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Abstract: New data science and real-time modeling techniques facilitate better monitoring
and control of manufacturing processes. By using real-time data models, industries can
improve their processes and identify areas where resources are being wasted. Despite the
challenges associated with implementing these data models in transient and multi-physical
processes, they can significantly optimize operations, reduce trial and error, and mini-
mize the overall environmental footprint. Implementing real-time data analytics allows
industries to make quicker, informed decisions and immediate corrections to material
processes. This ensures that manufacturing sustainability targets are regularly met and
product quality is maintained. New concepts such as digital twins and digital shadows
have been developed to bridge the gap between physical manufacturing processes and
their virtual counterparts. These virtual models can be continuously updated with data
from their physical counterparts, enabling real-time monitoring, control, and optimization
of manufacturing processes. This paper demonstrates the predictive power of real-time
reduced models within the digital twin framework to optimize process parameters us-
ing data-driven and hybrid techniques. Various reduced and real-time model-building
techniques are investigated, with brief descriptions of their mathematical and analytical
foundations. The role of machine learning (ML) and ML-assisted data schemes in enhanc-
ing predictions and corrections is also explored. Real-world applications of these reduced
techniques for extrusion and additive manufacturing (AM) processes are presented as
case studies.

Keywords: manufacturing processes; reduced order models; digital twin; machine learning;
real-time modeling; process optimization; transient processes

1. Introduction

Digital twin and shadowing concepts enable material-based industries to evaluate
the performance of their processes and products quickly and efficiently. The framework
includes defining process objectives, gathering process data (e.g., live sensor, experimental,
mining, and simulation data), building digital models (including predictive and correc-
tive models), and creating data interfaces and filters. These concepts help reduce costs
and improve the entire production chain by offering prediction and correction routines
that optimize performance [1-7]. Some successful applications of digital twin or shadow
frameworks for manufacturing processes have already been reported in the literature [4-7].
Real-time modeling and its applications within the digital twin framework for manufactur-
ing processes have been developed to incorporate fast and reliable prediction techniques
within the industrial digitalization framework [8-11].
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The use of data-driven techniques, along with the training and learning of manufac-
turing data, is a new trend in the design and optimization of industrial production chains.
This might include predictive analytics, data learning (i.e., supervised, unsupervised, rein-
forced, hybrid, etc.), and data training using simulation results. Although many advanced
numerical simulation technologies have been employed to design and optimize material
processes within the manufacturing chain (e.g., offline optimizations), the digitalization
drive has generated a strong demand for quick and real-time predictive models where live
data can be interpreted and used as training data for fast responsive models [12,13]. While
both offline and real-time optimization approaches have been employed for manufacturing
processes, the difficulties with adapting to process variations, environmental conditions,
and process constraint complexities can limit the use of offline optimization techniques.

With the advancement of data science schemes, including techniques like ML technolo-
gies, industrial digitalization concepts have driven the development of greener and more
efficient manufacturing processes. Specifically, ML techniques can notably enhance the
optimization of real-world manufacturing processes by improving product quality control,
predictive maintenance, process automation, and energy consumption management [14,15].
Model order reduction (MOR) techniques are an integral part of digital twin and shadowing
schemes, which help create digital counterparts for real-time monitoring, controlling, and
optimization. These schemes can combine data-driven reduced models and ML modules to
create fast and accurate predictive models. MOR technology trends have promoted many
new ideas for process optimization and monitoring, leading to more efficient processes and
achieving cheaper, higher-quality productions and parts [16-19].

Lassila et al. [20] have investigated the application of MOR technology for fluid dy-
namics, while Schilders et al. [21] have studied the more general theoretical and practical
applicability of these techniques for engineering applications. Antoulas [22] has explored
MOR applications for large-scale dynamical systems, while Silva et al. [23] have exam-
ined challenges related to applying these techniques in electrical engineering. Choi [24]
discussed the spatial and temporal decomposition of dynamical engineering systems,
investigating the block structure of space-time reduced bases. Benner et al. [25] have
investigated MOR techniques based on data projection for parametric dynamical systems,
providing a comparative discussion that highlights the advantages and disadvantages of
various methods.

One of the main challenges in applying reduced predictive models to industrial
processes is the creation and verification of these models. Numerous data-driven and hybrid
techniques are available for reduced modeling in general engineering applications (e.g.,
physics-based, eigen-based, regression, etc.), but their suitability, accuracy, and efficiency
for steady-state and time-transient process modeling have not been fully verified [26-28].
Some techniques have specific features that limit their applicability to general process
modeling (e.g., rate dependency, data fitting), while others may not be accurate enough for
modeling transient changing conditions during real-world industrial processes.

This paper briefly summarizes the performance of available MOR techniques for
manufacturing processes, scrutinizing issues of accuracy, speed, and reliability of model
predictions. As case studies, the application of MOR techniques for extrusion and AM
processes is concisely presented, where time-transient temperature histories are predicted
using tailored MOR techniques. In the first part of the paper, various MOR techniques and
their applications for dynamic material processes were presented. In the second part, real-
time models were developed for two real-world case studies of extrusion and AM processes.
Both their effectiveness and the challenges related to accuracy, heat rate dependency, and
thermal initial boundary conditions were examined.
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2. MOR Techniques for Material Processes

The application of model order reduction (MOR) and hybrid modeling for manufac-
turing processes and their sub-processes (such as cooling and heating) has been widely
debated to determine the most effective modeling approaches. Various reduced modeling
techniques have been developed for general engineering applications, utilizing different
data science methods to simplify complex simulations. Techniques such as eigen-based
reduction, two-stage reduction, conventional and symbolic regression, support vector ma-
chines, clustering, and other popular data science methods have been employed to achieve
this dimensionality reduction in engineering simulations.

