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Abstract

In this study, experimental measurements of surface roughness were conducted on samples produced using Laser Powder
Bed Fusion, with particular attention to the influence of scanning speed and laser power in both the body and contour
regions. The roughness was evaluated at different heights within the build volume and across multiple surface orientations
relative to the recoater blade. Based on the collected data, a feedforward Artificial Neural Network was trained using
process parameters and geometrical factors (height and angle) as input, and experimentally measured roughness as output.
The trained model achieved high predictive accuracy, with a Pearson correlation coefficient of 0.92 between predicted and
measured values. Using the predictive capabilities of the Artificial Neural Network, it was possible to identify optimized
combinations of process parameters for each combination of height and angle within the build volume. The optimization
led to a significant reduction in surface roughness, lowering the minimum measured Ra (at Height = 15mm and Angle
= 180°) from 5.51um (experimentally obtained) to a predicted 3.46pm under the optimal parameter configuration, and
achieving an average reduction of approximately 19.4% across the other positions.

Keywords Artificial neural networks (ANNs) - Additive manufacturing (AM) - Roughness - Laser powder bed
fusion (LPBF) - Metal matrix composite (MMC) - Machine learning (ML)

1 Introduction

Laser Powder Bed Fusion (LPBF), a prominent additive
manufacturing technique, offers design flexibility and abil-
ity to produce complex geometries directly from digital
models. However, surface quality remains a critical chal-
lenge that influences mechanical performance, fatigue life,
and post-processing requirements of LPBF parts. Among
the various surface features, surface roughness has gar-
nered significant research attention due to its implications
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for dimensional accuracy, mechanical properties, and func-
tional performance.

The formation of surface roughness in LPBF is intrinsi-
cally linked to a multitude of process parameters, including
laser power, scanning speed, hatch distance, layer thickness,
and powder characteristics. As laser energy interacts with
the powder bed, complex thermal and fluid dynamic phe-
nomena emerge, such as Marangoni convection, recoil pres-
sure, melt pool instability, and balling effect, all of which
contribute to the resultant surface texture [1]. Higher laser
powers generally flatten the melt pool and enhance wettabil-
ity, thereby reducing both top and side roughness [2]. Con-
versely, insufficient energy input or overly rapid scanning
can induce poor fusion and irregular melt pool geometries,
leading to rough and porous surfaces [3].

Furthermore, the role of powder layer thickness and par-
ticle morphology is relevant. Thick powder layers or poorly
packed powders exacerbate porosity and increase the effec-
tive roughness due to incomplete melting and stair-stepping
effects [4]. Surface roughness is also anisotropic (typically
lower on the top surfaces compared to the sides) due to
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differences in thermal gradients and solidification condi-
tions during layer-by-layer construction [5].

Beyond experimental observations, computational
fluid dynamics (CFD) and volume of fluid (VoF) simula-
tions have explained the transient behaviors of melt pool
dynamics and surface formation, offering valuable insights
into parameter optimization strategies [1]. Research efforts
are increasingly focused on multiscale modeling, adaptive
process control, and hybrid manufacturing strategies. Con-
tinued exploration of the interplay between process param-
eters and surface morphology is crucial for advancing LPBF
towards more reliable and ready for application production
technologies [6].

Machine learning (ML) has emerged as a key enabler for
addressing the challenges associated with metal additive
manufacturing (AM), such as process complexity, material
development, post-processing, and quality consistency [7].
By analyzing complex relationships between process param-
eters and material responses, ML supports the prediction of
key mechanical properties, such as tensile strength, yield
strength, and fatigue resistance—and enables optimization
of both printing and post-processing conditions [8—11]. This
leads to reduced experimental efforts, improved component
quality, and accelerated industrial implementation of AM.

Among the most commonly used ML methods are
regression analysis, artificial neural networks (ANNSs), sup-
port vector machines (SVM), genetic algorithms, reinforce-
ment learning, decision trees, and Bayesian approaches [10,
12]. Their integration into AM typically follows a structured
workflow, starting from data collection and preprocess-
ing, followed by model selection, training, validation, and
deployment for real-time monitoring, adaptive control, and
predictive maintenance [13, 14].

Particularly, ANNs have proven effective in capturing
nonlinear interactions in complex manufacturing processes,
enabling accurate property prediction and process param-
eter optimization [15, 16]. Feedforward neural networks
(FNNs) are frequently employed for these tasks, where data
flows from the input to the output layer through hidden lay-
ers, allowing the network to learn functional dependencies
without requiring explicit physical models. Model perfor-
mance depends on architecture, activation functions, train-
ing algorithms, and data quality [16, 17]. Establishing the
optimal configuration of these factors for a ANN remains
a challenging task [17]. One of the most critical challenges
in training ANNS is the risk of overfitting, a phenomenon
where the model performs extremely well on the train-
ing data but fails to generalize to unseen data. Overfitting
typically arises when the model has too many parameters
relative to the amount of training data, enabling it to memo-
rize noise and spurious correlations instead of learning the
underlying functional relationships [15, 18] .
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In recent years, surface roughness prediction in additive
manufacturing (AM) has received growing attention, par-
ticularly through the integration of machine learning and
deep learning (DL) techniques. Batu et al. [19] presented
a comprehensive review of Al approaches for surface
roughness prediction in AM, highlighting the superior-
ity of ML models over conventional statistical methods
due to their ability to handle nonlinear relationships and
large datasets. Muhammad et al. [20] developed a deep
learning framework for predicting the surface roughness
of LPBF AlSil0OMg specimens, achieving high accuracy
with errors below 5% when compared to experimental
measurements. Their approach accounted for both process
parameters (laser power, scanning speed, and layer thick-
ness) and geometric location. Alamri et al. [21] compared
five ML algorithms (artificial neural networks, support
vector regression (SVR), kernel ridge regression (KRR),
random forest (RF), and Lasso regression) for predict-
ing porosity, hardness, and surface roughness in LPBF
AlSil0Mg alloys, demonstrating that ANN and RF pro-
vided the most accurate results. Koo et al. [22] proposed
a predictive framework based on SVR, RF, and multilayer
perceptron (MLP) models to estimate downskin roughness
in CM247LC components, using input variables such as
laser power, scanning speed, hatching distance, and over-
hang angle, and achieving a coefficient of determination
R? =0.93%. Similarly, Islahudin et al. [23] developed
an ML driven optimization model for Ti6Al4V, achieving
R? = 0.97% and a mean squared error of 0.1383, thereby
demonstrating that ML based frameworks can effectively
support surface quality prediction and optimization in AM
processes.

