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Abstract

The foundry industry arguably represents one the most important primary shaping processes in use today [1], and just like all
manufacturing industry sectors, it faces a new digitalization challenge [2, 3]. While automation as well as sophisticated, physics-
based process simulation are well established, the transition to true Industry 4.0 and 5.0 applications characterized by aspects like
increased autonomy of production systems, the realization of digital twins via data-driven approaches etc. while maintaining a
human-centric perspective is ongoing. The present study aims at providing an overview of the current state of technology and of
research in this field in as far as it is practically applied to metal casting processes. The focus is on high pressure die casting
(HPDC), as high productivity and the ensuing extremely short cycle times of this process constitute a special challenge when it
comes to process monitoring and control. Major aspects like data acquisition, data management and data evaluation using
conventional and Al approaches are covered with a clear focus on the latter and illustrated by summarizing case studies from
both academia and industry. In addition to process monitoring and control, quality evaluation and prediction and use of Al
techniques in alloy development for casting processes is briefly discussed as side aspect in as far as it is linked to casting
processes in general and HPDC specifically.
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1. Introduction

The manufacturing industry is currently undergoing a transformation towards smart manufacturing approaches,
epitomized by terms such as Industrie 4.0: Coined originally to describe a perspective for the German manufacturing
industry [4], the phrase soon became global, turning into Industry 4.0. The step from conventional computer aided
manufacturing to Industry 4.0 environments is characterized by improved control and increased autonomy of as well
as communication between production system units. These new features are facilitated among others by the
availability of ever larger amounts of data gathered during production, and new capabilities to evaluate these based
on data science and artificial intelligence (AI) approaches. As a result, according to Kovacevic, Industrie/Industry 4.0
as a pathway from third to next generation manufacturing environments can be envisaged as resting on the following
nine pillars [5]:

e Industrial Internet of Things (IloT)

¢ Big data and data analytics

¢ Autonomous robots and cyber-physical systems (CPS)
o Horizontal and vertical system integration
e Simulation

e Virtual and augmented reality

e The cloud

o Cyber security

Nomenclature

AES Atomic Emission Spectroscopy
CNN Convolutional Neural Network
DCM Die Casting Machine

EC European Commission

EU European Union

HPDC High Pressure Die Casting

IloT Industrial Internet of Things
LPDC Low Pressure Die Casting

MOR Model Order Reduction

OEE Overall Equipment Effectiveness
OPC UA  Open Platforms Communication Unified Architecture
PCA Principal Component Analysis
ROM Reduced Order Modelling

SDAS Secondary Dendrite Arm Spacing
SMOTE  Synthetic Minority Over-sampling Technique
SVM Support Vector Machine

While Industry 4.0 accordingly focuses on technological progress, the term Industry 5.0, which recently emerged,
is complementary: Here, the perspective is on the societal aspects of industrial production, taking into account that
resources available on this planet are limited [6, 7]. Xu et al. have discussed these differences and the apparent paradox
that two such descriptions of industrial system transformations, which based on their naming might be considered as
consecutive stages of a common development path, actually appear to coexist today. They point towards the original
definition issued by the EU, which aims at sustainability, human-centricity and resilience [8] and suggest to perceive
the sum of the two transformative processes as a single, techno-social revolution, which may be separated in a
technology- (Industry 4.0) and a value-driven strand (Industry 5.0) [9]. The conclusion is that the driving force in
Industry 5.0 may be different from the one governing Industry 4.0, but many of the tools and features are identical:
These include, according to the EC, (a) individualized HMI solutions, (b) material-integrated functionality like sensing
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which still allows for recycling, (c) digital twins, (d) interoperability of data transfer, storage, management and
analysis, (e) Al approaches aimed at “actionable intelligence”, and (f) solutions for achieving energy efficiency,
renewables, storage and autonomy [10].

