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Abstract: Additive manufacturing processes such as the material extrusion of metals (MEX/M) enable
the production of complex and functional parts that are not feasible through traditional
manufacturing methods. However, achieving high-quality MEX/M parts require significant
experimental and financial investments for suitable parameter development. In response, this study
explores the application of machine learning (ML) to predict the surface roughness and density in
MEX/M components. The various models are trained with experimental data using input parameters
such as layer thickness, print velocity, infill, overhang angle, and sinter profile enabling a precise
predictions of surface roughness and density. The various ML models demonstrate an accuracy up
to 97 % after training. In conclusion, this research showcases the potential of ML in enhancing the
efficiency in control over component quality during the design phase, addressing challenges in
metallic additive manufacturing, and facilitating exact control and optimization of the MEX/M
process, especially for complex geometrical structures.

Keywords: additive manufacturing (AM); material extrusion of metals (MEX/M); machine learning
(ML); Process development; AISI Stainless Steel 1.4404/316L; Design for Additive Manufacturing
(DfAM)

1. Introduction

The additive manufacturing (AM) [1] technologies allow due to the layerwise production the
manufacture of complex and intricated geometrical components with reduced material waste and
energy consumption. Until now the powder bed fusion of metals laserbeam based (PBF-LB/M) is the
most used AM technology in several application industries as aerospace, automotive and medical
environtments. Therefore, a large amount of data for different PBF-LB/M machines exists and also
approaches of machine learning (ML) prediction promise a powerful support in predicting suitable
and successful process parameter combinations for different materials [2-6]. The objective of study
in [7] is to utilize ML models to predict the density of AlSi10Mg parts based on various process
parameters. To achieve this, 54 experimental data points, as referenced in [8], were used to train and
test the multilayer perceptron (MLP) models. Among the models evaluated, the MLP was found to
be the most accurate and robust prediction model [2]. In addition, the two MLP models were trained
and tested using density results from simulation data developed in study [4]. However, this did not
lead to an improvement in prediction accuracy. Without the inclusion of simulation data, the root
mean square error (RMSE) of the MLP model was 0.91% points, demonstrating the potential of the
MLP algorithm even with a limited amount of experimental data. When incorporating the simulation
data, the RMSE increased by 21%, resulting in less accurate predictions. This increase is likely
attributable to computational errors associated with the solver used in the simulation. Another study
[5] evaluated different ML models for the density prediction of stainless steel 316L PBF-LB/M
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specimen with an difference of less than 4 % between the experimental results and ML-based the
prediction. Different ML models, such as support vector regression (SVR), random forest (RFR), and
ridge regression, have been developed to estimate surface roughness in fused deposition modeling
(FDM) with high accuracy [9]. Machine learning is also utilized in the design of AM parts. In [10],
maximum stress predictions were made using different regression models, allowing for the efficient
use of lattice structures. In this paper, gradient boost regression and random forest regression were
the models with the smallest RMSEs of 67.31 MPa and 77.07 MPa for compression and bending
specimens, respectively, with R? scores of 0.91 and 0.88. These results indicate relatively high
performance in terms of predicting mechanical properties and reducing computational simulation
time. Additionally, machine learning models are being developed to predict the compressive strength
of additively manufactured components, such as PEEK spinal fusion cages, and to improve the
geometric accuracy of AM parts through online shape deviation inspection and compensation. [11,12]
ML in AM is further used for the prediction of defects in terms of thickness and length. With Gaussian
process regression, MLP, RFR, and support vector machine (SVM) models, it was possible to
demonstrate significant advantages in processing time and performance as a non-destructive test
[13]. These examples show the potential integration of ML in different fields of AM technologies and
design processes. It can be used for the prediction of process parameters to achieve successful and
desired production, monitor the manufacturing process, and reduce simulation effort for achieving
the desired component characteristics. Nevertheless, ML in AM faces several limitations such as data
scarcity and quality, variability in product quality, computational challenges, and material and
process limitations. The novelty of AM results in a lack of extensive training data, which is crucial for
developing robust ML models. Additionally, the quality and standardization of available data are
often inadequate, affecting the reliability of predictions [14,15]. AM processes are highly complex and
much less established than other manufacturing processes such as machining or casting.
Consequently, AM processes often still lack in product quality, which poses a significant challenge
for ML applications. Such variability complicates the development of predictive models that can
generalize well across different conditions [16,17]. The complexity of AM processes requires
significant computational resources for ML model training and optimization. This requirement can
be a barrier, especially for small-scale operations [14]. The limited library of materials and the
presence of processing defects further restrict the applicability of ML in AM. These challenges can
hinder the accurate prediction of material performance and process outcomes [18]. Addressing these
limitations requires advancements in data collection, standardization, and computational techniques.
There are several successful case studies that demonstrate overcoming the limitations of machine
learning in additive manufacturing. In [19], machine learning algorithms, such as random forests and
support vector machines, are employed to optimize process parameters like laser power and
scanning speed. By monitoring the process and predicting the optimal combination of parameters,
the variability in printed part quality can be reduced, enhancing reliability in applications such as
aerospace and medical fields. Integrating machine learning with digital twin technology allows for
real-time monitoring and control of the AM process. A case study demonstrated the integration's
effectiveness in defect detection, achieving high precision and reliability in manufacturing processes
[20]. In [21], a hybrid machine learning algorithm was developed to recommend design features
during the conceptual phase of AM. This approach was validated through a case study involving the
design of R/C car components, proving useful for inexperienced designers by providing feasible
design solutions.