1.1 Aims

Surface roughness in LPBF is strongly affected by key pro-
cess parameters, particularly laser power, scanning speed,
and hatch distance, which together define the energy den-
sity [24-29]. Higher laser power generally reduces rough-
ness by stabilizing the melt pool and improving layer
bonding, while excessive power may cause defects such
as porosity [30]. Scanning speed plays a dual role: lower
speeds enhance melting and surface smoothness, whereas
higher speeds increase roughness due to incomplete fusion
or spattering [24, 31]. Hatch distance also critically influ-
ences roughness; smaller values improve track overlap but
may cause heat accumulation, while larger ones reduce
overlap and prevent excessive remelting [32]. Optimizing
energy density is therefore essential to ensure stable melt
pool behavior and minimize surface defects [27]. Although
results vary across studies due to differences in materi-
als and conditions, achieving balanced laser parameters
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Fig. 1 Cul74PH8020 metal matrix composite micrography with

respect to plane xy
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Fig. 2 Geometry of the prismatic specimens used for surface rough-
ness measurements

remains key to minimizing roughness in copper and copper
alloy LPBF systems [29, 33]. Thermal gradients along the
build height could affect microstructure and residual stress,
leading to variations in surface roughness at higher levels
[34, 35]. Additionally, the angular orientation relative to the

recoater blade could affect local powder distribution, influ-
encing surface roughness uniformity.

Building on these findings, the present study aims to pre-
dict the effect of processing parameters on the surface rough-
ness of Cul74PH8020 specimens manufactured by LPBF.
Specifically, the effects of the body laser power (LPb), body
scanning speed (SSb), contour laser power (LPc), contour
scanning speed (SSc), together with the geometrical factors
of build angle and height, were analyzed along with their
interactions. In particular, an ANN will be trained using data
obtained from surface roughness measurements. Several
model architectures will be tested, and the trained network
will then be used to identify process parameter combina-
tions, outside the scope of those physically tested, that are
expected to minimize surface roughness.

The remainder of this paper is structured as follows:

e Section 2 describes the materials and methods applied in
the experimental campaign, including the manufactur-
ing parameters and data acquisition procedures.

e Section 3 presents and discusses the main results, high-
lighting the predictive performance of the neural net-
work model and the optimization outcomes.

e Section 4 provides the conclusions and outlines future
developments.

e Publisher’s Note, Funding, and Declarations reports, in-
cluding author contributions and acknowledgments.

2 Materials and methods

The material investigated in this study is Cul74PH8020,
which was fabricated mixing 80% of pure copper and 20%
of 17-4 PH maraging steel. The process involved to manu-
facture the specimens is the additive LPBF process. The
production of the samples was carried out using a Concept
Laser M2 machine equipped with a red laser. The result-
ing material can be classified as a metal matrix composite,
featuring a copper matrix embedded with discrete islands of
17-4 PH steel. In addition to these distinct phases, interme-
diate regions characterized by partial mixing of the two con-
stituents were also observed. An example of a representative
micrograph is shown in Fig. 1, acquired from the xy plane
of a a specimen manufactured using the following process
parameters: LPb = 280W, SSb = 800mm/s, LPc = 180W,
and SSc = 400mm/s.

A total of 48 prismatic specimens were produced, each
fabricated with a distinct set of process parameters.The
specimens are prismatic with a base of 5 mm x 7 mm and a
height of 70 mm (Fig. 2).

Specifically, the laser power and scanning speed were
systematically varied for both the contour and the body

@ Springer
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Table 1 Process parameters for each specimen

ID Body Parameters Contour Parameters 1D Body Parameters Contour Parameters
LP SS LP SS LP SS LP SS
(W] [mm/s] W] [mm/s] (W] [mm/s] W] [mm/s]
1.1 140 300 5.1 140 300
1.2 180 300 52 180 300
1.3 180 400 53 180 400
1.4 220 800 180 500 54 250 900 180 500
1.5 220 400 5.5 220 400
1.6 220 500 5.6 220 500
2.1 140 300 6.1 140 300
2.2 180 300 6.2 180 300
2.3 180 400 6.3 180 400
2.4 250 800 180 500 6.4 280 900 180 500
2.5 220 400 6.5 220 400
2.6 220 500 6.6 220 500
3.1 140 300 7.1 140 300
32 180 300 7.2 180 300
33 180 400 7.3 180 400
34 280 800 180 500 7.4 250 1000 180 500
35 220 400 7.5 220 400
3.6 220 500 7.6 220 500
4.1 140 300 8.1 140 300
4.2 180 300 8.2 180 300
43 180 400 8.3 180 400
4.4 220 900 180 500 8.4 280 1000 180 500
4.5 220 400 8.5 220 400
4.6 220 500 8.6 220 500
Table 2 Constant parameters combinations of contour parameters , leading to a total of
Fusion strategy Island (5 mm length) 48 process parameter sets (see Table 1) used for the speci-
Layer thickness [mm)] 0,03 men production. For completeness, the process parameters
Hatch distance [mm] 0,105 held constant across all specimens are summarized in Table
Spot size [mm] 0,15 2. The process parameters were carefully selected based on
Overlap factor (body) [-] 0,7

Beam compensation (contour) [mm)] 0,075

regions of the samples. This was done to assess the influ-
ence of each parameter on surface roughness as well as their
interaction effects. This experimental design resulted in 8
different combinations of body parameters and 6 distinct

Fig. 3 Photo (on the left) and 2D

representation (on the right) of the
samples used in this study

@ Springer

prior knowledge of the LPBF process on similar materials
[36, 37], in order to cover a representative range of process-
ing conditions while maintaining experimental feasibility.
In Fig. 3, the printing platform is shown, the specimens of
interest are highlighted with a red dashed line (Fig. 3 right).
The remaining geometries visible on the printing platform
were produced as part of a broader experimental campaign
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and were used in a separate study focused on the charac-
terization of hardness, thermal conductivity, porosity, and
microstructural analysis [38].

From [38], no significant variations in material properties
were observed across different regions of the build volume;
therefore, surface roughness was assumed to remain consis-
tent throughout the printing volume in this study.

Figure 4 presents a schematic illustration of the method-
ology adopted in this study, which integrates an Artificial
Neural Network (ANN) model with a systematic sequential
model adjustment and evaluation procedure. The workflow
includes a sequential model adjustment to ensure the iden-
tification of the best-performing predictive model for Ra
estimation.