Eigen-based reduction techniques, such as Principal Component Analysis (PCA), aim
to transform the original data structure into a new set of uncorrelated variables called prin-
cipal components. In contrast, regression-based reduction techniques focus on predicting
one variable based on others, effectively reducing the number of variables needed. Other
techniques, such as proper generalized decomposition (PGD), Krylov subspace methods
(KSMs), balanced truncation (BT), and reduced basis methods (RBMs), have also been
employed to create lower-dimensional representations of processes. The KSMs create a
sequence of vectors that form a subspace, known as the Krylov subspace. This subspace is
constructed from the initial vector and the matrix representing the process data.

In particular, the application of PGD methods for processes with a large number
of input parameters has been investigated due to their efficient separation of variables.
Additionally, KSM reduction techniques (e.g., PRIMA, SPRIM) can project data related
to complex processes with many parameters onto a lower-dimension space with reduced
computational demands [29]. RBM and BT techniques can also be employed to reduce
the data dimensionality of engineering processes by truncation and the utilization of basis
functions corresponding to the original data structure.

2.1. Eigen-Base Model Builders

Proper Orthogonal Decomposition (POD), Singular Value Decomposition (SVD), and
Proper Generalized Decomposition (PGD) are among the most popular eigen-based re-
duced modeling techniques for process simulations [18,19]. These techniques can be defined
as decomposition schemes (both spatial and temporal) where algebraic approximations
of system responses are created to allow for fast reconstruction of system characteristics.
In eigen-based techniques, dimensionality reduction is achieved by approximating essen-
tial data information using mathematical eigenvalue analyses. The initial data for these
reduced models can originate from experimental work, verified numerical simulations,
hybrid analytical simulations, and /or mined data, where variations of predefined system
parameters are considered to fill the so-called snapshot matrix. For POD and SVD, the
factorization of the system response can be mathematically expressed as [27]:

Ax = F(x,t) — F(x,t) =Uuzv’ (1)

where x is the eigenvector of A; the decomposed matrices U and VT are orthogonal matrices
related to spatial and temporal decomposition, respectively; and X is the eigenvalue matrix.
These reduced model builders are popular for manufacturing processes because they can
easily characterize processes using an appropriate number of data eigenmodes.

For multi-physical material processes involving thermal and mechanical evolutions
(e.g., heating, cooling, warping), generating reduced versions of the full process models is
more challenging due to the transient nature of these processes. The integration of these
reduced models into digital twin or shadow frameworks is also limited by the high volume
of data required for modeling. Therefore, proper data modeling techniques that employ
a balanced combination of MOR and ML techniques are essential to achieving accurate



Processes 2025, 13, 252

40f13

real-time predictions. If the same mathematical basis as in Equation (1) is employed for
predicting temperature (and stress) responses during a material process, it can be written
as [11]:

[Y(x,t)] =UY_ VT = Ti(x,yzt) = W), Vi ok(x,y,2t) = U o Vi ()

where T} and o}, are temperatures and stresses at process time t. Hence, stress, deformation,
and temperature at any nodal point can be predicted during the material process (e.g., AM,
extrusion) using a proper data interpolation scheme. An application of eigen-based reduc-
tion techniques for transient casting processes is discussed in [26], where the validation of
these techniques is provided.

2.2. Kriging and Regression Model Builders

The combination of two-stage Kriging and principal component analysis (PCA) model-
building schemes is among the most powerful dimensional-reduction techniques. These
methods maintain primary data characteristics and their dimensions while eliminating less
important dimensions using correlation methods. In these techniques, the spatial correla-
tions between sample data are used to create a new coordinate system where maximum
data variances are aligned. Although these techniques are popular for reduced model
building in manufacturing processes, their rate dependencies limit their applicability for
processes with rapidly changing parameters (e.g., high gradient time-transient data). The
Kriging interpolator can estimate values for new entries (e.g., temperature) based on the
existing database as follows:

where T(x), Ai, and T(x;) are the estimated temperature value at location x, the Kriging
weights assigned to each known temperature value, and the known temperature values
in the database, respectively. The variogram values between locations can be calculated
based on the spatial distances between data points and the Lagrange multiplier [27].
Since the interpolation technique guarantees that the Kriging weights sum to one and
that the estimation is unbiased, it can be employed for moderate data rate-dependent
process applications.

Conventional and symbolic regression techniques are among the oldest reduction
methods, where data variables can be sorted based on their impacts. Variables can be ranked
by their importance indexes, allowing less important data to be ignored to reduce data
dimensions. Symbolic regression (SR) and genetic algorithm symbolic regression (GASR)
are more sophisticated regression techniques, where regression analysis is performed within
a multi-dimensional search space for mathematical expressions and operators to find the
most suitable model. Although these regression techniques have been extensively applied
to reduce the data dimensionality of steady-state processes, their applications for transient
processes are limited due to higher error margins for data with high gradient changes.