The material extrusion of metals (MEX/M, ISO/ASTM 52900) has gained attraction in recent
years due to its status as a low-cost AM alternative. The MEX/M process consists of the steps shaping,
debinding, and sintering, which are very similar to the metal injection molding process (MIM). In the
shaping process, a commercial 3D printer is used for the AM part instead of a mold. The initial
intention of this process chain—where the feedstock for the shaping step can be, for example, filament
or pellets depending on the extrusion mechanism—was to combine the knowledge of common 3D
printing with the MIM process. Nonetheless, the MIM standard of component characteristics is not
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achievable with MEX/M technology. According to [22], more experimental parameter studies and
sintering routines must be developed to achieve suitable material characteristics. In addition, the
numerous influencing factors of the multistep process chain make it very difficult and require
substantial effort for experimental evaluation. To overcome this hurdle, this paper evaluates an
approach using machine learning models with a small batch of experimental data to predict further
parameter settings for the MEX/M process. In this way, it is possible to identify suitable process
parameters for component design without extensive experimental effort. Up to now, ML has been
used in AM technologies for several reasons: either on the experimental side or on the simulation and
design side. Furthermore, ML has been applied for quality assurance and predicting process
parameter settings. So far, no predictions for the MEX/M process have been made, only for single-
stage AM processes, such as the powder bed fusion laser beam-based (PBF-LB/M) process. Surface
roughness and density are key values for meeting the MIM standard of the combined technology and
have been set as the target values to be predicted. The choice of the appropriate ML model is
challenging, as several ML models are capable of predicting specific parameters, as discussed.
Therefore, different models have been evaluated and compared, with a focus on models that can be
trained with a small amount of data while achieving sufficiently good prediction.

2. Experimental Approach and ML Methodology

The aim of this study is to develop a predictive model that is able to estimate the surface
roughness as well as the sintered density depending on the used process parameters. This provides
insights into quality control and process optimization for MEX/M and allows a faster parameter
development.

2.1. Specimen Manufacture and Measurements

For the data preparation different overhang specimen (see Figure 1) have been manufactured on
a Renkforce RF2000 (Conrad Electronic SE, Hirschau, Germany) 3D printer with a 0.4 mm nozzle
using AISI 316L filament (PT&A GmbH, Dresden Germany) with 2.85 mm in diameter. The surface
roughness of the greenpart specimen have been measured on the downskin (URz) and upskin (ORz)
area of the overhang parts using a Keyence VHX-S600E (Osaka, Japan). Three areas of each side have
been measured for three times and the average of the values has been taken as the average surface
roughness of the downskin and upskin area.
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Figure 1. Overhang specimen (green part) and roughness measuring procedure based on [23].
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The starting powder composition is shown in [24]. The exact binder composition and particle
size distribution of the metal powder are not provided by the manufacturer. The solvent debinding
step is performed in 500 ml of acetone for 12 hours, heated at 38 °C, as recommended by the filament
provider to achieve a 5% mass loss and open the pores for the thermal debinding step. The SEM
image of the debinded 316L filament is provided in [25]. The particle size is in the range of 2 um to
15 um. An ExSO90 sinter oven (Aim3D GmbH, Rostock, Germany) was used for the thermal
debinding and sintering step of the specimen. The thermal debinding and sintering cycles are
performed in a combined single step according to the recommendation of the feedstock provider,
with 99.9% Argon used as the atmosphere for both process steps at a flow rate of 11/min. It was found
that this setup achieved a sintered density of 97.4% for the 316L specimen, which is higher than the
metal injection molding (MIM) standard of 95% density [25]. Figure 2 illustrates the thermal
debinding and sinter cycle for the specimen. Two different maximum temperatures were chosen for
the printed process parameters. The holding temperatures of 300°C, 600°C, and 850°C were selected
to burn out the binder from the samples. The heating rate between each holding temperature is 5
K/min.

Sintering cycle for T = 1250 °C and 1300 °C

1300 °C

D Thermal Debinding
. Sintering
.('ouling

Time (min)

Figure 2. Thermal debinding and sintering cycle for maximum sinter temperature of 1250 °C and 1300 °C on the
basis of [25].

The measurements of the different parameter combinations are depicted on the x-axis in Figure
3. On the y-axis, the different roughness measurements of the upskin and downskin surfaces are
illustrated. The identification of individual samples was based on the set process parameters. The
first number represents the infill percentage [%], the second number denotes the printing speed in
millimeters per second [mm/s], the third number corresponds to the layer height in millimeters [mm)],
and the last number indicates the overhang angle in degrees [°]. For example, the combination
100;2100;0.2:10 signifies that the sample was printed with an infill of 100%, a printing speed of 2100
mm/s, and a layer height of 0.2 mm. The overhang angle of the sample is 10°. As expected, the mean
surface roughness for the upskin and downskin areas is higher for lower overhang angles,
independent of the printing speed and the percentage infill. A layer height of 0.4 mm causes higher
surface roughness for the downskin and upskin areas. The roughness measurements are in the typical
range for roughness in the MEX/M process [24].
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Figure 3. Average surface roughness of the downskin and upskin are for each process parameter combination
of the green parts.Furthermore, combinations of additional overhang angles have been printed, debinded, and
sintered using the illustrated cycles (Figure 2). Table 1 shows the additional variations of the specimen

parameters. The process parameters that were not varied are kept constant according to [24].

Table 1. Parameter variation of the experimental data.

Variation Infill [%] Printing speed | Layer height | Overhang | Sintering
[mm/s] [mm] angle [°] |temperature
Greenpart: 40 combinantions |60, 80, 100| 2100, 4200 02,04 10, 20, ..., 80 -
Sinterpart: 48 combinations 50, 100 2100, 4200 02,04 10, 20, ..., 80| 1250, 1300

2.2. ML Development and Evaluation

The applied methodology and relations between process and parameters is shown in Figure 4.
The left side shows the current procedure where process parameters are selected, a MEX/M process
is performed and the target parameters are investigated. The right side shows the target methodology
where the process parameters are directly fed into the ML model to predict the resulting surface
roughness and density. This procedure enables an initial assessment of the part quality without the

part actually having to be manufactured.

process | oo _______ .
parameter [T p
——’

y
‘ MEX/M

surface .
density
roughness
H I
| :

train ' |

A4
| ML model

train i | predict

outputs

— conventional procedure ---» MlLtraining procedure

--» final procedure

Figure 4. Methodical scheme of the experimental approach and the ML prediction.
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The inputs and outputs of the ML model are derived from the process. The process parameters
of the MEX/M process are used as inputs and the part properties as outputs. The considered
parameters are summarized in Table 2.