The methodology can be summarized as follows:

e Dataset collection: Experimental data were gathered
from printed samples considering different process pa-
rameters and geometrical configurations.

e Data normalization: All input and output variables
were scaled to improve ANN training efficiency.

e Dataset partitioning: The dataset was divided into
training, validation, and testing subsets to assess model
generalization.

e Initial ANN training: A base ANN model was trained
to establish a preliminary performance benchmark.

e Sequential model adjustment: The ANN model was
refined through:

— Variation of the training algorithm;

— Adjustment of the number of neurons and hidden
layers;

— Selection of different activation functions.

e After each step, models were evaluated using statistical
performance metrics, and the optimal configuration was
selected.

Collect
dataset

Divide
dataset

Normalize
dataset

e Sensitivity analysis: Conducted to evaluate the influ-
ence of each input variable on the predicted surface
roughness.

e Ra minimization: The trained ANN was used to iden-
tify the optimal set of process parameters for minimiz-
ing surface roughness.

This sequential approach was selected because it allows
clearer interpretation of the influence of each hyperpa-
rameter on model performance and helps avoid excessive
computational cost associated with exhaustive search or
automated optimization algorithms. The adopted strategy
was deemed appropriate for this study since it ensures good
performance while maintaining transparency and interpret-
ability of the process.

2.1 Experimental setup and physical results

Roughness measurements were performed using a tactile
linear RPT-80 roughness-meter. Specifically, for each of
the 48 samples, measurements were conducted at three dif-
ferent heights and for three different orientations (Fig. 5),
resulting in a total of 432 distinct surface roughness val-
ues. Specifically, each surface roughness measurement was
repeated three times, and for the purposes of this study, the
average of the three values was considered as the reference
measurement.

A convention was adopted to define the measurement
points based on height and angular orientation.

Specifically, three different heights were considered
along the vertical direction of the sample (z build direction),
corresponding to:

e 15 mm for the lowest region (closest to the base);
e 35 mm for the middle region;
e 55 mm for the upper region (farthest from the base).

Ra
Minimization

Sensitivity
Analysis

Sequential model adjustment

A

Model
evaluation and
comparison
->Select
optimal model

Train ANN with
different
number of
neurons and
hidden layer

Train ANN with

different
Training
Algorithm

Fig.4 Schematic illustration of the methodology adopted in this study

Model
evaluation and

Model

Train ANN with :
evaluation and

different

comparison
->Select
optimal model

comparison
->Select
optimal model

activation
function
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Fig. 5 Schematic representation of the experimental setup, showing
the measured area with respect to height and the orientation of the
samples’ faces

In terms of angular orientation around the specimen perim-
eter (in the xy plane), three reference angles were used:

e (°, aligned with the blade movement direction;
e 90°, perpendicular to the blade movement direction;
e 180°, opposite to the O°reference.

All physical measurements are reported in Appendix A,
Table 11.

2.2 Predictive modeling using ANNs

In this study, a feedforward ANN was implemented using
MATLAB fitnet [39] function to predict surface rough-
ness (Ra) based on six of the parameters (LP, SS of body
and contour, angle and height).

To improve training efficiency and numerical stabil-
ity, input and target data were normalized using MATLAB
mapminmax function [40]. This function performs a linear
transformation that maps the original data into the interval
[—1, 1], using the following formula [40]:

T — Tmin

Yy = (ymax - ymin) : + Ymin (l)

Lmax — Lmin
where:
e x is the original input value,
® ,,i, and X,y are respectively the minimum and maxi-

mum values of the input data,
e yis the normalized output value,

@ Springer

®  Ymin and yYmax are the lower and upper bounds of the
normalized output range.

The reason for normalizing the data is that, in a classifi-
cation task, different attributes may span vastly different
numerical ranges. Attributes with larger ranges can dispro-
portionately influence the model’s output, not because they
are more relevant, but simply due to their higher magnitude
of values [41]. Min—-Max normalization is a widely recog-
nized technique for preprocessing input data in feedforward
artificial neural networks. Chepino et al. [42] demonstrated
a significant improvement in classification accuracy (up to
25%) when applying Min—Max normalization compared to
using raw data. Similarly, Nawi et al. [43] found that this
normalization technique leads to faster model convergence
and better overall performance than other preprocessing
methods such as Z-score and median normalization across
multiple benchmark datasets. According to Sinsomboon-
thong [41], eight normalization techniques were systemati-
cally compared across six benchmark datasets to evaluate
their influence on artificial neural network performance.
The investigated methods included Min-Max, Z-score,
Decimal Scaling, Statistical Column, Adjusted-1 Min—Max,
Adjusted-2 Min—Max, Modified, and Column normaliza-
tion. Among these, the Min—Max method achieved the
highest mean classification accuracy (84.0%) and the low-
est mean squared error (MSE = 0.1097), demonstrating its
superior performance and stability in ANN-based learning
tasks.

After prediction, the network output was de-normalized
using the inverse transformation. This ensures that the pre-
dicted values are converted back to the original scale of the
target data. The available dataset was randomly partitioned
into three subsets: 75% for training, 15% for validation,
and 15% for testing. This division ensures that the model
is trained on the majority of the data, while validation is
used to monitor generalization performance and prevent
overfitting, and the test set is reserved for final performance
evaluation.

2.2.1 Network architecture

A sequential model adjustment approach was adopted for
the development of the ANN model. Initially, a feedforward
ANN with a single hidden layer comprising 10 neurons was
constructed. The activation function applied to each hidden
neuron was the default hyperbolic tangent sigmoid function
(tansig) , defined as [44]:

1 1
14—) B @

tanh(z) = 2- (
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This nonlinear activation introduces the capacity to model
complex, nonlinear relationships within the input data. The
output layer employed a linear activation function (purelin)
[45]:

f(z) = px 3)

where p is the hyperparameter. It is appropriate for continu-
ous regression tasks, allowing the network to produce out-
puts with real value.

The operation of the network can be mathematically
described as follows [46]:

h = f(l) (W(l) -X 4+ b(l)) (4)
§=W® h4+p? (%)

where x is the input vector, h is the hidden layer output, w®
and b are the weight matrices and bias vectors for layer
i, and f1) is the activation function of the hidden neurons.

In addition to tansig, the effect of using the logarithmic
sigmoid activation function (logsig) was also evaluated on
the best performing architecture. The logsig function is
defined as [44]:

Fig. 6 Initial network diagram represent- Input
ing the baseline architecture used for
sequential model adjustment

9 10/
( i Output
w b
)
|
\_ | Y

1
l+e®

logsig(z) = (6)

The maximum number of training epochs was set to 1000,
ensuring sufficient iterations for convergence of the learning
algorithm.