2.3. Clustering and SVM Model Builders

Clustering-based reduced model building is a well-known technique among various
data science methods, involving the grouping and clustering of data points with common
features. It can be defined as an unsupervised learning scheme used to identify patterns
in available data for better insights. Recently developed clustering techniques include
density-based spatial clustering, expectation-maximization clustering, mean-shift cluster-
ing, K-means clustering, and hierarchical clustering. For applications in industrial process
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simulations, clustering techniques, along with interpolation methods (e.g., Kriging, radial
basis functions, inverse distance), can be employed to predict real-time responses.

Support vector machine (SVM) is another ML scheme (supervised learning) that can
represent spatio-temporal data for both steady-state and transient processes, mapping
data into different categories based on existing gaps in time and coordinate space. Various
kernel functions, including linear, polynomial, radial basis functions, and Fourier kernel
functions, can be used in SVM to classify process-related data. The powerful classification
and regression features of SVM can be employed to predict real-time process responses,
facilitating the control and optimization of transient industrial processes while avoiding
data overfitting. While clustering and SVM techniques are effective for identifying and
grouping process data in high-dimensional spaces, eigen-based techniques excel in data
representation and uncovering important process data patterns.

3. Case Study—Process Applications

The introduction of data-driven and real-time accurate models for industrial processes
has begun to transform the control and optimization of these processes. The traditional
numerical simulations are often unable to provide real-time process control and optimiza-
tion due to computational complexities, computational resources, and lack of flexibility
and adaptivity. Data real-time models for processes like industrial extrusion and AM are
rapidly evolving to generate faster and more reliable prediction models. In the case of
the extrusion process, the large thermo-mechanical deformation of the material requires
frequent updates to the material state. This demands significant computational resources,
including data mapping, data preparation, and solver launching, to maintain the accuracy
and stability of the process simulation. For AM processes, with their frequently changing
demands due to more complex geometries, innovative power sources, and new materials,
the need for fast and accurate models has been emphasized [30].

Although numerical simulations of these processes using finite element and computa-
tional fluid dynamics (CFD) techniques have been extensively used in industries, real-time
control and optimization require much faster models. To investigate the application of fast
reduced models for extrusion and AM processes, comprehensive frameworks have been
established to evaluate the performance of these real-time predictive tools.

3.1. Reduced Models for Extrusion Process

Extrusion processes are adaptable manufacturing methods used to produce various
profiles with different shapes, sizes, and complex cross-sections using pre-designed dies.
Numerical simulations and fast real-time models can help optimize these processes and
provide insights into the large thermo-mechanical deformations of materials during the
process. To build accurate and reliable real-time models for these processes, the following
steps can be followed:

> Any real-time data model needs a properly sized initial database that provides enough
data points with the right balance of data density within its multi-dimensional search
spaces. To generate such a database, parallel numerical simulation and experimental
frameworks need to be set up.

> After conducting limited experimental trials, the data need to be compared to nu-
merical simulation runs that resemble these experiments. Calibrations and further
verifications are then performed to confirm the accuracy and reliability of offline
numerical simulations of the process.

> In the next step, the most influential process parameters are defined and selected, and
a proper sampling technique (e.g., Sobol, LHS) is employed to form a snapshot matrix.
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> Using the process scenarios in the snapshot matrix, real-time models based on appro-
priate mathematical and data science schemes are generated. These models need to
be agile enough to cover the entire data within the search space (e.g., within the limits
of process parameters).

> To validate the accuracy and reliability of these models, further design of experiments
(DOEs) process scenarios is carried out to provide benchmark results for model validations.

> Model validations are carried out using DOEs data at three levels: normal conditions,
near boundary conditions, and extrapolation stages. Data from within, near the limits,
and outside of the search space are used to perform the full validation exercise.

Nevertheless, there are challenges in integrating data-reduced models with existing
extrusion control systems, such as model accuracy, reliability, data availability, data quality,
and model validation. To address these challenges, a combination of appropriate data
solver—interpolators, balanced and appropriately sized data spaces, efficient data sam-
pling and snapshotting, and continuous validation and testing are required to ensure
successful implementation.

For the numerical simulations of extrusion processes in this research work, the thermo-
mechanical solver HyperXtrude (HX) is used, which employs the arbitrary Lagrangian—
Eulerian (ALE) hybrid approach to calculate large material deformations [31]. Both the
ram speed and initial billet temperature are defined as major process parameters, with
their variations based on the billet material (aluminum 6060) and the limits of the extrusion
machine. These variations are defined as initial billet temperatures ranging from 440 °C
to 550 °C and ram speeds ranging from 1 to 10 mm/s for the cylindrical aluminum billet
(with a 50 mm diameter). The numerical domain is discretized using 172,000 volumetric
elements, and only a quarter of the model is simulated due to double symmetric conditions.
Figure 1 shows the geometry and the finite element (FE) mesh for the extrusion process,
along with the snapshot matrix for the model-building exercise.

I Scenario No. ROM Initial Temp Ram Speed
I D ] [mm/s]
1 B 441.8 7.8
| 2 B 456.5 1.8
I 3 B 467.5 9.8
a4 B 471.2 4.8
1 5 B 496.8 1.1
6 B 507.8 2.3
I 7 B 518.8 89
1 8 B 526.2 2.1
9 B 529.8 5.7
I 10 B 540.8 3.0
| 1 B 544.5 5.0
12 B 548.2 6.8
I 13 \ 463.8 9.6
| 14 \ 493.2 7.5
- 15 \ 533.5 6.3
(b)

Figure 1. (a) Experimental setup, geometry model, FE mesh, and (b) snapshot matrices for the
extrusion process.