Table 2. Input and output parameter for the investigated ML models.

Parameter |Symbol |Description rUnit ‘Model

Inputs

infill fill ercentage of the material fill level % URz, ORz,

rint speed \4 speed of printing head during the process mm/min density

layer thickness I height of the individual print layers mm

overhang angle alpha |Overhang angle of unsupported areas of |°
the printed part

sinter temperature st temperature used when sintering the °C density
material

outputs

Downskin surface URz  |measured average bottom inclined wall  jum URz

roughness roughness of the component surface

Upskin surface roughness|ORz ~ imeasured average top inclined wall pum ORz
roughness of the component surface

density rho art density before sintering % density

For data processing and training of the models python (v3.8.19) was used with the scikit-learn
library (v1.3.0) [26]. These environments were selected to ensure compatibility with the latest
machine learning methods as well as robust and efficient processing of the data. The developed
suitable ML models and the experimental data are provided in source [27].

3. ML Model Setup & Training

The data set generated for the investigation of surface roughness consists of 40 data points, while
the data set for density comprises 48 data points. The preprocessing of the data consists of four steps:
cleaning the data by removing outliers and making sure no values are missing, investigating
correlations between features and labels and removing strongly correlated features if necessary,
splitting the data into training and test set and finally scaling the input data to ensure similar
magnitudes of feature values.

When cleaning the data, no missing values and only slight outliers where detected. As the data
set is already very small, it was decided not to remove any further data points as long as the outliers
are not attributable to measurement errors. Subsequently, a correlation analysis was performed,
including the calculation of the correlation matrix and the Spearman coefficients [28,29]. The plots in
Figure 5 show the correlation matrices for the parameters. The calculated coefficients are summarized
in Table 3. The results show that URz correlates significantly negatively with angle (-0.63), while ORz
also shows a strong negative correlation with print speed (-0.5) and angle (-0.58). Density shows a
strong positive correlation with infill (0.87).
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Figure 5. Correlation matrices for the surface roughness (left) and density (right).

Table 3. Spearmen coefficients for the downskin surface roughness, upskin surface roughness and density.

URz ORz ensity
fill -0.25 0.28 0.87
\4 0.03 -0.5 0.07
1 0.19 0.03 0.13
alpha -0.63 -0.58 0.09
st - - -0.12

For processing in ML algorithms, the data is split into a training and test data set in a ratio of
75% to 25%. A stratified shuffle is applied based on the respective output parameter in order to take
the distribution of the target variables into account. This ensures that, despite the small amount of
data, results over the entire interval of the target parameter are always included in the training and
test data set. In addition, polynomial features are calculated up to the second degree in order to
capture interaction effects [30]. When training the models, it is investigated whether the inclusion of
polynomial features offers added value. A feature selection is carried out using SelectKBest. To
standardize the feature values, either MinMax or Standard scaling is used to normalize the number
spaces to a comparable range, which is important for the accuracy of some ML algorithms [26,31].

The selection of algorithms for model training was based on the criteria of robustness, prediction
accuracy and interpretability. The models considered include linear regression (LR) based on its
simplicity and good interpretability for linear relationships [32], random forest regressor (RFR) due
to its robustness to outliers and their ability to model non-linear relationships [33], support vector
machines (SVM) because its suitable for small data sets and offers good generalization capabilities
[34], k-nearest-regressor (kNN) based on its simple implementation and adaptation to non-linear
structures [35,36], multilayer perceptron (MLP) for potentially more complex correlations and pattern
recognition [37-39] and finally a bagging regressor (Bag) with kNN [40], decision tree regressors or
MLP as base estimators to reduce the variance and increase the stability of the model.

To train the models a pipeline was defined that includes the following steps: polynomial
features, SelectKBest, scaling and the respective estimator. To evaluate the model performance the
RMSE and the R? value were defined as common error measures [41], supplemented by a qualitative
evaluation using plots of the correct versus the predicted values. The RMSE is given in the respective
unit of the target value - ym for URz and ORz and percentage points in % for density. RMSE and R?
are defined in [10].

To optimize the models, hyperparameter tuning is performed using gridsearch (GridSearchCV)
[26] with cross-validation (CV). The corresponding parameter spaces are given for each algorithm in
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Table 4. All pipelines consider a variation of the scaler, SelectKBest and polynomial features in the

gridsearch.
Table 4. Selected hyperparameter for all investigated ML models.
Algorithm Parameter Values
olynomial features activated True, False
KBest lk 5, 10, 15, "all’
scaler scaler MinMaxScaler(), StandardScaler()
RFR In_estimators 10, 50, 100
max_depth None, 2,5, 10
min_samples_leaf 1,2, 3
min_samples_split 2,5
max_features None, sqrt
bootstrap True, False
kNN n_neighbors 3,57
weights uniform, distance
5 algorithm auto, ball_tree, kd,_tree
S 1,2
:.% MLP hidden_layer_sizes (10,), (20,), (10, 10,), (25, 25,)
v alpha 0.0001, 0.001, 0.01
activation relu, tanh
solver Ibfgs, adam
learning_rate constant, adaptive
Bag estimator kNN, DTR, MLP
n_estimators 5,10, 20
max_samples 0.5,0.7, 1.0
bootstrap True, False
bootstrap_features True, False

For the training of the ML model, a statistical evaluation was performed, starting with a
gridsearch-based parameter tuning. The search over the respective parameter spaces is performed 10
times each. The best configurations are then selected. The models are then trained 50 times with the
selected parameter combinations and the mean error is determined. This procedure ensures optimal
parameter selection and checks the robustness of the model.