Figure 6. shows the network diagram of the baseline
configuration used in the first step of the sequential model
adjustment process.

The learning process was guided by the minimization of
the Mean Squared Error (MSE) loss function, defined as
[47]:

n

MSE = % > (i — ) (7

i=1

where y; is the true target value, g; is the network’s predic-
tion, and 7 is the total number of samples.

The MSE penalizes larger errors more heavily and pro-
vides a smooth, differentiable loss landscape, making it suit-
able for gradient based optimization methods.

2.2.2 Training algorithm

Based on the initial architecture, A range of training algo-
rithms were implemented and evaluated, and the one achiev-
ing the best performance was selected for further analysis.
The algorithms employed are:

1. Levenberg-Marquardt (trainlm) [48—50];

2. Bayesian Regularization (trainbr) [50-52];

3. BFGS (Broyden—Fletcher—Goldfarb—Shanno) Quasi-
Newton (trainbfg) [53, 54];

4. Resilient Backpropagation (trainrp) [55, 56]

5. Scaled Conjugate Gradient (trainscg) [50, 57]

6. Conjugate Gradient with Powell/Beale
(traincgb) [58];

7. Fletcher-Powell Conjugate Gradient (traincgf) [59];

8. Polak-Ribiére Conjugate Gradient (traincgp) [60];

9

1

Restarts

. One Step Secant (trainoss) [61, 62];
0. Variable Learning Rate Gradient Descent (traingdx)
[63, 64];
11. Gradient Descent with Momentum (traingdm) [65, 66];
12. Gradient Descent (traingd) [67, 68].

Once the optimal training algorithm was identified, fur-
ther experiments were conducted to assess the influence of
architectural variations. In particular, the effect of changing
the number of neurons in the hidden layer, as well as adding
additional hidden layers, was systematically investigated.

@ Springer
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Several network configurations were implemented by
varying the number of neurons and the depth of the archi-
tecture. The goal was to explore the model capacity to cap-
ture complex data patterns while evaluating the trade-off
between accuracy and computational complexity.

Table 3 lists the parameters used to define the ANN
architecture, including the number of neurons, hidden lay-
ers, activation functions, and optimization algorithms, all
of which were considered as variable during the evaluation
process.

2.2.3 Model evaluation and comparison

Each configuration was trained under the same data parti-
tioning and training conditions, and its performance was
evaluated using the following regression metrics:

Mean Squared Error (MSE) Measures the average squared
difference between observed and predicted values [69, 70]
(defined by Eq. 7).

Root Mean Squared Error (RMSE) Square root of the MSE,
providing an error measure in the same units as the output
[71,72]:

RMSE = ®)

Mean Absolute Error (MAE) Average of the absolute differ-
ences between predictions and actual values [71, 72]:

N
L )
MAEfN;yi—yA )

Table 3 Initial set of tunable parameters for ANN configuration

Parameter Value

Number of hidden layers 1-3

Neurons in 10-30

the hidden layers

Activation function tansig or logsig
(hidden layer)

Activation function Linear (purelin)
(output layer)

Maximum number 1000
of training epochs
70% training

Data set partition 15% validation

15% test
Loss function Mean Squared Error (MSE)
Training algorithm Variable
Maximum number 2

of validation failures

@ Springer

Coefficient of Determination (R?)

Indicates the proportion of variance in the dependent
variable that is predictable from the independent variables
[71,72]:

SN (i — 9)?
SN (yi — )

Pearson Correlation Coefficient (r) Measures the linear cor-
relation between the predicted and actual values. A value
close to +1 or -1 indicates a strong linear relationship
between the variables [73]:

R*=1- (10)

L_cov(w.d) _ (- 9 — ) ;
%y Zle(yz - §)2 Z;L:l(?:/z - 5)2 ( )

where y are the observed values, i are the predicted val-
ues, o is the standard deviation of the observed values, o
is the standard deviation of the predicted values, cov(y, §)
is the covariance between the observed and predicted
values, y; is the observed value at the i-th observation, ;
is the predicted value at the i-th observation, y is the mean
of the observed values, and 1) is the mean of the predicted
values.

These metrics provided a comprehensive evaluation of
the predictive accuracy, error magnitude, variance expla-
nation, and linear correlation for each model configuration.
The best performing models were selected based on a bal-
ance between low prediction error and high generalization
capability.

Overfitting Evaluationvia ApssE

To quantitatively assess the presence of overfitting, the
percentage variation between the MSE on the training and
validation sets was computed as:

MSEvai ation — MSE rain
Ansp(%) = l;\ljSE ‘ train 100
train

(12)

A large positive value of A s indicates that the model
performs significantly worse on unseen data, which is a
typical sign of overfitting. Conversely, values close to zero
suggest consistent generalization, while negative values
may point to data variance or underfitting. This metric was
used alongside validation performance monitoring to iden-
tify and discard models with poor generalization ability.

In addition, to further mitigate overfitting, the maximum
number of validation failures was set to 2 by configuring the
parameter net.trainParam.max fail = 2. This
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setting activates an early stopping mechanism that halts
the training process if the validation performance does not
improve for 2 consecutive iterations, thereby preventing
the model from continuing to learn patterns specific to the
training set.

2.3 Permutation feature analysis

To assess the relative influence of each input parameter
on the predicted surface roughness, Permutation Feature
Importance (PFI) was employed. PFI is a method that quan-
tifies the importance of a feature by measuring the increase
in prediction error when its values are randomly permuted,
thereby disrupting its relationship with the target variable
[74-76].

The baseline prediction error is computed on the unshuf-
fled dataset as [74, 75]:

Lomse = = 3 L (51, fx) (13)
i=1

where f(-) denotes the trained predictive model (in this study
is ANN), X = [xy,...,%,] | € R?*? is the original input
matrix with 7 samples and p features, and y = [y1, ..., yn] "
the vector of ground truth outputs. £(y, §) denote a generic
loss function, in this study is adopted the MSE (Eq. 7).

To assess the importance of feature j, the values in column
j of X are randomly permuted to generate a modified dataset

X", and the new predictions are given by ) = f (X)),

The prediction error for this permuted dataset is [74, 75]:

, 1 < ,

LG = = 32 £ (S 7)) (14)
i=1

The importance score of feature j is calculated as the

increase in loss caused by the permutation of that feature,

that is, the difference between the loss on the permuted data

Effgrm and the original baseline loss Lpasec.