Not surprisingly, the challenge to master the digital transformation also affects metal casting [5, 11, 12]. There are
several aspects of this industry for which specifically the implementation of Al or more generally data science methods
is being considered. The preconditions for putting this element of the broader Industry 4.0 approach in practice in an
HPDC context as well as actual case studies and applications will be scrutinized in this review. In general, the scope
of such attempts encompasses predictive maintenance of production equipment [13, 14], prediction of the effects of
defects [15] as well as the monitoring and control of production processes [16]. In the present study, we will focus on
the latter. The primary aim of the vast majority of such data-driven approaches in HPDC is the reduction of reject
rates. Secondary objectives include the reduction of cycle times, the avoidance of downtimes or the limitation of
energy consumption. It is obvious that measures achieving this will not only favor the economics, but at the same time
also the sustainability of casting processes, which links them to the concepts of both Industry 4.0 and 5.0.

Al techniques can generally be utilized to either classify data (clustering) or establish a mathematical relation
between certain input and output parameters (regression). Both approaches are significant in a HPDC context and can
be implemented using different methodologies. Among others, K-nearest neighbor techniques, support vector
machines, decision tree or random forest algorithms as well as various types of neural networks can be used to identify
similarities between data and cluster them accordingly. Similarly, e.g. support vector machines, decision tree or
random forest regression as well as once more neural networks can be applied to gain mathematical relationships
between input data sets like process parameters and output information like quality measures. Training of the models
can typically rely on supervised, unsupervised or reinforcement learning. Supervised learning affords labeled data for
training, i.e. data that is pre-classified e.g. by an expert in the respective field. The system then learns based on this
initial classification to transfer it to hitherto unknown input data sets. Unsupervised learning in contrast can discover
similarities between the feature sets it is supplied with. In reinforcement learning, an environment is provided in which
the machine learning algorithm can evaluate specific strategies, or feature sets, against an objective function the value
of which is meant to be optimized. This response allows the system to identify those parameter sets most promising
to achieve the given aims for a specific environment and task. Data science techniques like these can in principle be
used to (a) understand, (b) characterize, (c) predict or (d) control the behavior of an observed system. They are
distinguished from classical, physics-based approaches in that they do not require pre-knowledge about the system
under scrutiny but base their representation of it on the raw information about its characteristics, or its response to
certain stimuli — hence the term data-driven approaches.

2. Challenges in HPDC process monitoring and control: It’s getting fishy, mate!

Since we are talking of pools and lakes here, let’s stay with the aquatic comparisons for a while. When looking at
casting processes in general and the HPDC process specifically, there is a number of questions we need to answer:

The ocean is deep: Can we reach the bottom?

Is it the fish or the swarm that we are after?

Are we fast enough to catch a marlin?

Do we use the right nets and bait to catch the fish we want?
If worms run out, what other bait can we use?

If I can hook the herring, does that help to trap the tuna?

The depth of the ocean is reminiscent of the vast amount of relevant data that can accumulate during an HPDC
production cycle: The respective manufacturing cell consists not only of the die casting machine (DCM) itself, but
comprises several peripheral components such as the holding furnace as well as a potentially separate dosing furnace
or system, the temperature control, spraying and vacuum units, the robot used for extracting the part from the die, the
deburring press, optical or X-ray inspection solutions etc. As a consequence, there are several sources of data which
need to be synchronized. Added to these are multiple sensor systems which either deliver information from within the
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die cavity (cavity pressure, melt temperature etc., see section 4 below), or provide additional monitoring capabilities
with respect to the aforementioned systems (e.g. thermal imaging directed either at the die or the part). Further data is
gathered on a batch rather than a part level, such as melt composition via atomic emission spectroscopy (AES) or
hydrogen content of the melt by means of measuring the density index. Figure 1 illustrates the level of complexity.