4. ML Results

The various ML models LR, RFR, SVM, kNN, MLP and Bag were trained and evaluated with
hyperparameter tuning. Subsequently, the R? factor and the RSE for downskin and upskin angle of
the experimental data were evaluated (compare Figure 3). Table 5 shows the respective values of each
model. The highest R? value in the training data set can be seen in the MLP model for the URz.

RFR and Bag also show a high value of 0.86 and 0.9. Similarly, these models also have a low
RMSE value for the training data (MLP 18.75 pum, RFR 32.04 um and Bag 27.15 um). A similar
observation can be made in the training data set for ORz, in which MLP (0.99) also has the highest R?
value, followed by RFR (0.88) and Bag (0.75). SVM has the lowest R? value in the training data set for
URz with 0.44 followed by LR with a value of 0.55. The RMSE value is highest for SVM at 63.79 pm
and for LR at 57.44 pm. In the case of ORz, the R? factor is also lowest for SVM with 0.26 and also
followed by LR with 0.58. Here the RMSE value is 144.90 um (SVM) and 109.34 um (LR). In the test
dataset, the RFR model achieved a maximum coefficient of determination (R?) of 0.7 for the target
variable URz, while the KNN model attained an R? value of 0.65. The corresponding RMSE values
were 51.27 um and 47.52 um, respectively. For the target variable ORz, the kNN model also recorded
the highest R? value of 0.69, with an RMSE value of 170.96 um.

d0i:10.20944/preprints202503.0768.v1
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Table 5. R? value and RMSE of URz and ORz in training and test case for all ML models.

Model Target value [Indicators Training Test
LR URz R? 0.55 0.51
RMSE [pum] 57.44 60.21
ORz R? 0.58 0.41
RMSE [pum] 109.34 237.45
RFR URz R? 0.86 0.70
RMSE [pum] 32.04 47.51
ORz R? 0.89 0.31
RMSE [pum] 56.79 255.7
SVM URz R? 0.44 0.39
RMSE [pm] 63.79 67.60
ORz R? 0.26 0.1
RMSE [pum] 144.90 293.12
kNN URz R2 0.66 0.65
RMSE [pm] 49.80 51.27
ORz R? 0.73 0.69
RMSE [pum] 87.98 170.96
MLP URz R? 0.95 0.26
RMSE [pum] 18.76 74.66
ORz R? 0.99 0.13
RMSE [pum] 13.71 288.44
bag URz IR? 0.90 0.53
RMSE [pum] 27.15 59.10
ORz R? 0.75 0.60
RMSE [pum] 84.63 194.01

Additionally, diagrams of the respective models were generated, illustrating the predictions
compared to the experimental data. The red line indicates a perfect prediction. The farther the points
are from the line, the less accurate the predictions are. Figure 6 presents the prediction diagrams of
the models under examination, facilitating an initial selection of the models in question. The blue
dots depict the training data, while the yellow dots represent the test data. For the LR model, it is
observed that both the test and training data predictions deviate from the experimental data. This
phenomenon is observable for both the downskin angle URz and the upskin angle ORz. Only for
small overhang angles do the predictions appear to align more closely with the experimental data,
resulting in smaller deviations for both URz and ORz. The SVM model exhibits a behavior similar to
that of the LR model's predictions. In this instance as well, the predictions significantly deviate from
the actual values. Both the LR and SVM models tend to underestimate the actual surface roughness
for URz and ORz. In contrast, the RFR model demonstrates higher accuracy in predicting the training
data with larger URz values, a trend that is also observed in the test data. Nonetheless, in both
scenarios, the roughness prediction is underestimated.

Model URz ORz
397.4 1193
4 287.6 1 g 813 A
LR g 177.9 o.. . ) g. 432 e ®... o°
. L]
x > 2
68.1 £ 52

68.1 177.9 287.6 397.4 52 432 813 1193

experimental value experimental value

d0i:10.20944/preprints202503.0768.v1


https://doi.org/10.20944/preprints202503.0768.v1

RFR

SVM

kNN

MLP

Bag

predicted value

predicted value

predicted value

predicted value

predicted value

397.4

- N
~ 0
© ©®
w w

| A

70.2
70.2

179.3 288.3 397.4

experimental value

397.4

N
©
o
w
A

179.2 4

70.1
70.1

179.2 288.3 3974

experimental value

397.4

288.3 1

179.3 4

s
&
U

70.2
70.2

179.3 288.3 397.4

experimental value

397.4

288.3 A

179.3 1

[

70.2
70.2

179.3 288.3 397.4

experimental value

397.4

287.7 A

178.0 4

3
)
.

68.3
68.3

178.0 287.7 397.4

experimental value

predicted value

predicted value

predicted value

predicted value

predicted value

1193

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 March 2025

813 A

432

52

52

432 813 1193

experimental value

1193

813 A

432 A

. <’

52
52

432 813 1193

experimental value

1193

813 A

4321 °*

52
52

432 813 1193

experimental value

1193

738 1

283 A

=172

1193

—-172 283 738 1193

experimental value

794 A

394 4

-6
-6

394 794 1193

experimental value

doi:10.20944/,

reprints202503.0768.v1

10 of 21

Figure 6. Surface roughness prediction versus experimental measurements in [pm] for the training (blue) and

test data (yellow) of all investigated ML models.