To obtain a robust estimate, the permutation is repeated
K times and the average importance score is computed as
[74, 75]:

K
PFIV) = % 3 (z:ggm . Lbase) (15)
k=1

In this study, the MSE was used as the loss function £ to
evaluate the prediction accuracy of the trained ANN for
surface roughness. To compute PFI, each input feature

was randomly permuted K = 100 times, and the average
increase in MSE was recorded. The input matrix X included
six variables: LPb, SSb, LPc, SSc, angle and height. The
output vector y contained the corresponding experimental
Ra values.For each feature j, the score PFIY) quantifies
how much the model’s performance deteriorates when the
feature’s information is destroyed. High PFI values indicate
strong influence on the prediction, while low values suggest
minor relevance. This analysis allows ranking the process
parameters based on their impact on Ra, supporting process
understanding and optimization in LPBF.

2.4 AM parameters optimization for Ra
minimization

During the optimization phase, the geometrical parameters
Height and Angle were considered as fixed categorical
inputs, representing distinct areas of the building volume.
For each unique combination of these two parameters, a
separate optimization problem was solved.

The remaining four variables (LP body, SS body, LP
contour, SS contour) were treated as continuous decision
variables, subject to lower and upper bounds derived from
the original dataset. These variables were allowed to vary
within the specified bounds in order to minimize the pre-
dicted surface roughness Ra, as estimated by the trained
ANN model.

From a practical standpoint, this was achieved by filter-
ing and grouping the dataset according to the geometric
parameters (Height and Angle). Each group represents a
specific combination of these two parameters, correspond-
ing to a distinct region of the build volume. Once the data
were structured in this way, the optimization was performed
separately for each group, by varying the four process
parameters (LPb, SSb, LPc, SSc) within their respective
bounds to minimize the predicted Ra.

The MATLAB fmincon [77] solver was used to mini-
mize the predicted Ra from the trained ANN model by opti-
mizing the selected process parameters within predefined
bounds. The optimization problem is formulated as [77, 78]:

min f(z) subject to b <z <ub (16)

where f{x) is the objective function corresponding to the Ra
value predicted by the neural network, x € R™ is the vec-
tor of decision variables (LPb, SSbody, LPc, SSc), and 1b,
ub represent the lower and upper bounds for each variable,
respectively. The bounds were defined based on the mini-
mum and maximum experimentally tested values to ensure
a physically meaningful search domain.

The optimization was performed using the Sequential
Quadratic Programming (SQP) algorithm implemented in
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the fmincon solver, which iteratively refines a quadratic
approximation of the objective function and updates the solu-
tion until convergence to a local minimum is achieved [78].

For each fixed pair (Height, Angle), the solver searched
the feasible space of the continuous inputs to identify the
combination that yielded the lowest predicted Ra value,
within the specified constraints. The optimization search is
therefore carried out individually for each specific combina-
tion of height and angle. This makes it possible to identify
distinct process parameter combinations for different regions
of the build space, which may lead to different surface qual-
ity outcomes depending on the local geometric conditions.
In this way, the method provides the basis for a spatially
adaptive process strategy, where the optimal parameters can
vary according to the position within the part.

3 Results and discussion
3.1 Neural network

Table 4 presents the performance comparison of various
ANN training algorithms based on standard regression met-
rics, including MSE, RMSE, MAE, R?, and the percentage
variation of MSE on the validation set.

Among all the tested algorithms, Bayesian Regulariza-
tion yielded the most promising results, achieving the low-
est MSE (4.6338), RMSE (2.1526), and MAE (1.6457),
along with the highest R? value (0.7726), indicating the
best predictive accuracy. Additionally, it exhibited a nega-
tive Aypse (%) on validation (-6.27%), which may suggest a
slight underfitting, as the model performs marginally better
on the validation data than on the training set. In addition to
Bayesian Regularization, the Levenberg—Marquardt algo-
rithm also demonstrated strong predictive performance in
estimating surface roughness Ra. These findings are in line

Table 4 Regression metrics, training algorithm comparison

with those reported by Jaksi¢ et al. [79], where Bayesian
Regularization, Levenberg-Marquardt, and Scaled Conju-
gate Gradient were identified as the most effective training
algorithms.

Based on these results, Bayesian Regularization was
selected as the optimization algorithm for further investi-
gation. Subsequently, the effect of varying the number of
hidden layers and the number of neurons per layer was stud-
ied, while keeping the training algorithm fixed. The results
of performance metrics of several ANN architectures are
reported in Table 5.

Among all configurations tested, the architecture com-
prising a single hidden layer with 30 neurons yielded the
most optimal results, with the lowest MSE (3.187), RMSE
(1.7852), MAE (1.4254) and the highest determination
coefficient R? (0.8436). This configuration indicates a well
generalized model with minimized prediction error. Increas-
ing the number of neurons to 40, while still maintaining a
single hidden layer, resulted in a slight degradation in per-
formance (e.g., increased MSE and RMSE). Similarly, the
introduction of a second or third hidden layer (with 10 or 20
neurons) led to architectures with comparable but generally
inferior performance metrics. Although some of these mul-
tilayer configurations approached the performance of the
single layer, 30 neurons model, they consistently exhibited
higher MSE, RMSE, and MAE, along with a reduction in
R2. In addition, a noticeable increase in Aysg was observed
in deeper architectures, further supporting the hypothesis of
overfitting risk when increasing model complexity beyond
the optimal configuration.

To investigate the impact of the activation function, an
additional test was performed on the optimal architecture
(single hidden layer with 30 neurons) using the logarith-
mic sigmoid function (logsig). The results of Table 6 dem-
onstrated a marked deterioration in performance: MSE
increased to 6.7489, RMSE increased to 2.5979, MAE