Process step

data — data source Environment
temperature — external sensors
humidity — external sensors

air pressure — external sensors

Melt (batch level)
composition —> spectroscopy (AES)
T-t-curve — melting/dosing furnace

Casting Process
s(t) plunger — HPDC machine sensors
p(t) plunger — HPDC machine sensors

gas content — external analysis Environment p(t) mold —> mold-integrated sensors
T(t) mold — mold-integrated sensors
Melting and Melt Preparaﬁon T(t) cooling/tempering medium infeed — tempering channel sensors

T(t) cooling/tempering medium reflux — tempering channel sensors

Spraying System
dV/dt(t) release agent — sensors spraying system
p(t) release agent — sensors spraying system

Mold
T(t), T-distribution mold — thermal imaging
T(t) mold — mold-integrated sensors

Secondary Processes

Removal of Casting System and Deburring
part geometry — optical/coordinate-measuring system
residual stress level — X-ray diffraction

Casting
Process

Legend
pressure
path

time
temperature
volume
force

Ejection of Casting
F(t) ejection forces — strain gauges on ejector rods

T(t), T-distribution mold — thermal imaging

Heat Treatment (HT) part geometry at ejection — optical/coordinate measuring system
T(t) furnace — furnace control and associated sensors part geometry after cooling — optical/coordinate-measuring system
T(t) part support — support-integrated sensors residual stress level after cooling — X-ray diffraction

T-distribution at removal from furnace— thermal imaging

part geometry after HT/quenching — optical/coordinate-measuring system

residual stress level after HT/quenching — X-ray diffraction

Fig. 1. Data types and data sources associated with the HPDC process. Figure adapted based on Lehmhus [3].

In summary, there is not only a vast amount of data to be analyzed for each part, but the type of data varies greatly,
including

e Scalar data: e.g. nominal values like phase 1 plunger velocity and intensification pressure, or peak values for
velocity, pressure etc., melt or (local) die temperature, as well as environmental data like humidity.
Time series data: e.g. plunger velocity or intensification pressure vs. time data, ejection force vs. time curves etc.
Image data: e.g. thermal imaging data on die or part at different stages, or optical or X-ray inspection images.

¢ 3D/volumetric data: e.g. part geometry provided by optical scanners, or CT data for parts subject to quality
control measures more sophisticated than mere radioscopy.

Going for the fish rather than the swarm implies a focus on an individual component rather than on a production
series. As shall be further outlined below, HPDC cycle times are in almost all cases far too short to influence the
casting process itself for an individual part. There are two possible strategies to circumnavigate this obstacle. The first
is an extension of the perspective on the production cycle to include secondary processes like heat treatment, as
proposed e.g. by Ebrahimi et al., who intend to correct distortion incurred during casting by adjusted heat treatment
and quenching procedures [17]. The second approach is not to look at the individual part — the single fish — but focus
on trends occurring over a series of parts, i.e. the swarm. Practically, this implies monitoring the development of
several parameters to detect systematic deviations from the optimum and devise corrective measures which could
either bring back the respective parameters to their nominal condition, or adjust others to still achieve the desired
outcome — a part that meets the specifications.
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The black marlin is believed to be the fastest of fish, just like HPDC is by far the fastest casting process — cycle
times are extremely short, ranging from seconds to maybe just a hundred seconds for the largest GigaCasting parts,
counting from filling the melt into the shot chamber to the opening of the die, ejection of the part etc. until starting all
over for the next. We have already explained that under these circumstances, it is at least difficult to focus on adjusting
parameters while a part is cast. However, speed is also relevant in gathering and evaluating the respective data. Data
acquisition, storage, management and analysis techniques and procedures must be designed to cope with the incoming
amount of data. Practically, this means that a twofold strategy is needed which comprises tools to gather the data,
derive inherent information and transform this into a process model which is regularly updated and itself capable of
simulating or assessing the process within a timeframe not accessible for physics-based approaches, i.e. a metamodel
covering the relevant aspects of the HPDC process. The question of how to capture the required amount of data within
the given timeframe has been studied in detail by Rudack et al. and Lipp et al. Lipp et al. studied ways of reducing the
amount of data to be handled by first determining the most relevant features via PCA as well as decision tree and
random forest analyses. A further narrowing of the data stream is reached by adjusting the sampling rates to the
requirements of the different process phases, instead of using identical settings for all of them [18]. Rudack et al. built
on this work, suggesting a data lake approach for fast ingestion of the remaining amount of raw data and validate a
specific architecture via load tests, proving its suitability for capturing typical HPDC data inflow rates [19].