The kNN model demonstrates that more accurate predictions can be achieved for low URz and
ORz values. However, for higher roughness, the predictions deviate from the experimental data. In
this context, both the training and test datasets underestimate the actual values for lager roughness
values (>200 um). The bag model exhibited a high level of predictive accuracy for URz in the training
dataset, including for large roughness values. Nevertheless, for small roughness values, the model

showed a tendency to overestimate predictions in the test dataset, whereas for large roughness

values, it occasionally underestimated the predictions. In the case of ORz, the training data is even

more accurate in its prediction and tends to underestimate small roughness values.
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The test data overestimates the experimental data and predict higher values for the roughness.
However, for large roughnesses, the predictions in the test data set tend to be underestimated. In the
training dataset, the MLP model shows the smallest deviations in the predicted values for both ORz
and URz. Only in the test data, small roughnesses are overestimated and larger roughnesses are
underestimated.

Since the training data for MLP and Bag are heavily aligned with the experimental data, while
the test data fluctuate more around the exact prediction, the machine learning models appear to be
overfitted. For URz and ORz, the MLP model appears to perform the best despite signs of overfitting
and is therefore selected for further parameter optimization. The other algorithms are not further
investigated as the MLP seems to be the most promising algorithm for this dataset.

The same approach was applied to the target variable density, where, with parameter
optimization using polynomial feature importances and the SelectKBest method, the Bag model
appears to be the best starting point. The prediction diagram is shown in Figure 7. It can be observed
that the predictions for both the training data and the test data are located close to the actual values.
Occasionally, the predictions for the training data are underestimated, which may indicate that
overfitting is not occurring. Both training and test data oscillate within a similar range around the
optimal axis, which means that a good generalization of the model can be assumed. In the following
only the Bag model will be investigated further for the density prediction.

104.60

90.73 - 4

predicted value

76.87 — bt
‘e,

63.00 T T
63.00 76.87 90.73 104.60

experimental value

Figure 7. Density prediction versus experimental measurements in % points for the training (blue) and test data

(yellow).

The hyperparameter optimization over 10 runs using polynomial feature importances and
SelectKBest led to the following results in terms of the R? factor and RMSE for URz, ORz and density
(see Table 6). A direct comparison with Table 5 for the MLP model shows a significant increase in the
R? value from 0.25 to approximately 0.71. Additionally, the RMSE was reduced by more than 25 pm
to around 49.27 um. Although the R? factor in the training dataset decreased to 0.83 and the RMSE
increased to 34.82 um, the model initially seemed to be overfitted, so the optimization counteracted
this trend. The standard deviation of the R? value for URz is 0.11 for the training data and 0.3 for the
test data. Thus, the variability among the training data is less than that of the test data. This suggests
variability in the model's performance and indicates the need for further iterations to achieve a more
robust R? value. The RMSE for both the training data and test data also exhibits significant variability,
making it difficult to draw definitive conclusions about the error of the mean values after 10
iterations. This variability suggests that the MLP model is sensitive to the hyperparameters,
necessitating further optimization iterations to achieve greater robustness.

A similar observation can be made for the ORz MLP model. Here, the R? value decreases from
0.99 to 0.72 and the RMSE increased from 13.71 um to approximately 90.8 um in the training dataset
from the initial iteration step (compare Table 5). The R? value for the test data, on the other hand,
increases from 0.12 to around 0.46 and the RMSE error is reduced to 222.92 um. The reduction of the
R? value in the training data is an indication that overfitting is counteracted, but the high standard
deviation of R? and RMSE indicates a low robustness of the model.
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The bag model was used for the density forecast. In the training data set as well as in the test
data set, the R? value is already high at 0.96 and 0.91, so that the independent variables can be well
described by the number of dependent variables. The standard deviation is also much smaller than
for the other two MLP models, which means that the model can be expected to be more robust. The
same applies to the RMSE error, which is small at 1.64 % (training) and 2.53 % (test) and also has a
standard deviation of less than 0.55 %.

Table 6. Hyperparameter optimization after 10 iterations for the MLP and Bag models.

alue URz (MLP) ORz (MLP) ensity (Bag)

Train R2 0.83 +0.11 0.72 +0.12 0.96 + 0.02
RMSE 34.82 +13.82 [um] 90.8 + 34.7 [um] 1.64 +0.34 [%]

Test R2 0.71 +0.3 0.46 +0.15 0.91 +0.04
RMSE 49.27 + 18.95 [um] 222.92 +41.41 [um] 2.53 +0.53 [%]

After completing 10 iterations, the optimal hyperparameters were determined by maximizing
the coefficient of determination and minimizing the root mean square error. Table 7 shows the values
with the optimized hyperparameters. The selected hyperparameters for the MLP model are
illustrated in Table 8 and for the Bag model in Table 9.

An R? of 0.96 shows that the model can explain 96 % of the variance of the surface roughness
(URz) in the training. The RMSE error is also significantly lower here at 16.04 um. In the test data set,
the R? factor was also increased to 0.88 and also has a low RMSE value of 32.11 um. A significant
increase in the error on the test data indicates that the model has difficulties predicting the test data
with the same precision as the training data. There is a possibility of a slight overfitting effect
occurring in this case. The R? factor with 0.91 does not change for ORz. A constant R? value indicates
that the model has learned the patterns in the data well and also transfers them to the test data. An
RMSE increase from 51.29 um (training) to 91.89 um (test) strongly indicates overfitting.
Regularization, optimized data processing and model adjustments can improve the generalization
and reduce the test error. For the bag model for density, the R? value for 0.98 (training) and 0.95 (test)
is also high. The RMSE error is lower in the training (1.12 %) than in the test (1.97 %). Further
optimization iterations should reduce the different errors.

Table 7. Parameter optimization (best models).

Value Rz (MLP) ORz (MLP) Density (Bag)
Train R2 0.96 0.91 0.98

RMSE 16.04 [um] 51.29 [um] 1.12 [%]
Test R2 0.88 0.91 0.95

RMSE 32.11 [um] 91.89 [um] 1.97 [%]

Table 8. Parameter optimization (selected hyperparameter) — URz, ORz.