Algorithm MSE RMSE MAE R? Anse(%) r
Levenberg-Marquardt 4.8896 22112 1.6926 0.7601 14.1428 0.87
Bayesian Regularization 4.6338 2.1526 1.6457 0.7726 -6.2681 0.88
BFGS Quasi-Newton 9.7636 3.1247 2.4651 0.5209 19.2482 0.72
Resilient Backpropagation 5.1513 2.2696 1.7255 0.7472 -1.928 0.86
Scaled Conjugate Gradient 11.0778 3.3283 2.7576 0.4564 6.454 0.68
Conjugate Gradient with Powell/Beale Restarts 7.5402 2.7459 2.1423 0.63 -4.7037 0.8
Fletcher-Powell Conjugate Gradient 9.2118 3.0351 2.3299 0.548 10.8467 0.74
Polak-Ribiére Conjugate Gradient 11.1785 3.3434 2.6294 0.4515 1.3989 0.67
One Step Secant 12.5465 3.5421 2.7957 0.3843 -16.6291 0.64
Variable Learning Rate Gradient Descent 8.6409 2.9395 2.3547 0.576 13.386 0.76
Gradient Descent with Momentum 10.0144 3.1645 2.4577 0.5086 38.5437 0.72
Gradient Descent 10.999 3.3165 2.6588 0.4603 26.827 0.68
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Table 5 Regression metrics, number of neurons and hidden layer comparison with fixed Bayesian Regularization algorithm
- - - 2
Hidden Hidden Hidden MSE RMSE MAE R Anse (%) r
L.1 L.2 L.3
Number of neurons 10 0 0 4.6338 2.1526 1.6457 0.7726 -6.2681 0.88
20 0 0 6.5217 2.5538 1.9443 0.68 26.7061 0.82
30 0 0 3.187 1.7852 1.4254 0.8436 -1.6882 0.92
40 0 0 3.2287 1.7969 1.4147 0.8416 15.4952 0.92
10 10 0 3.6698 1.9157 1.4813 0.8199 59.0568 091
20 10 0 5.3295 2.3086 1.742 0.7385 -28.6441 0.86
30 10 0 3.6673 1.915 1.4629 0.82 30.1469 0.91
30 20 0 3.2271 1.7964 1.3626 0.8416 42.8594 0.92
30 10 10 3.944 1.986 1.5637 0.8065 20.9209 0.90
30 20 10 4.0835 2.0208 1.5285 0.7996 28.9391 0.90
Table 6 Regression metrics, activation function comparison
Act. Fun. MSE RMSE MAE R? Awsg (%) r
tansig 3.187 1.7852 1.4254 0.8436 -1.6882 0.92
logsig 6.7489 2.5979 1.9558 0.6688 1.2216 0.82
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Fig. 7 Graphical comparison of neural network performance across multiple configurations

reached 1.9558, and R? decreased to 0.6688. This com-
parison highlights the importance of the choice of activa-
tion function and confirms that, for the present dataset and
regression task, tansig is more effective than logsig.

Figure 7 presents a comprehensive comparison of net-
work configurations in terms of the Pearson correlation
coefficient (7, right y-axis) and AMSE_,, (left y-axis). The
x-axis is divided into distinct sections, each corresponding

to a specific aspect of the neural network architecture or
training strategy. In the first section, the impact of the train-
ing algorithm is assessed. Here, the architecture is charac-
terized by a single hidden layer composed of 10 neurons. As
shown, performance varies significantly depending on the
algorithm employed. Notably, the Bayesian Regularization
algorithm (trainbr) yielded one of the lowest AMSE,
values (-6.27%) and one of the highest R values (0.88).
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Table 7 Main parameters of the ANN used for surface roughness Ra

prediction

Parameter Value

Number of hidden layers 1

Neurons in 30

the hidden layer

Activation function Hyperbolic

(hidden layer) tangent sigmoid (tansig)
Activation function Linear (purelin)

(output layer)

Maximum number 1000

of training epochs
Data set partition 70% training

15% validation

15% test

Loss function Mean Squared Error (MSE)
Training algorithm Bayesian Regularization
Maximum number 2

of validation failures

The following three sections explore the influence of the
network architecture using Bayesian Regularization as the
fixed training algorithm. In the second section, the number
of neurons in the first hidden layer is varied from 20 to 40.
The configuration with 30 neurons (labelled as 30 0 0)
achieved the best overall performance, with the lowest A
MSE,,; (-1.69%) and the highest R (0.92). In the third and
fourth sections, the number of hidden layers is increased to
two and three, respectively. Various combinations of neu-
rons were tested, and while some of the multilayer archi-
tectures produced acceptable results, none surpassed the
performance of the single-layer configuration with 30 neu-
rons. In addition, several configurations exhibited high posi-
tive AMSE,,, values, indicative of potential overfitting and
reduced generalization capability. The final section inves-
tigates the effect of the transfer function. Specifically, the
logsig function was applied to the previously optimal
configuration (30_0_0), replacing the standard tansig.
To facilitate visual comparison, the corresponding data
points for 1ogsig and tansig are connected by a green
dashed line.
Overall, the results show that:

e The choice of training algorithm substantially influences
the generalization ability, with Bayesian Regularization
offering the best balance between low validation error
and high correlation.

e Increasing the number of neurons in a single hidden
layer improves model accuracy up to a certain point, be-
yond which performance plateaus or deteriorates;
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e Adding more hidden layers does not necessarily lead
to better performance and may increase the risk of
overfitting;

o The tansig transfer function outperforms 1ogsig in
this specific application, confirming its suitability for the
neural network configuration adopted.

The parameters ultimately selected for the ANN, based on
the performance evaluations described above, are reported
in Table 7. A schematic illustration of the ANN architecture
is presented in Fig. 8.

The regression plots for the training, validation, and test
sets are shown in Fig. 9. The predicted outputs are plotted
against the actual target values. In an ideal case, all data
points would lie along the 45°line, indicating a perfect pre-
diction. The quality of the regression was assessed using the
Pearson Correlation Coefficient » for each subset. The 7 val-
ues obtained are 0.923 for the training set, 0.919 for the vali-
dation set, and 0.896 for the test set. These values are very
close to each other, indicating that the network is able to
generalize well to unseen data without signs of overfitting.
The overall correlation coefficient, calculated for the entire
dataset, is 7 = 0.918, further confirming the robustness and
stability of the trained model in all data partitions.

Figure 10 illustrates the MSE performance of the neu-
ral network during training. The network achieved its
best validation performance at epoch 35, with an MSE of
0.026867. The convergence trend indicates consistent error
reduction across training, validation, and test sets, with
no significant overfitting. For the test dataset, the MSE
slightly increases from epoch 32 (MSE=0.0310) to epoch
35 (MSE=0.0332), corresponding to an approximate rise
of 7%, which may indicate the onset of mild overfitting;
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Fig.9 Regression plots showing

the correlation between predicted
and target Ra values for training,
validation, test, and overall datasets
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however, this variation remains within an acceptable range
for good generalization.

This suggests a well-generalized model capable of main-
taining predictive accuracy on unseen data.

Figure 11 shows the comparison between the observed
and predicted surface roughness values Ra in all samples.
The blue circles represent the observed values, while the
red crosses indicate the predicted values obtained from the
model. The close alignment between the two trends demon-
strates good predictive performance.

3.2 Permutation feature importance

Figure 12 shows the computed PFI for each input variable
in predicting surface roughness, as measured by the average
increase in MSE after permutation.