3.2. Reduced Models for AM Process

For industrial wire arc AM processes, where the manufacturing of parts evolves over
time, accurate and reliable reduced models are required to account for transient changes
in material feeds, power, and thermal energy content. Although many different reduction
techniques can be tailored and employed for real-time predictions, their generality and
accuracy need to be scrutinized. Many of these models are either tailored for smooth data
changes or are not suitable for transient data due to rate dependencies [32].

In the current research, various popular reduced model-building techniques were
considered for the AM process, where available finite element (FE) and experimental data
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could be processed to train the model. Following the previous extrusion process application,
the procedure for reduced model building for AM processes can be summarized as follows:

> The initial verification of the FE model for the AM process was carefully conducted
using experimental data (with Goldak heat source modeling [33]).

> A suitable snapshot matrix was defined to carry out detailed FE simulations with
varying input parameters, including initial base temperature, torch power, and depo-
sition speed.

> The snapshot results are used to create and train reduced models using different techniques.
> Further DOE scenarios were performed to create a validation matrix for the models.
> The performances of various models were investigated through an extensive compar-

ative study between reduced and FE models for DOEs.
> The results of the comparative study were further post-processed to determine the
most suitable techniques for AM-reduced models.

For the AM case study in this research work, a single-layer deposition process on
top of a thermally pre-conditioned wall with dimensions of 100 mm x 50 mm X 6 mm
was simulated. Aluminum 6061 wires were used for the deposition process, and welding
was carried out using inert gas welding. For the initial validations, experimental trials
were conducted to observe the thermal evolution and measure the temperature variations
at selected locations. To build the reduced models, nine additional process simulation
scenarios were performed with varying parameters such as torch power, deposition speed,
and initial temperatures. Figure 2 shows the geometry and the FE mesh for the AM process,
along with the snapshot matrix for the model-building exercise.

Scenario Model Initial Power Deposition

No. ID Temp [°] [w] Vel. [m/s]
1 B 25 2200 0.007
2 B 75 2000 0.0075
3 B 115 1800 0.006
4 B 160 1600 0.008
5 B 200 1500 0.007
6 B 230 1400 0.0075
7 B 250 1300 0.007
8 B 300 1150 0.0065
9 B 350 1100 0.008
10 \" 90 1950 0.006
11 \ 180 1530 0.007
12 \ 320 1120 0.0065

(b)

Figure 2. (a) Experimental setup, geometry model, FE mesh with Goldak heat sourcing schematic
representation; (b) snapshot matrices for AM process.

4. Comparative Study

To evaluate the performance of real-time models and compare the outcomes of differ-
ent reduced model-building techniques, comparative studies have been conducted for both
industrial case studies. The aim is to investigate the accuracy and reliability of real-time
models based on data provided by the verified FE results of DOEs. For the first case study
on the extrusion process, popular eigen-based POD techniques and the more general SVD
method, along with regression analyses, were employed for the model-building exercise.
These two data techniques are more appropriate for the extrusion process due to the size
and dimension of the process data space, the rate of changes in material temperature and
deformations, and the availability of data. Figure 3 shows the comparisons of temperature
time histories for SVD and regression techniques using DOE results. The data weight-
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ing feature of the inverse distance (InvD) technique is used for the SVD solver as a data
interpolator [27].

Temperature Time History for SVD-InvD Reduced Model

Temperature Time History for Regression Reduced Model

Temperature [oC]

-170

-120

600

580

--DOE case #1
DOE case #2
DOE case #3

—FE-DOE-curve #1

—FE-DOE-curve #2
FE-DOE-curve #3

- -DOE case #1

- -DOE case #2
DOE case #3

—FE-DOE-curve #1

—FE-DOE-curve #2
FE-DOE-curve #3

Temperature [oC]

440

420

400
-70 -170

Point "Z Coordinate"

-20 30 -120 -70

Point "Z Coordinate"

-20 30

(@) (b)

Figure 3. Temperature time histories for reduced models and DOE:s for (a) SVD and (b) regression
techniques for the extrusion process.

The normalized error graphs for the SVD-InvD and regression techniques are pre-
sented in Figure 4 for all three DOEs. The use of symbolic regression or GASR techniques
can improve the data model structure, its interoperability, flexibility, and adaptability. The
finite element (FE) results for these three validation scenarios are compared with the results
from the real-time models. The normalized error percentages are calculated based on the
data model predictions for nodes along the extrusion billet, relative to the FE simulation
results. The results indicate that the normalized errors are higher at the billet’s ends (i.e., at
the initial boundary) and near the die, where significant material deformation occurs. The
thermo-mechanical phenomena resulting from the material’s large deformation as it passes
through the die cause temperature fluctuations in this region, which can pose challenges
for the accuracy of the data model predictions.

Normalized Error for Temperature Time History: SVD-InvD Model
2

Normalized Error for Temperature Time History: Regression Model
2

1.8
1.6
14

1.2

0.8
0.6

Normalized Error [%]

0.4

0.2

—DOE case #1

DOE case #2

DOE case #3

1.8 | —DOE case #1

16 DOE case #2

14 |
DOE case #3
1.2 |
1
0.8 |

0.6

Normalized Error [%]

04 |

0.2 |

o !