Net and bait determine what we catch — thus they need to be adapted to the prey we target. It is a general
observation, and it will be illustrated in section 3 below (see the compilation in Table 1), that many studies which try
to establish correlations between HPDC process parameters (the net and bait) and quality of castings expressed e.g. in
terms of porosity levels (our bait) rely solely on scalar values, and often even nominal ones, as input parameters. This
is a stark contrast to the vast amount of data that would actually be available for analysis, and it raises the question
whether the most meaningful parameters have actually been identified. Needless to say, techniques to determine
feature relevance are being used to this end, but if the selection of candidate parameters is limited, the outcome may
still not be conclusive.

If worms run out, we must look for alternatives in terms of bait. In the present context, worms would be the
experimental data our manufacturing cell provides. If we want to feed a machine learning or more generally an Al
system with such data, we need a lot of it. However, this is exactly what we do not have at the start of production, and
even at later stages, we may not have enough relevant data: Relevant in this case would be data linked to rejects, and
if the process is running reasonably stable, our data pool will at least be biased towards conditions that lead to quality
parts. Of course, there are options available to overcome this issue, like e.g. the synthetic minority oversampling
technique (SMOTE) [20], but even these may not suffice. Thus, the possibility of generating synthetic data emerges.
Practically, synthetic data can only stem from process simulation, which again raises several issues, among them the
question of how accurate available tools cover the HPDC process, and what computational effort is required to
generate trustworthy results. Even today, casting simulation only provides a limited perspective on part quality,
providing data like local porosity levels that cannot easily be matched with e.g. results of Computed Tomography
(CT) analysis, or does not reach the latter’s level of accuracy: For example, simulation will not deliver information
about individual pore sizes or pore size distributions — but at least the former are common criteria in deciding about
acceptance or rejection of individual parts. Besides, process data does not necessarily match simulations. Real shot
curves will deviate from nominal ones in different ways even if machine settings are the same due to stochastic
variations in associated parameters. Reliable synthetic data generation would have to cover this, just as experimentally
derived training data would have to account for it, too — which brings us back to the question of the right net and bait.

Having identified the means to catch the herring, this does not mean that we can make a tuna bite. Cast components
differ both in terms of geometry and of requirements. To the authors’ knowledge, there is currently no proven approach
that would allow transferring training results aimed e.g. at predicting part quality features based on process data from
one die to another. Hence each new product requires renewed efforts in terms of gathering the required data to train a
data-driven model. From this insight, we can directly derive the conclusion that identifying such a mechanism would
carry tremendous benefits for the industry, and for the practical implementation of Al-based process monitoring and
control in the HPDC foundry industry.
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3. State of Research in smart manufacturing methods employed in HPDC

The large number and variety of studies on HPDC process monitoring and control found in the scientific literature
reflects the importance of this industry. Table 1 below can thus only provide an exemplary overview.

Table 1. Examples of data-driven approaches towards understanding HPDC processes and predicting their outcome.