Among all process parameters, the contour laser power
and scanning speed exhibited the highest influence on
surface roughness prediction, with respectively AMSE
approaching 42um? and 23um?. This highlights the key
role of contour processing in determining the final surface
finish, especially at the external boundaries of the part.

Other significant contributors include the scanning speed
in the body region and the angle, with AMSE values around
10pm? and 11um?, respectively. The laser power in the
body region and the build angle show moderate influence,
while build height was found to have the lowest impact on
the predicted roughness.

The body laser power and height were found to have the
lowest impact on the predicted roughness with respectively
AMSE 5pm?and 4m?

w w B S a
o (3] o o o

AMSE [pm?]
N
[¢;]

LPb SSb LPc SSc Angle
Feature

Height

Fig. 12 Permutation Feature Importance based on the average MSE
increase
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These results are consistent with the physical understand-
ing that contour parameters govern the quality of external
surfaces more directly than internal process variables.

The influence of process parameters on surface roughness
in LPBF arises from the thermal and fluid dynamic behav-
ior of the melt pool, especially in the interaction between
contour and body regions. As demonstrated by Zhang and
Yuan [80], the SSc plays a dominant role in defining the
final surface quality. Low scanning speeds increase the
energy input, producing deeper and more stable melt pools
that promote smooth, continuous scan tracks with minimal
dross formation. In contrast, higher SSc leads to insufficient
energy input, resulting in incomplete melting, instability at
the melt pool edges, and the accumulation of partially fused
particles, all of which contribute to increased roughness.
Similarly, excessive LPc can amplify melt pool instability,
especially when combined with high scanning speeds, fur-
ther degrading the surface finish [80].

In addition to the contour parameters, the body region
also can affect surface roughness through melt pool over-
lap. When the energy input in the body region is low, the
contour controls the surface quality. However, at higher
body energy densities, the melt pool generated during body
scanning may overlap and partially remelt the previously
solidified contour tracks. This overlap disrupts the stability
and continuity of the contour, increasing surface roughness.
The physical origin of this behavior lies in the lateral expan-
sion of the body melt pool, which, if not properly confined,
invades the contour region and alters the morphology of
the outer surface [80]. These results underline the need for
carefully balancing energy input across both scan regions to
maintain surface integrity.

Although build height was not among the most influ-
ential factors in the sensitivity analysis, its contribution
to surface roughness remains relevant. As the build pro-
gresses, the part moves further away from the base plate,
and the efficiency of heat extraction through the build plat-
form decreases. In the early stages of the process, lower
layers benefit from stronger thermal sinking and more
stable melt dynamics. However, in higher sections of the
part, the reduced thermal dissipation can alter the cool-
ing rate and disrupt melt pool stability, which may lead
to the formation of surface inconsistencies such as ball-
ing or waviness. Experimental studies have confirmed that
the thermal environment changes along the vertical axis
of the build. For example, Ulbricht et al. [34] observed
that microstructural features in LPBF specimens tend to be
more homogeneous near the base, where thermal conduc-
tion is more favorable. In contrast, upper sections showed
signs of altered solidification behavior due to less effective
heat removal. Furthermore, research by Serrano-Muiioz et
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Table 8 Optimal process parameters and corresponding predicted surface roughness values obtained from the neural network
Angle Height LPb SSb LPc SSc Ra
] [mm] [W] [mms] [W] [mm/s] [pm]
0 15 220 1000 207 431 6.26
35 220 1000 214 456 7.30
55 220 1000 220 480 6.94
90 15 220 1000 203 416 4.61
35 220 1000 211 444 6.55
55 220 1000 218 470 6.64
180 15 280 800 189 389 3.46
35 280 800 194 407 5.10
55 280 800 200 428 4.77
Table 9 Lowest surface roughness values and corresponding process parameters identified from physical measurements
Angle Height LPb SSb LPc SSc Ra
rl [mm] W] [mm/s] [W] [mm/s] [pm]
0 15 220 800 180 300 7.52
35 280 1000 220 400 7.45
55 220 800 180 300 8.15
90 15 280 1000 180 300 6.39
35 220 800 180 300 7.97
55 220 800 180 300 8.08
180 15 220 800 180 300 5.51
35 220 800 180 300 6.14
55 220 800 220 400 6.63

al. [35] indicated that residual stress tends to increase with
height, which indirectly reflects variations in the thermal
gradient and melt pool behavior. These findings support
the idea that roughness may be more prone to variation
at elevated heights, especially in the absence of adaptive
process control.

The angular orientation in the XY plane relative to the
recoater blade movement has been found to influence sur-
face roughness. This effect can be attributed to the inter-
action between the recoater and the local powder bed
environment. Depending on the surface orientation, the
distribution of powder particles during recoating may vary
slightly due to differences in how the blade interacts with
edges and local geometry.

3.3 AM parameters optimization for Ra
minimization

Tables 8 and 9 report the optimal process parameters and the
corresponding surface roughness (R,) values obtained for
each combination of angle and height. The first table pres-
ents the values predicted by the neural network, while the
second table reports the lowest R,, values measured experi-
mentally, allowing a direct comparison between predicted
and physical results.

By comparing the results in Table 8 with those in Table
9, it is possible to explore the effect of non-experimentally

tested combinations of process parameters on the resulting
surface roughness. A key observation is that, for each com-
bination of build angle and height, the ANN was able to
identify a set of process parameters that lead to lower Ra
values compared to those obtained experimentally. In par-
ticular, the combination of SSb = 1000 mm/s and LPb =
220 W (which was not tested during the experimental cam-
paign) appears to be the most effective configuration for the
body scan parameters at angles of 0°and 90°at all height
levels. Across all samples, the parameters associated with
the contour region exhibit greater variability than those of
the body region. Moreover, the network predicted a mini-
mum Ra value of 3.46 pm at Height = 15 mm and Angle
= 180°, compared to the corresponding experimental value
of 5.51 pm obtained under the same geometric conditions.
On average, the optimization led to a reduction in surface
roughness of approximately 19.4% across all evaluated
geometric positions, demonstrating the potential of the pro-
posed ANN based framework to enhance surface quality.
Moreover, the ANN demonstrated spatial awareness by
adapting parameter settings based on geometric variations,
such as build height and angular orientation. For instance, it
adjusted the contour parameters at higher z-levels to com-
pensate for decreased heat dissipation, and tailored scan
conditions based on the part’s orientation relative to the
recoater blade—an approach that was not implemented in the
experimental design. These findings open the possibility of
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implementing a spatially adaptive process parameter strat-
egy, where the laser power and scanning speed are varied
locally based on the part’s geometric position, specifically,
the build angle and height. Since the optimal Ra values pre-
dicted by the ANN differ across angle—height combinations,
adopting a uniform set of parameters throughout the build
may not be sufficient to ensure globally minimized rough-
ness. Instead, tailoring the body and contour parameters for
each geometric zone can allow for better control over melt
pool behavior, heat dissipation, and powder consolidation
dynamics. This localized tuning approach has the potential
to enhance surface quality systematically, compensating for
the thermal and morphological variations inherent to differ-
ent orientations and vertical locations. From a practical per-
spective, this concept could be implemented by segmenting
the geometry of the part to be printed according to its height
and orientation. Each segment would correspond to a spe-
cific geometric zone, allowing the assignment of different
process parameter values depending on the location. This
strategy could be applied during the slicing stage, enabling
local tuning of laser power and scanning speed throughout
the build and effectively adapting the process to the specific
geometry of the component.