Algorithm Parameter URz ORz
olynomial features activated False True
KBest K - 10
scaler scaler IMinMaxScaler MinMaxScaler
estimator model MLP
hidden_layer_sizes (10,) (10,)
alpha 0.01 0.01
hyperparameters activation relu relu
solver Ibfgs Ibfgs
learning_rate adaptive adaptive
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Table 9. Parameter optimization (selected hyperparameter) — density.

Algorithm Parameter Density
olynomial features activated True

KBest K 15

scaler scaler StandardScaler
estimator DecisionTreeRegressor
n_estimators 10

bag max_samples 0.7
bootstrap false
bootstrap_features True

Table 10 indicates the averaged evaluation parameters of 50 iterations with the optimized
hyperparameters. The observed discrepancy between training and test data indicates that the model
performs better on the training set, which could suggest some degree of overfitting. However, the
low standard deviation across both datasets demonstrates a high level of robustness and consistency
in the model's predictions. For ORz, the R? factor is 0.94 in the training dataset and 0.73 in the test
dataset, with a standard deviation of 0.07. Although the performance on the test data is lower, the
small standard deviation highlights the stability of the model across samples and deliver similar
results. Similarly, for density, the R? factor is 0.98 on the training set with a standard deviation of
0.003, and 0.92 on the test set with a standard deviation of 0.02. This consistency in performance,
coupled with the relatively small deviations, reinforces the robustness of the model, even if the
performance on the test data does not reach the same level as on the training data. Overall, while
there is evidence of better training data performance, the low standard deviations suggest that the
model's predictions are reliable and not overly sensitive to variations within the datasets. For the
RMSE, the error for URz during training is 14.32 with a standard deviation of 3.27, reflecting
improvements compared to the results obtained after hyperparameter optimization with 10
iterations. Furthermore, the error in the test set was reduced to 34.93, accompanied by a standard
deviation of 6.28. These results indicate that the optimization process enhanced both the accuracy
and stability of the predictions for URz.

For ORz, the RMSE during training is 47.67 pum with a standard deviation of 16.45 um. However,
the test RMSE is significantly higher at 155.63 um, with a standard deviation of 20.47 um. This
suggests that, while the model achieved reasonable performance in training, its ability to generalize
to test data is more limited for ORz. Additionally, both the roughness and deviations are notably
higher for ORz compared to URz.

Importantly, despite the higher error and variability in the predictions for ORz, there was a
reduction in standard deviation for both training and test datasets when compared to the results
obtained after 10 iterations of hyperparameter optimization (as seen in Table 6). This improvement
in stability indicates that the optimization process contributed to reducing variability in the
predictions, even if the overall performance still shows room for improvement. For density, the
RMSE in training is 1.06 % with a standard deviation of 0.11, while in the test dataset, it increases to
2.51 % with a deviation of 0.29 %. This indicates a noticeable performance drop when transitioning
from training to test data. Furthermore, the test RMSE and its deviation are higher compared to the
results after 10 iterations of hyperparameter optimization.

Table 10. Model training with best parameters (50 runs) - MLP, MLP und Bagging.

Value URz (MLP) ORz (MLP) Density (Bag)
Train R2 0.97 +0.01 0.94 +0.06 0.98 +0.003

RMSE 14.32 + 3.27 [um] 47.67 +16.45 [um] 1.06 + 0.11 [%]
Test R2 0.85 + 0.06 0.73 +0.07 0.92 +0.02

RMSE 34.93 + 6.28 [um] 155.63 + 20.47 [um] 2.51+0.29 [%]
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Using the selected hyperparameters from Tables 8 and 9 for the MLP and Bag models, the
corresponding values for RMSE and R? as best results are presented in Table 11. These results offer
insights into how the optimized hyperparameters affect model performance in terms of accuracy and
explanatory power. For URz, the model demonstrated a strong fit with an R? of 0.96 in the training
set, indicating that 96% of the variance in the data was explained. However, the test set R? decreased
to 0.87, and the RMSE increased from 17.38 um in training to 32.93 um in testing, suggesting some
overfitting. The ORz results showed a similar trend, with a high R? of 0.94 in the training set, but a
significant drop to 0.79 in the test set. Additionally, the RMSE for ORz was substantially higher,
moving from 41.58 um in training to 138.99 um in testing, indicating a severe generalization issue. In
contrast, the model performed exceptionally well for density, achieving an R? of 0.99 in the training
set and 0.95 in the test set, with an RMSE of 0.95% and 1.88%, respectively. The minimal difference
between training and test RMSE for density suggests that the model generalizes well to unseen data.
Overall, the results highlight that while the model is highly effective for density, additional
improvements in feature selection and regularization are needed to enhance the generalization
performance for URz and especially ORz, where overfitting is more pronounced.

Table 11. Model training with best models (best models).

alue URz (MLP) ORz (MLP) ensity (Bag)
Train R2 0.96 0.94 0.99
RMSE 17.38 [um] 41.58 [pum] 0.95 [%]
Test R2 0.87 0.79 0.95
RMSE 32.93 [um] 138.99 [um] 1.88 [%]

Figure 8 shows the predictions of the experimental values as a further evaluation criterion. In
this case too, the blue dots are the training data set and the yellow dots are the test data. For URz
(left) it can be seen that the trending data for small roughness values deviate from the exact values
and make precise predictions with increasing roughness. The scattering for small roughness values
can be observed in the test data. With increasing roughness, a deviation from the experimental data
can still be observed, but this deviation remains constant with increasing roughness values.
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Figure 8. Surface roughness prediction versus experimental measurements for the training (blue) and test data

(yellow) of all investigated ML models for URZ (left) in um, ORz (center) in um, and density (right) % points.