-170

-120

-70
Point "Z Coordinate"

-20 30 -170 -120 -70

Point "Z Coordinate"

-20 30

(@) (b)

Figure 4. Normalized error graphs for (a) SVD-InvD and (b) regression techniques for the extru-
sion process.

Similarly, for the real-time models of AM processes, eigen-based and regression
solvers were employed to build reduced models to investigate their accuracy and reliability.
Although there are no general rules for choosing the best-performing technique for reduced
model building, some models perform better in terms of accuracy and reliability for
dynamic processes like AM, depending on the nature of the transient data. Figure 5 shows
the comparisons of temperature time histories for the DOE results and reduced models,
using the SVD-Kriging and SVD-InvD (SVD solver with inverse distance data interpolator)
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techniques for a nodal point on the wall during the AM process. Figure 6 shows the

normalized transient error graphs for the same SVD-Kriging and SVD-InvD techniques for
all three DOEs.

Temperature Time History for SVD-Kriging Reduced Model Temperature Time History for SVD-InvD Reduced Model

600 600

500 \\
‘\

- -DOE case #1
- -DOE case #2
DOE case #3
—FE-DOE-curve #1 —FE-DOE-curve #1
—FE-DOE-curve #2 —FE-DOE-curve #2
FE-DOE-curve #3 FE-DOE-curve #3

- -DOE case #1
DOE case #2
DOE case #3

Temperature [oC]
Temperature [0C]

0 20 40 60 80 100 0 20 40 60

80 100
Process Time [s]

Process Time [s]

() (b)

Figure 5. Temperature time histories for reduced models and DOEs for (a) SVD-Kriging and (b) SVD-
InvD techniques for the AM process.

SVD-Kriging Normalized Error for Temperature Time History SVD-InvD Normalized Error for Temperature Time History
16 16
14 14
12 12
—DOE-Case 1 —DOE-Case 1
X 10 X 10
= DOE-Case 2 = DOE-Case 2
S g S 3
w DOE-Case 3 kel DOE-Case 3
-] °
S s 6
: :
E 4
5 4 S
2 z
2
2 |
A [}
0 0
0 20 40 60 30 100 0 20 40 60 80 100
Process Time [s] Process Time [s]
(@) (b)

Figure 6. Normalized error graphs for (a) SVD-Kriging and (b) SVD-InvD techniques for the
AM process.

Clustering and SVM techniques have not been employed for these processes due to the
sensitivity of predictions to initial conditions, the limited number of process data clusters,
difficulties in choosing the appropriate kernel, and sensitivity to regularization parameters.

5. Discussion

Numerical simulations, analytical approaches, and extensive experimental activi-
ties have long been used to model manufacturing processes. These methods have been
widely employed for initial design and offline optimization, considering multi-physical and
multi-scale aspects. However, computational complexities and CPU time often limit the
application of these methods for real-time control and optimization. Conversely, real-time
data models can enhance prediction—correction schemes for material processes, though
challenges related to their accuracy, efficiency, and reliability remain. Material processes
are inherently multi-physical, often involving high rates of heating and cooling during
production, as well as changes in material state from fluid to solid or vice versa. Therefore,
the performance of these real-time models depends on data quality, the quantity of available
data, the rate of changes within the data, and the complexity of the system being modeled.

The results presented here show that these models can reasonably predict the transient
responses of the AM and extrusion processes. Although the process databases for both
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AM and extrusion cases are limited in size, the available data have balanced distributions
within the multi-dimensional search spaces (e.g., limits of the processing parameters for
manufacturing machines). However, as observed from the real-time responses, coping with
high heating/cooling rates (e.g., the passage of the torch over a measuring point in the
AM process) and fitting into the initial process conditions (e.g., initial temperature) remain
challenging tasks for these models. The rapid changes in data patterns (e.g., temperature,
strain rate, etc.) often pose challenges to data models, as new predictions can become
erroneous due to high data gradients. Therefore, additional data training and learning may
be necessary to train the data models for these highly dynamic processes.

To investigate the performance of real-time models in predicting high heating/cooling
rates and their ability to fit initial process conditions, a further study was conducted
to compare the accuracy of different model-building techniques. Figure 7a shows the
average maximum errors (over three DOEs) and the deviation of initial conditions (in
percentages) for four popular model-building techniques: SVD-RBF (SVD solver with
radial basis function interpolator), SVD-Kriging, SVD-InvD, and regression techniques.
Figure 7b shows the time history of the average normalized errors (over three DOEs) with
the calculated rate of temperature changes. Figure 8 also shows the computational time for
the FE simulations and real-time models for both the extrusion and AM case studies.

Average Error (Nor

and Initial Deviation for MOR T

25

Normalized Error Versus Average Rate of Temp e for MOR

20

I Average Maximum Error

180

160
—Average Rate of Temperture Change
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c L - ] g 10 ~=SVD-Kriging normalized Error
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=1 i e =
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o 15 137 i < s
& ! | g 100 InvD normalized Error E
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o L | 00 LTI E I e P S e i
— - P O NP e s === == 0.0
SVD-RBF SVD-Kriging Regression SVD-InvD
0 5 10 15 20 25
MOR Estimations Process Time [s]
(a) (b)

Figure 7. (a) Average maximum errors (over three DOEs) and deviation of initial conditions (in per-
centages); (b) correlation for rate of temperature changes with normalized errors for real-time models.