Aim Method Input Output Results/Comments Ref.
quantitative Back o Melt e Surface o definition of a quantitative surface quality [21]
property Propagation temperature defect index measure incl. evaluation procedure
prediction, Neural e Mold o 10 experimental training data sets, performance
process Network temperature testing using 2 more, max. 1.02% error observed
optimization (BPNN) e Phase 2 velocity o use of ANN result as objective function for
parameter optimization
process Adaptive e Melt and die e global e Model development based on 243 [22]
optimization Neuro-Fuzzy temperature porosity level experimentally-generated data sets
for global Inference e Phase 1 plunger o prediction errors below 15.4 and 16.3%
porosity System velocity depending on model
reduction o In-gate melt e optimum process parameter prediction deviation
velocity from experimental results below 1%
o Intensification
pressure
quantitative Back e Phase 2 plunger e Surface e 1000 training data sets [23]
property Propagation velocity roughness e Synthetic data generated for training via
prediction, Neural o Intensification e Hardness response functions derived from experimental
parameter Network pressure e Porosity data
optimization (BPNN) e Phase 2/3 e Forward/backward mapping deviation 4.4/8.1%
changeover
¢ Holding time
quantitative Fuzzy logic e Phase 1 plunger e Global e extensive literature overview [24]
property system velocity & path porosity level e porosity values from experiment and prediction
prediction, combined with e Phase 2 velocity claimed to reach 90% match
parameter Genetic o Intensification e Fuzzy-GA/SA combination further improves
optimization Algorithm, pressure predictions
Simulated e Cooling time e Optimum process parameters identified via GA,
Annealing (GA, until and after SA using fitness function derived via response
SA) gates frozen surface methodology (RSM)
until ejection
Quantitative, 3D e Microstructure e (of CNN) e Porosity/microstructure-property model [25]
spatially Convolutional (experimental) mech. e Cooling rate-microstructure model
resolved Neural e Temp.-vs.-time properties via e Approach aimed at component/die design phase,
property Network (3D data (from conv. combination not suitable for online quality prediction as
prediction CNN) casting simul.) of local conventional casting simulation needed
e Mech. property cooling
data from FEM- conditions
RVE analysis and porosity
Classification e Support e Process features ~ Occurence of e 7982 experimental datasets for training [15]
according to Vector from DCM (32), cold flow e binary labelling w.r.t. defect occurrence
occurrence of Machine die sensors (30), shrinkage e balanced accuracy, F1 score as evaluation
defects (SVM) peripherals (20), . metrics
porosity .
o Random alloy (7) o blister . bfest.predlctlve results: raqdom f(.)rest .
Forest o Mostly scalar e soldering . dle-lptggrated se.n'sgr crucial for improving
data, put partly oint predictive capabilities
¢ AutoML derived from o P
algorithms time series serap

149
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Tab. 1 does highlight a significant issue, though: Despite the known complexity of the HPDC process, its somewhat
stochastic nature - which is, as described above in the context of synthetic training data, not covered in detail by state
of the art commercial simulation packages -, several authors rely on simple scalar input and similar output parameters
in their search for correlations between the former and part quality. Examples of this can be found in the literature,
such as the investigations by Zheng et al., Tsokoulas, Kittur et al. or Cica and Kramar [21-24]. To illustrate this, Cica
and Kramar may be considered, who focus on phase 1 and 2 plunger velocity, phase 1 plunger path, intensification
pressure and the time between die filling and freezing of the gates on the one and between gates frozen and ejection
on the other hand to derive information about global porosity levels. Input data remains scalar, and the output data
global [24]. In general, the significance of output information such as a global porosity value is questionable, as
location of porosity and pore size or even pore size distribution will affect the decision of whether a casting must be
rejected or not.

An exception to the aforementioned rule are the works of Yang et al. and Pachandrin et al. The former determines
local material properties by means of experimentally linking solidification conditions to microstructural features and
predicting local temperature vs. time-curves as well as porosity levels using conventional casting simulation. An RVE-
based analysis of the combined effect of microstructure and porosity on mechanical properties using FEM simulation
then completes the training data set for a CNN which then allows to derive, at an increased level of accuracy, spatial
property variation from casting simulation. Due to the need for conventional casting simulation, this path is not
suitable for process monitoring, but may primarily assist in part, die and process design [25]. Pachandrin et al. in
contrast use a far larger parameter set as input data than comparable studies, and though time series data is typically
not used directly, additional process features are derived from it, including integral ones. The respective features are
linked to a binary response, i.e., the occurrence of specific types of defects like cold flows, shrinkage porosity, blisters
or soldering points. To achieve this type of classification, different Al approaches are compared, with random forest
providing the best results across these defect classes [15].

