, causal
inference, and hyper-parameter optimization.

The invited talk concluded that in semiconductor manufac-
turing, great opportunities for applying ML and Al exist,
needing state-of-the-art techniques, solutions and tooling.

4. PANEL DISCUSSION

The panel included participants from manufacturing indus-
try and academia (Micron, Intel, Imec, KU Leuven). Its
goal was to get insights from industrial practitioners and
academic partners on the adoption, common challenges, and
existing limitations of Al in manufacturing.

The panelists recognized the potentiality of AT in manufac-
turing but also admitted that AI currently supports only
a narrow spectrum of applications in prognostics and di-
agnostics. Currently, most manufactured products would
require distinctly trained ML models. However, they expect
greater adoption as increasing volumes of data become avail-
able, data pipelines improve, and the ability to transform
manufacturing problems into ML problems matures. The
challenges of Al adoption include the need for interpretable



model predictions, small data sets available for training ML
algorithms, and the ability to scale fast ML models. In the
first two challenges, collaboration between data scientists
and domain experts is a key. For the latter challenge espe-
cially proper ML engineering is crucial.

The first highlighted challenge was interpretability.
Important in manufacturing is to minimise defects, down-
time or anything that adversely affects production goals.
In such cases it is not enough to predict but also explain
predictions so appropriate action can be taken on it. As
a result, next to predictive analyticts, the field shows an
increasing interest in prescriptive analytics, which will pre-
scribe the right action to take. To face this challenge data
science teams collaborate closely with the domain experts.
The domain experts interact with the models via advanced
visualisations, embeddings, dimensionality reduction tech-
niques and explanations of model decisions.

Second, to work with the small datasets often en-
countered, the role of domain experts is crucial. In-
variably trying to predict adverse outcomes results in small
datasets and class imbalance, since in high volume manufac-
turing, there are only a few of them. Domain experts help
clean noisy labels, dive into uncertain cases, support fea-
ture engineering, and define the constraints of a problem.
In many use cases, the labels are not clear and the data sci-
entists start with unsupervised approaches. With the help
of domain experts and extra analysis, labels can be obtained
or generated. By closely interacting with domain experts,
data scientists are able to better define their use case, con-
struct their data sets and properly constrain their problem.
On the other hand, through the interaction with data scien-
tists, domain experts may get new insights in their problems
and learn more on the statistical properties of their domain.
The last highlighted challenges was about scalability.
ML solutions need to support process optimization during
manufacturing in order for Al to be widely adopted. In high
volume production, terabytes of data are produced every
hour. Scaling ML solutions with proper deployment includ-
ing MLOPs, solid data pipelines, high performance data /
analytics infrastructure, and proper orchestration is crucial
for actually using it in a factory. Towards this end, a collab-
oration between data scientists, data engineers, I'T experts,
domain experts, and ML engineers is important.
Concluding, the panelists mentioned that learning
how to properly apply Al is a journey for each com-
pany. They highlighted that the collaboration between do-
main experts and data scientists is the key factor for the
success of an Al project. It is important to start with small
projects with tangible goals because Al is new technology for
manufacturing and thus, risky. After some small successes,
bigger projects with increasing complexity become possible.
This approach enables the teams to learn incrementally and
to improve before tackling big projects.

S.  CONCLUSIONS AND OUTLOOK

There exist a plethora of potential uses of Al in the manu-
facturing industry, yet many challenges studied actively in
the AI, machine learning, and data science communities are
highly relevant to make use cases implementing Al a suc-
cess. Methods for control, optimization, and planning have
been used in the sector for a long time already [7]. How-
ever, there is a need to use state of the art AI methods,

as resources and time are more scarce than ever. Fahle et
al. [8] provide a review of machine learning techniques that
have been applied in a range of use cases, while Usuga Ca-
david et al. |9] review machine learning methods specifically
for production planning and control. As an outlook towards
the future topics that could be covered in the domain, we
provide a high-level grouping of the relevant challenges:
Complex data and context: although there is rich data
collection in manufacturing processes, the problem space is
often very high-dimensional and the context often changes
over time (changing environment, concept drift [10], dy-
namic production processes, per-batch customization), so
the data, of which time is almost always a crucial aspect,
remains sparse. Al methods for time-series [11}|12], event se-
quences [13], and data streams |14] are particularly relevant
in this domain. Data sparsity may be alleviated partially
through hybrid (e.g., physics-informed) models [15], the use
of surrogate models, simulation data, or digital twins. The
changing environment may be addressed using anomaly de-
tection, change detection, transfer and online learning. Ro-
bustness and generalization capability of models are crucial
for operation in dynamic contexts.

Scarcity of domain experts and feedback: obtaining
labels for data is often time consuming and costly. Hence,
only a small portion of the available data is labeled, and be-
sides when constructing AI/ML pipelines, there is a need to
integrate expert knowledge. There is a strong need to make
maximal use of domain experts’ time. Firstly, this requires
the use of explainable models (simplicity and causal learn-
ing are important for this) or explainability methods [16],
including the visualisation of data and predictions, to give
experts insight into the working of the model, such that
they can provide useful feedback. Secondly, systems may
guide the experts to provide maximally useful feedback, in
the form of active learning and more generally human-in-
the-loop modes of operation [17], and helping experts to
understand problems or anomalies (e.g., through root-cause
analysis). Worth to mention here is also the trend on data-
centric AT [18}|19], which emphasises the role of data quality
and curation in building AT systems. Thirdly, small amounts
of labeled data may be combined with large amounts of un-
labeled data through few-shot and self-supervised learning
|20]. Finally, related to domain experts but slightly different
and not discussed during the workshop are new possibilities
for Al systems and robots to work together with humans
in a production environment (so-called cobots; these come
with their own challenges, such as safety, human-machine
interaction, and dialogue systems).

Autonomy and collaboration: in future editions of the
workshop, it would be interesting to also touch upon the
topic of autonomy of production systems that integrate or
use AI. Al methods that operate in the edge, i.e., within
a machine or even a component, need to either be very ro-
bust, or for example integrate uncertainty modeling (e.g.,
as considered for a specific application by Nunes et al. |3]),
such that the system itself knows when it needs attention
from an expert. A set of machines working together can be
modeled as a multi-agent system, to facilitate their coop-
eration [21]. Finally, beyond the company level, federated
learning may facilitate the exchange of information or mod-
els, improving the operations of all parties without having
to share confidential information [22].

New applications: Al has already brought forward some



use cases in the manufacturing industry that would not be
possible without. Notably, predictive maintenance and real-
time automated quality monitoring. Brockmann et al. [5]
also provide pointers toward extended supply chain analyt-
ics. Al may also lead to the next levels of accuracy/precision
in manufacturing, either at smaller scales, or with fewer vari-
ation or defects (e.g., zero-defect manufacturing). As the
final application, AI can facilitate higher efficiency or effec-
tiveness in design [23], as a form of augmented intelligence,
also highlighted in one of the presented demo’s.

Security: As the final point, the trend in Al is to use data
from outside sources or pre-trained models for various tasks.
Although these are most prominent in Al on text and im-
ages, this may soon become a trend for time-series data.
High-stakes applications like in manufacturing seem to war-
rant extra attention to issues of security and the study of
adversarial robustness. As models are complex, these are
prone to manipulation for a multitude of reasons [24].

We hope you will enjoy reading the papers on Al in Manu-
facturing in this special section and find them an inspiration
for further research in this area.
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