Extrusion
Scenario
FE
FE_DOE
MOR SVD_RBF
MOR SVD_Kriging
MOR SVD_InvD
MOR Regression

Model Computational AM Model Computational
Description time [sec] Scenario Description time [sec]

Init. scenarios 480 FE Init. scenarios 2880

DOE scenarios 480 FE_DOE DOE scenarios 2880
Eigen-based MOR 1.1 MOR SVD_RBF Eigen-based MOR 0.8
Eigen-based MOR 1.2 MOR SVD_Kriging  Eigen-based MOR 0.9
Eigen-based MOR 1.1 MOR SVD_InvD Eigen-based MOR 0.8
Regression MOR 13 MOR Regression Regression MOR 0.9

(a) (b)

Figure 8. Numerical simulations and MOR computational CPU times for (a) extrusion and
(b) AM processes.

As observed from these figures, the real-time models exhibit some degree of tem-
perature rate dependency and deviations from the initial process conditions. However,
for both the extrusion and AM processes in this study, the SVD-Kriging and regression
techniques demonstrate superior performance in predicting the thermal transient responses.
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The size and distribution of process data within the data space can significantly impact
prediction accuracy. A balanced data search space with even data density can lead to better
results. Additionally, the right combination of data solvers and interpolators, along with
appropriate data training, can create more efficient data models for material processes.

6. Conclusions

The use of dimensional-reduction techniques and their associated real-time models
for material processes like casting, extrusion, and additive manufacturing is becoming
increasingly popular and valuable for industrial production. These tools can optimize
manufacturing processes, improve product quality, enhance the predictive—corrective
power of real-time adjustments, and reduce costs and time by avoiding lengthy trial-and-
error loops. Nevertheless, challenges related to the employment of these techniques remain
(e.g., rate dependency and fitting to initial conditions), and these have been elaborated
upon within the manuscript.

In the first part of the paper, descriptions of some MOR techniques (e.g., POD, re-
gression, etc.) and their applications for dynamic material processes like extrusion and
AM were presented, along with some elaborations on data science aspects of these new
techniques. In the second part of the paper, real-time model-building exercises for practical
case studies were explained, and their challenges related to accuracy, heat rate dependency,
and thermal initial boundary conditions were examined. The results presented here show
that for extrusion process modeling, the developed SVD-InvD and regression methods
can produce reasonable results in real time. For AM process modeling, SVD-Kriging and
SVD-InvD, with some extra data training, can be employed to produce reasonable results
even when the heating/cooling rate is high. With further machine learning training for the
process database, even better results can be achieved for high-gradient heating/cooling
processes. This would help develop efficient process control schemes, allowing for real-time
optimization using both live and offline process data.

Although there are many combinations of popular data “solver—interpolator”, not all
of them are suitable for material process modeling. In this research, after investigating dif-
ferent combinations, the best-performing ones (i.e., SVD, regression) have been employed
for the extrusion and AM process applications. These data models can produce reason-
ably accurate real-time results with a small-sized process database. Future publications
will explore real-time model-building exercises for other multi-physical processes, such
as casting.

Author Contributions: Conceptualization, A.M.H. and H.D.; methodology, A.M.H.; software, H.D.
(numerical simulation), A.M.H. (data models); validation, H.D. and A.M.H.; formal analysis, H.D. and
AM.H.; investigation, AM.H. and H.D.; data curation, A.M.H.; writing—original draft preparation,
A M.H.; writing—review and editing, H.D. and A.M.H.; visualization, A.M.H.; supervision, AM.H.;
funding acquisition, A.M.H. and H.D. All authors have read and agreed to the published version of
the manuscript.

Funding: This research was funded by the Austrian Federal Ministry for Climate Action, Environ-
ment, Energy, Mobility, Innovation, and Technology; the Austrian Research Promotion Agency (FFG);
and the Austrian Institute of Technology under the UF2023 scheme.

Data Availability Statement: Sharing of data and reduced models generated in this research work
may be considered upon request.

Acknowledgments: The authors would like to thank the Austrian Federal Ministry for Climate
Action, Environment, Energy, Mobility, Innovation, and Technology and the Austrian Institute of
Technology (AIT) for the technical/financial support in this research work. Authors would also like



Processes 2025, 13, 252 12 of 13

to thank Johannes Kronsteiner from LKR, Austrian Institute of Technology, and Andela Babaja, a
former student at Technische Universitdt Miinchen, for their contributions to this research work.

Conflicts of Interest: Authors Amir M. Horr and Hugo Drexler were employed by the company
Austrian Institute of Technology. All authors declare that the research was conducted without any
commercial or financial relationships that could be construed as a potential conflict of interest.

References

1.

10.

11.