An alternative to data-driven methods are metamodels based e.g. on reduced order modelling (ROM), or, as also
designated in some cases, model order reduction (MOR), techniques [26]. The main difference between these and the
data-driven alternative is that here, physical models are used as starting point, and acceleration of the simulation
process is achieved via simplifications which are derived from specific characteristics of the original models. The
most common approach of this kind would be Principal Component Analysis (PCA). In an HPDC context, Anglada
et al. have investigated capabilities and promises of this approach, while also outlining a general development path.
The originality of their study is related to the elaboration of multiple metamodels for this process. Their findings
demonstrated, with high accuracy, that such metamodels can reliably predict secondary dendrite arm spacing (SDAS),
misrun risk and shrinkage levels. In contrast, however, the predictions for porosity (both micro and macro), grain
density and eutectic fraction were comparatively less precise. The central premise is that the metamodels offer
significantly faster execution than the original, physics-based ones, thereby enabling their application in optimization
activities and/or real-time prediction systems for the HPDC industry [27].

4. Commercially available solutions

The interest of the HPDC community in advanced solutions for process monitoring and control has fueled several
commercial activities focusing on specific facets of the overall problem. The available solutions range from ensuring
connectivity of manufacturing cell components to provision of advanced sensors as additional sources of information,
suitable data management and storage techniques all the way to batch- or part-oriented solutions for data analysis and
derivation of a matching response.

Electronics GmbH (Neuhausen auf den Fildern, Germany) originally focused on data acquisition, but is extending
its services to the networking of all the systems combined in an HPDC manufacturing cell with its proprietary Cast
Quality Control (CQC) approach. Their product portfolio includes advanced sensing hardware for capturing
temperature and pressure information within the HPDC die, as well as systems monitoring, in greater detail, peripheral
processes like die evacuation or spraying. Networking within the HPDC manufacturing cell is based on the OPC-UA
and IO-Link standard and includes access to DCM control information [28]. Besides, additional interfaces to older,
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less common or proprietary machine controls exist. Visualization of the data is also supported, providing dashboard
solutions, while enhanced data analytics features supporting decision making in process control remain pending [29].

RWP Analytics® is provided by the company developing the WinCast® expert casting simulation software package,
RWP Gesellschaft beratender Ingenicure fiir Berechnung und rechnergestiitzte Simulation mbH (Roetgen, Germany).
Other than the aforementioned offer, RWP does not provide additional types of sensors, but gathers and combines the
data provided by existing systems within the DCM cell. Beyond visualization of the data on the shopfloor and in the
office, data analytics is used to monitor and predict trends in process parameters for in time implementation of
compensating measures in case these run out of ranges promising a stable process [30].

Tvarit GmbH (Frankfurt, Germany), like RWP, concentrates on software and specializes in Al based solutions for
data analytics in manufacturing processes in general, including casting, and in the latter domain covering different
processes including LPDC and HPDC. The focus of the Tvarit industrial Al (TiA®) package is not only on
optimization in quality and energy consumption but also covers aspects of predictive maintenance and production
planning. Creating the link between process parameters and outcome relies on root cause analyses which are not
entirely based on data driven approaches but integrate domain expertise as well as laws of physics to enhance
predictive capabilities [31].