For ORz (Figure 8, center), the model demonstrates superior predictive accuracy for small
roughness values (< 441 pm), as evidenced by better alignment with the training data and reduced
scatter in the predictions. This indicates that the model effectively captures the underlying patterns
within this range, likely due to a higher density of data points or less variability in the observed
values. However, as roughness increases beyond this threshold, the accuracy of the predictions
deteriorates, accompanied by a noticeable increase in scatter. This decline suggests that the model
struggles to generalize to larger roughness values, potentially due to a lack of sufficient data or
increased complexity in the relationships governing higher roughness levels. Addressing this issue
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may require additional data for large roughnesses or the inclusion of features that better capture the
variability in this range. The situation is the same for the test data of ORz, although the deviation of
the predictions is generally significantly larger. In the density prediction (Figure 8, right), the training
data are well adapted to the experimental data and an accurate prediction with few outliers is made
for both low and high density values. For the test data, the predictions for low density values tend to
be overestimated with a few outliers, while for high density predictions the values are primarily
underestimated.

5. Discussion

The initial attempt to utilize and optimize a single ML model for predicting all three parameters
—URz, ORz, and Density— was unsuccessful. The primary limitation was the small size of the
measurement dataset, coupled with the substantial variability in the parameter values. These factors
hindered the model's ability to capture consistent patterns across all targets, ultimately preventing it
from providing reliable and usable predictions. Furthermore, the small data set restricts the model's
ability to generalize to unseen data and with the limited samples, the risk of overfitting increases,
reducing predictive reliability for new process conditions. Additionally, the small datasets may not
fully capture the variability in process parameters, leading to biased or unstable model performance.
This observation underscores the need for either an increased dataset size, feature-specific models,
or tailored preprocessing strategies to better account for the distinct characteristics and variances of
each parameter in order to improve model robustness and generalizability. As a result, it became
necessary to train and test the models individually for each parameter. The evaluated models LR,
RFR, SVM, kNN, MLP, and Bag demonstrated varying levels of performance and robustness during
hyperparameter optimization. As anticipated, the LR model failed to achieve a high R? value and a
low RMSE due to the complexity of the relationships between input and output variables. The
predictions from the LR model exhibited significant deviations from the actual experimental data,
indicating that this approach is unsuitable for accurately modeling the investigated parameters.
According to [10] it is an indication that conventional regression models cannot solve the problem
and that a ML approach is required. This can be attributed to the inherent limitations of LR in
capturing complex, non-linear relationships within the data. The MEX/M process involves multiple
interacting parameters, such as material properties, process conditions, and geometric features,
which exhibit non-linear dependencies. Since LR assumes a linear relationship between the input
features and the target variables, it was unable to adequately model the intricate patterns present in
the dataset. Consequently, the LR model showed poor generalization performance and was deemed
unsuitable for making accurate predictions in this context.

After 10 optimization iterations, the RFR model showed worse results than the MLP and Bag
models. A negative value of R? of -1.97 led to exclusion of the model for further investigations. A
negative R? value means that the model performs worse than a trivial model that only uses the mean
value of the target variable as a prediction. Specifically, the model not only does not explain any
variance in the data, but also provides predictions that increase the error variance, which is also
observed in [42]. For RFR, the negative R? values may be attributed to over-complexity in the model,
such as an excessive number of trees or insufficient regularization during hyperparameter tuning.
This caused the model to overfit subtle patterns or noise in the training dataset, which were not
representative of the overall data distribution. In both cases, negative R? values highlight that the
models performed worse than a simple baseline prediction (e.g., predicting the mean of the target
variable). This underscores the importance of carefully balancing model complexity and
regularization during hyperparameter optimization to ensure reliable predictions and robust
generalization.

The SVM model appears to have difficulties in accurately capturing the variability of the URz
and ORz values. The data could be non-linearly separable or have a highly non-linear pattern that
the SVM model does not capture effectively. With a small number of data points, SVM may have
difficulty making robust predictions as it is highly dependent on the number and quality of support
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vectors, also observed in [43]. SVM is sensitive to unscaled input data. If the data has not been
correctly normalized or standardized, this can affect performance. A similar observation was made
in the roughness study of SVM in [44] where the accuracy of 0.56 was also the worst for roughness
predictions. This poor performance can be attributed to several factors inherent to the nature of the
dataset and the characteristics of the SVM model. Firstly, SVM models, especially when used with
non-linear kernels, can struggle with small datasets that have high variability or noise. The limited
number of experimental data points in this study likely led to overfitting during training, where the
model attempted to fit every detail in the data, including noise. This overfitting reduced the model's
ability to generalize to unseen data, resulting in poor test performance. Secondly, the high
dimensionality or complex feature interactions in the dataset may have exacerbated the model's
inability to find an optimal decision boundary. SVM requires careful tuning of hyperparameters such
as the regularization parameter C and the kernel-specific parameters (e.g., gamma for the RBF
kernel). Without sufficient data to guide this tuning process effectively, the model's performance
likely deteriorated further. Lastly, SVMs are sensitive to feature scaling and may fail to perform well
if input features are not properly normalized. Given these challenges, SVM was unable to capture the
intricate relationships in the dataset, resulting in poor predictive accuracy and high error rates,
making it the least effective model for this application.

For the kNN model, a negative R? factor also appeared in the test for URz after 10 trainings. In
addition, a value of 1 and an RMSE of 0 occurred in the training for the R? value of ORz. A negative
R? value indicates that the kNN model's predictions are worse than a simple baseline model. This
suggests that the model fails to capture the patterns in the test data, which may be due to overfitting
to the training data. A R? value of 1 and 0 RMSE indicate that the KNN model memorized the training
data perfectly for ORz. While this may seem ideal, it often signals overfitting, where the model
performs exceptionally well on the training data but struggles to generalize to unseen test data. This
issue arises because the kNN algorithm stores the training dataset and bases predictions on the closest
neighbors. If k is too small (e.g., k=1), the model essentially memorizes the training points, making it
sensitive to noise and unable to generalize well to unseen data. This behavior indicates that the
models were overfitting the training data, leading to a significant loss of generalization ability. For
kNN, this issue likely arose from an inappropriate selection of the number of neighbors (k). Therefore,
the KNN model was not considered further for parameter optimization.