12.
13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Ball, P.; Badakhshan, E. Sustainable Manufacturing Digital Twins: A Review of Development and Application. In Sustainable
Design and Manufacturing; Scholz, S.G., Howlett, R.J., Setchi, R., Eds.; KES-SDM 2021; Smart Innovation, Systems and Technologies;
Springer: Singapore, 2022; Volume 262. [CrossRef]

Corallo, A.; Del Vecchio, V.; Lezzi, M.; Morciano, P. Shop Floor Digital Twin in Smart Manufacturing: A Systematic Literature
Review. Sustainability 2021, 13, 12987. [CrossRef]

Thelen, A.; Zhang, X.; Fink, O.; Lu, Y.; Ghosh, S.; Youn, B.D.; Todd, M.D.; Mahadevan, S.; Hu, C.; Hu, Z. A comprehensive review
of digital twin—Part 1: Modeling and twinning enabling technologies. Struct. Multidiscip. Optim. 2022, 65, 354. [CrossRef]
Wynn, M; Irizar, J. Digital Twin Applications in Manufacturing Industry: A Case Study from a German Multi-National. Future
Internet 2023, 15, 282. [CrossRef]

Roy, R.B.; Mishra, D.; Pal, S.K.; Chakravarty, T.; Panda, S.; Chandra, M.G.; Pal, A.; Misra, P.; Chakravarty, D.; Misra, S. Digital
twin: Current scenario and a case study on a manufacturing process. Int. J. Adv. Manuf. Technol. 2020, 107, 3691-3714. [CrossRef]
Talkhestani, B.A.; Weyrich, M. Digital Twin of manufacturing systems: A case study on increasing the efficiency of reconfiguration.
at-Automatisierungstechnik 2020, 68, 435—444. [CrossRef]

Latif, H.; Shao, G.; Starly, B. A Case Study of Digital Twin for a Manufacturing Process Involving Human Interactions. In
Proceedings of the 2020 Winter Simulation Conference, Orlando, FL, USA, 14-18 December 2020. Available online: https:
/ /tsapps.nist.gov/publication/get_pdf.cfm?pub_id=930232 (accessed on 18 November 2024).

Mahfoud, H.; Moutaoukil, O.; Benchekroun, M.T.; Latif, A. Real-Time Predictive Maintenance-Based Process Parameters: Towards
an Industrial Sustainability Improvement. In International Conference on Advanced Intelligent Systems for Sustainable Development
(AI2SD’2023); Ezziyyani, M., Kacprzyk, J., Balas, V.E., Eds.; AI2SD; Lecture Notes in Networks and Systems; Springer: Cham,
Switzerland, 2023; Volume 931. [CrossRef]

Xu, K; Li, Y;; Liu, C,; Liu, X.; Hao, X.; Gao, ]J.; Maropoulos, P.G. Advanced Data Collection and Analysis in Data-Driven
Manufacturing Process. Chin. ]. Mech. Eng. 2020, 33, 43. [CrossRef]

O’donovan, P; Leahy, K.; Bruton, K.; O’sullivan, D.T.J. Big data in manufacturing: A systematic mapping study. J. Big Data 2015,
2,20. [CrossRef]

Horr, A.M. Real-Time Modeling for Design and Control of Material Additive Manufacturing Processes. Metals 2024, 14, 1273.
[CrossRef]

Horr, A M. Optimization of manufacturing processes using ML-assisted hybrid technique. Manuf. Lett. 2021, 31, 24-27. [CrossRef]
Horr, A.M. Notes on New Physical & Hybrid Modelling Trends for Material Process Simulations. J. Phys. Conf. Ser. 2020, 1603,
012008. [CrossRef]

Weichert, D.; Link, P; Stoll, A.; Riiping, S.; Ihlenfeldt, S.; Wrobel, S. A review of machine learning for the optimization of
production processes. Int. . Adv. Manuf. Technol. 2019, 104, 1889-1902. [CrossRef]

Rajesh, A.S.; Prabhuswamy, M.S.; Satish, H.S. Smart manufacturing through machine learning: A review, perspective and future
directions to machining industry. AIP Conf. Proc. 2023, 2399, 030014. [CrossRef]

Kumar, R.; Sikander, A. Review and analysis of model order reduction techniques for high-dimensional complex systems.
Microsyst. Technol. 2024, 30, 1177-1190. [CrossRef]

Favoretto, B.; de Hillerin, C.; Bettinotti, O.; Oancea, V.; Barbarulo, A. Reduced order modeling via PGD for highly transient
thermal evolutions in additive manufacturing. Comput. Methods Appl. Mech. Eng. 2019, 349, 405-430. [CrossRef]

Quaranta, G. Efficient Simulation Tools for Real-Time Monitoring and Control Using Model Order Reduction and Data-Driven
Techniques. 2019. Available online: http://hdl.handle.net/2117/168567 (accessed on 22 December 2024).

Kerschen, G.; Golinval, ].-C.; Vakakis, A.F.; Bergman, L.A. The Method of Proper Orthogonal Decomposition for Dynamical
Characterization and Order Reduction of Mechanical Systems: An Overview. Nonlinear Dyn. 2005, 41, 147-169. [CrossRef]
Lassila, T.; Manzoni, A.; Quarteroni, A.; Rozza, G. Model Order Reduction in Fluid Dynamics: Challenges and Perspectives. In
Reduced Order Methods for Modeling and Computational Reduction. MS&A—~Modeling, Simulation and Applications; Quarteroni, A.,
Rozza, G., Eds.; Springer: Cham, Switzerland, 2014; Volume 9. [CrossRef]

Schilders, W.; van der Vorst, H.; Rommes, J. Model Order Reduction: Theory, Research Aspects and Applications; Springer:
Berlin/Heidelberg, Germany, 2008. [CrossRef]