HPDC Equipment manufacturers like Biihler (Uzwil, Switzerland) and Oskar Frech GmbH & Co. KG (Schorndorf,
Germany) also invest in their own solutions for data fusion across the manufacturing cell, and beyond it. Biihler’s
offer runs under the name SmartCMS, where CMS stands for Cell Management System. Its capabilities extend from
the gathering of data from the die casting machine to all peripherals. Visualization of the data is provided and
augmented by data analytics. As special feature, the system also grants access to the control units of all subsystems
and peripherals within the manufacturing cell, thus providing a central hub not only for monitoring the cell, but also
for implementing any adjustment required to maintain part quality. Biihler also communicates concrete quantitative
targets, which includes reduction of reject rates to 0%, a 40% cycle time reduction and a boost in OEE to 24/7
unlimited availability [32, 33]. Frech’s solution links the various DCM peripherals in a similar way, though it is not
clear whether this connection is completely two-way as in Biihler’s case. Integration of dated manufacturing cell
components is supported via dedicated hardware upgrades. What Frech’s smartfoundry.solutions approach adds
beyond this is a cloud component which supports sharing of anonymized information from multiple users. The aim is
to create additional benefit through the access to a far larger and potentially rapidly growing database. Whether they
intend to profit from this option or not is left to the users to decide [34]. The question that remains, though, is by which
means transfer of findings from product to product may be realized, and what level of confidence can be attributed to
information of this kind.

5. Conclusion and Outlook

Due to the large amount of data running up within an exceedingly short cycle time, the HPDC process is extremely
challenging when it comes to realizing concepts like a true digital twin — the more so since in many manufacturing
plants, the collection of data from all individual components of the manufacturing cell is not necessarily implemented.
In the present study, we have tried to shed some light on specific challenges and approaches to addressing them. The
conclusion is that in many fundamental fields like the networking of systems, industry is well advanced, as is the case
with respect to evaluating the collected data in order to determine adverse trends like parameter drift which may
negatively affect the production outcome, and devise countermeasures. These countermeasures, however, can
typically only be directed towards subsequent parts: Direct process adaptation for an individual part based on
measurements conducted within its production cycle are next to impossible due to the limited cycle time. Component-
individual response is thus mainly possible if an extended process chain is considered which includes secondary steps
such as trimming or heat treatment, and links the response to the latter. An example of this approach has been discussed
in terms of distortion compensation via controlled inhomogeneous cooling during the quenching step of a solution
heat treatment [ 17]. Even in this case, it is clear that the analysis of the process cannot count on conventional, physics-
based process models, as they afford forbiddingly long simulation times, but must instead rely on some kind of
metamodel.
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Development of such metamodels typically affords considerable amounts of reliable and balanced data. In
production, these are not necessarily available, as the number of good parts typically exceeds that of rejects once
production is running (biased data). A solution beyond artificial compensation methods could be testing of a broad
parameter spectrum during a mold’s technical release and perform quality checks on all resulting parts. A starting
point established thus could later be supplemented with production data, increasing predictive capabilities as the
number of parts produced is rising. The alternative of using synthetic training data is somewhat hampered by the
limited accuracy of the casting simulation and the stochastic nature of the production process. Besides augmenting
data-driven approaches using physical relationships, as it is done in physics-informed machine learning [35], use of
MOR techniques can provide an alternative path towards suitable metamodels offering sufficiently low latency.

Despite such obstacles, HPDC process monitoring and control is extensively covered in the scientific literature.
However, it appears that many of the respective studies only touch the surface of the problem when deciding to search
for correlations between simple scalar input data on the one and generalized, global output data on the other hand.
The fact that the same nominal phase 2 velocity, or the actual, measured phase 2 peak velocity, can correspond to very
different shapes of the shot curve may illustrate the problem. It should be obvious from this observation that we need
to have a far closer look at the HPDC process. For one thing, we need to narrow down the area of scrutiny to what is
critical for the component under consideration, both in terms of the actual characteristics and their location in more or
less critical regions. But besides this, we need to dive deeper in analyzing the data our manufacturing cells deliver.
Looking at the shot curve, why not consider integral values, peak fitting, Fourier transforms, divide the time series
data further, e.g. considering the moment gates are frozen as transitional point in time series data, etc.? There is still a
vast amount of work to be done — the more so since a major drawback of all the above approaches is that the model
trained or dimensionally reduced is typically restricted to one product, and its establishment must thus be repeated for
each individual part. Any approach capable of breaking this bond between metamodel and individual part could
significantly benefit the applicability of such data-driven approaches in HPDC.
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