The experimentally measured surface roughnesses are significantly higher than the roughness
values found in the literature due to the overhang angle [45-47]. As shown in [45], the process
parameters have a significant influence on the surface roughness of the components. A comparison
with the recorded measurement data show that the geometry of the inclined walls has a much greater
influence (factor 10) than the parameter variations. The measured values, which act as a data set for
the ML models, also vary considerably. For URz, the variance in the measurement data is notably
lower compared to ORz, which facilitates more effective training and hyperparameter optimization.
The reduced variability allows the model to capture the underlying patterns more reliably, leading
to improved predictive accuracy. After 50 iterations of hyperparameter optimization, the predictions
for URz exhibit higher precision and better alignment with experimental values compared to ORz.
This suggests that the lower variance in the measurement data for URz not only enhances model
training but also contributes to improved generalization performance. In contrast, the higher variance
observed in ORz data likely introduces additional challenges in modeling and optimization, resulting
in less accurate predictions.

The average accuracy of the predictions is defined as:

RMSE

A =1— —o———
verage accuracy STR,. 1)

The accuracy in the test data set for URz is 75.71 %, which makes a prediction possible. For ORz,
the average accuracy is only 39.26 % and an exact prediction is not generally feasible. The MLP model
performed more accurately for the prediction of URz than for ORz based on the evaluation criteria
examined and the predictions of test and training data. The representativeness and size of the training
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dataset are critical for the model's ability to generalize to new data [48]. Since the ORz data is highly
variable and there is only a small amount of data, an accurate prediction is difficult and requires the
input of more data. In addition, even after 50 training sessions, the standard deviation of 20.47 um in
the test case is a power of ten higher than for URz and a prediction is inadmissible. Larger roughness
values may be associated with increased complexity or variability in the underlying physical
processes such as the stair case effect [49,50], making them harder to predict accurately.

The density of the sample geometries was experimentally determined to range between 70 %
and 95 % using the Archimedes method. While this does not meet the typical standards for Metal
Injection Molding (MIM), it falls within the empirically established density range for the Material
Extrusion for Metals (MEX/M) process, as reported in the literature [22]. This suggests that the density
values observed are consistent with the inherent characteristics of the MEX/M process, which is
known to result in slightly lower densities compared to MIM due to differences in processing
parameters and material behavior. The average accuracy of the density predictions in the test dataset
using the Bag model, calculated according to Equation (1), is 97.44%. This indicates that the model
provides highly accurate predictions within the same order of magnitude as the experimental data.
The deviation of only 1.55% compared to the accuracy of [4] for the density prediction underscores
the reliability of the model in capturing the underlying patterns of the dataset. Such a small deviation
highlights the model's robustness and suitability for predicting density in similar experimental
setups.

6. Conclusion

For the MEX/M process, the upskin and downskin surface roughness, along with the density,
were empirically determined as experimental values for various overhang angles. These
measurements provide critical insights into the relationship between geometric features and resulting
material properties, which are essential for optimizing process parameters and achieving desired part
characteristics in MEX/M applications. The experimental data served as the foundation for predicting
the upskin and downskin surface roughness, as well as the density of MEX/M samples. To achieve
this, machine learning models, including LR, RFR, SVM, kNN, MLP, and Bag, were trained on the
dataset. The performance of these models was evaluated using the R? coefficient and RMSE as
metrics. Additionally, prediction plots were analyzed to assess the accuracy and reliability of the
models in capturing the relationships between experimental variables and target properties. The
following findings were obtained from the investigations:

e  The LR model proved to be unsuitable for predicting the upskin and downskin roughness, as
well as the density, due to its low R? values and high RMSE in both training and testing phases.

e The SVM model exhibited the lowest R? value and the highest RMSE among all evaluated
models, making it even less suitable than the LR model for predicting the upskin and downskin
roughness of MEX/M samples.

e The kNN and RFR models demonstrated greater robustness compared to LR, achieving
relatively higher R? values and lower RMSE during initial evaluations. However, after several
iterations of hyperparameter optimization, both models exhibited negative R? values for certain
target variables, particularly in the test phase.

e The MLP model was identified as a strong candidate for predicting the surface roughness
(upskin and downskin) in MEX/M samples. Its suitability stems from its ability to handle
complex, non-linear relationships within the data, which are characteristic of the MEX/M
process. The MLP model's architecture, consisting of interconnected layers of neurons, enables
it to capture intricate patterns and interactions among the input features, making it well-suited
for modeling the variability in surface roughness. Moreover, through proper hyperparameter
optimization, including the adjustment of the number of hidden layers, neurons, activation
functions, and learning rates, the MLP achieved high R? values and low RMSE, demonstrating
its robustness and accuracy in both training and test datasets for URz. Furthermore, an average
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accuracy of only 39 % is too imprecise, so that no predictions can be made for ORz with the
current data set.

e The Bag model was identified as a suitable approach for predicting the density of MEX/M
samples, achieving an average prediction accuracy of 97.44%. This high level of accuracy can be
attributed to the ensemble nature of the Bagging method, which combines multiple base models
to reduce variance and improve robustness.

e An attempt to predict both surface roughness and density within a single model for different
stages of the process chain was not feasible. This limitation can be attributed to the
fundamentally different nature of the target variables and the complex interactions between
process parameters at various stages.

e  Overall, the failure of regression models underscores the necessity of employing more
experimental data and eventually advanced machine learning approaches, such as ensemble
methods or neural networks, which are better equipped to handle non-linear relationships and
complex data structures inherent in additive manufacturing processes.

The results demonstrate that the choice of model and its hyperparameter optimization
significantly influence the predictive accuracy for MEX/M sample properties, providing a robust
framework for future process optimization and design improvements. With the aid of ML models, it
is possible in future to reduce intensive experimental test series and efficiently find suitable material
properties.
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