Antoulas, A. Approximation of Large-Scale Dynamical Systems: An Overview. IFAC Proc. Vol. 2004, 37, 19-28. [CrossRef]


https://doi.org/10.1007/978-981-16-6128-0_16
https://doi.org/10.3390/su132312987
https://doi.org/10.1007/s00158-022-03425-4
https://doi.org/10.3390/fi15090282
https://doi.org/10.1007/s00170-020-05306-w
https://doi.org/10.1515/auto-2020-0003
https://tsapps.nist.gov/publication/get_pdf.cfm?pub_id=930232
https://tsapps.nist.gov/publication/get_pdf.cfm?pub_id=930232
https://doi.org/10.1007/978-3-031-54288-6_3
https://doi.org/10.1186/s10033-020-00459-x
https://doi.org/10.1186/s40537-015-0028-x
https://doi.org/10.3390/met14111273
https://doi.org/10.1016/j.mfglet.2021.10.001
https://doi.org/10.1088/1742-6596/1603/1/012008
https://doi.org/10.1007/s00170-019-03988-5
https://doi.org/10.1063/5.0131827
https://doi.org/10.1007/s00542-023-05605-8
https://doi.org/10.1016/j.cma.2019.02.033
http://hdl.handle.net/2117/168567
https://doi.org/10.1007/s11071-005-2803-2
https://doi.org/10.1007/978-3-319-02090-7_9
https://doi.org/10.1007/978-3-540-78841-6
https://doi.org/10.1016/S1474-6670(17)31584-7

Processes 2025, 13, 252 13 of 13

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

Silva, ].M.S.; Villena, J.F,; Flores, P; Silveira, L.M. Outstanding Issues in Model Order Reduction. In Scientific Computing in
Electrical Engineering; Springer: Berlin/Heidelberg, Germany, 2007; pp. 139-152. [CrossRef]

Choi, Y.; Brown, P; Arrighi, W.; Anderson, R.; Huynh, K. Space-time reduced order model for large-scale linear dynamical
systems with application to Boltzmann transport problems. . Comput. Phys. 2020, 424, 109845. [CrossRef]

Benner, P; Gugercin, S.; Willcox, K. A Survey of Projection-Based Model Reduction Methods for Parametric Dynamical Systems.
SIAM Rev. 2015, 57, 483-531. [CrossRef]

Horr, A.M.; Vazquez, R.G.; Blacher, D. Data Models for Casting Processes—Performances, Validations and Challenges. IOP Conf.
Ser. Mater. Sci. Eng. 2024, 1315, 012001. [CrossRef]

Bruton, S.L.; Kutz, ].N. Data-Driven Science and Engineering: Machine Learning, Dynamical Systems, and Control, Cambridge
University Press: Cambridge, UK, 2019.

Qin, J.; Hu, F; Liu, Y,; Witherell, P.; Wang, C.C.; Rosen, D.W.; Simpson, T.W.; Lu, Y.; Tang, Q. Research and application of machine
learning for additive manufacturing. Addit. Manuf. 2022, 52, 102691. [CrossRef]

Antoulas, A.C.; Ionutiu, R.; Martins, N.; ter Maten, E.].W.; Mohaghegh, K_; Pulch, R.; Rommes, J.; Saadvandi, M.; Striebel, M.
Model Order Reduction: Methods, Concepts and Properties. In Coupled Multiscale Simulation and Opti-mization in Nanoelectronics;
Gtinther, M., Ed.; Mathematics in Industry; Springer: Berlin/Heidelberg, Germany, 2015; Volume 21. [CrossRef]

Brotz, S.; Horr, A. Framework for progressive adaption of FE mesh to simulate generative manufacturing processes. Manuf. Lett.
2020, 24, 52-55. [CrossRef]

Hoque, S.E.; Hovden, S.; Culic, S.; Nietsch, J.A.; Kronsteiner, J.; Horwatitsch, D. Modeling friction in hyperxtrude for hot forward
extrusion simulation of EN AW 6060 and EN AW 6082 alloys. Key Eng. Mater. 2022, 926, 416—425. [CrossRef]

Wang, C.; Tan, X.; Tor, S.; Lim, C. Machine learning in additive manufacturing: State-of-the-art and perspectives. Addit. Manuf.
2020, 36, 101538. [CrossRef]

Goldak, J.; Chakravarti, A.; Bibby, M. A New Finite Element Model for Welding Heat Sources. Metall. Trans. B 1984, 15, 299-305.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1007/978-3-540-71980-9
https://doi.org/10.1016/j.jcp.2020.109845
https://doi.org/10.1137/130932715
https://doi.org/10.1088/1757-899X/1315/1/012001
https://doi.org/10.1016/j.addma.2022.102691
https://doi.org/10.1007/978-3-662-46672-8_4
https://doi.org/10.1016/j.mfglet.2020.03.005
https://doi.org/10.4028/p-qfc820
https://doi.org/10.1016/j.addma.2020.101538
https://doi.org/10.1007/BF02667333

	Introduction 
	MOR Techniques for Material Processes 
	Eigen-Base Model Builders 
	Kriging and Regression Model Builders 
	Clustering and SVM Model Builders 

	Case Study—Process Applications 
	Reduced Models for Extrusion Process 
	Reduced Models for AM Process 

	Comparative Study 
	Discussion 
	Conclusions 
	References