One of the primary reasons for the improved surface
roughness achieved by the ANN optimized parameters lies
in its ability to tune the energy input involved in the gen-
eration of the melt pool. If the energy input is too high, it
can cause overheating of the powder bed, leading to defects
such as balling, keyholing, excessive spatter, and melt
pool instability. These phenomena result in rough, irregu-
lar surfaces due to the uncontrolled melting pool solidifi-
cation and to the accumulation of partially fused particles.
Conversely, if the energy input is too low, the powder may
not fully melt, leading to incomplete fusion, porosity, and
weak bonding between layers, which also contribute to high
surface roughness. The ANN is able to predict parameter
combinations that balance laser power and scanning speed

to stay within the optimal energy window, avoiding both
thermal extremes. A notable example from the optimized
results is the prediction of LPb = 220 W and SSb = 1000
mm/s, a combination not tested experimentally but shown
by the ANN to consistently minimize roughness. This pair-
ing achieves a moderate energy density that prevents over-
heating while ensuring sufficient melting, leading to more
uniform melt pools, smoother track consolidation, thus
improved surface morphology. By avoiding excessive or
insufficient energy input, the ANN ensures thermal stabil-
ity of the melt pool, promotes uniform layer solidification,
and enhances the final surface finish. Importantly, the ANN
was trained using Bayesian Regularization, a technique that
effectively mitigates overfitting by penalizing overly com-
plex models. This ensured that the network generalized well
to unseen parameter combinations, as evidenced by consis-
tent predictive performance across training, validation, and
test datasets (R? = 0.8436, r = 0.918). As a result, the ANN
not only replicated known trends but also identified physi-
cally meaningful process settings that surpassed the best
outcomes achieved through experimental trials alone.

While this study focuses exclusively on surface rough-
ness as the target output, it is acknowledged that other ther-
momechanical properties (e.g. porosity, hardness,thermal
conductivity) are also influenced by the process parameters
and may be impacted by the optimization outputs. In a sepa-
rate investigation [38], the effects of process parameters on
these additional properties were systematically evaluated.
That study identified an optimal processing window for
improved thermomechanical performance at LPb = 250 W
and SSb = 800 mm/s.Building on those findings, the search
for minimum Ra was refined by adjusting the lower and
upper bounds of the optimization space. Specifically, the
bounds for LPb and SSb were constrained to the following
intervals to reflect the process window favorable for ther-
momechanical properties:

Table 10 Optimized process parameters for minimizing Ra, with refined bounds on LPb and SSb

ANN Physical Measurements

Angle Height LPb SSb LPc SSc Ra LPb SSb LPc SSc Ra
[l [mm] [W] [mm/s] (W] [mmy/s] [pm] W] [mmy/s] W] [mm/s] [pm]
0 15 260 820 204 457 11.56 250 800 220 500 11.77
0 35 250 800 220 500 11.77 250 800 220 500 11.77
0 55 260 820 210 480 13.40 250 800 220 500 14.53
90 15 260 820 204 451 8.39 250 800 180 400 10.56
90 35 250 800 220 500 10.66 250 800 220 500 10.66
90 55 250 800 220 500 11.30 250 800 220 500 11.30
180 15 260 780 190 425 4.42 250 800 220 500 6.90
180 35 260 780 195 444 5.93 250 800 180 400 7.72
180 55 260 780 203 468 5.62 250 800 220 500 8.17
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LPb € [240,260] W,  SSb € [780,820] mm/s

The updated parameter combinations resulting from the
refined search bounds are summarized in Table 10, along
with the optimal results obtained by fixing LPb and SSb
(250W and 800mm/s) and optimizing the other parameters.
As a result of this refined optimization, a minimum pre-
dicted surface roughness of Ra = 4.42 um was achieved
for a sample built at an angle of 180° and a height of 15 mm.
Overall, this corresponds to a reduction of 18.65% com-
pared to the experimentally measured Ra obtained with the
standard parameters (LPb = 250 W, SSb = 800 mm/s) at the
same geometric conditions.

The proposed ANN based framework is fully generaliz-
able and can be applied to different LPBF materials, includ-
ing conventional alloys and novel metal matrix composites,
provided that appropriate experimental datasets are avail-
able. Moreover, the input space can be expanded to include
additional process parameters such as hatch spacing, layer
thickness, or the position on the build plate, allowing for a
more comprehensive optimization of the process property
relationship.

Although the developed ANN model achieved robust
predictive performance, it is important to acknowledge that,
in general, the reliability and generalization capability of
neural networks are known to benefit significantly from the
availability of large and diverse training datasets. Prior stud-
ies have demonstrated that increasing the amount of training
data can systematically improve prediction accuracy and
model stability [81].

4 Conclusion

The aim of this study was to develop a predictive model
based on an artificial neural network capable of estimating
the effects of key process parameters on surface roughness
in LPBF. Furthermore, the model was used to determine the
optimal combination of input parameters that minimizes
surface roughness for different regions of the build volume-—
defined by variations in part orientation and height.
Through a sequential model adjustment, a feedforward
ANN with a single hidden layer of 30 neurons, hyperbolic
tangent activation, and Bayesian Regularization was devel-
oped to predict surface roughness (Ra) based on four pro-
cess parameters (LPb, LPc, SSb, SSc) and two geometrical
factors (Angle and Height). The network achieved satisfac-
tory predictive performance (MSE = 3.187, MAE = 1.4254,
R? =0.8436, RMSE = 1.7852, Anise = —1.6882%), dem-
onstrating its ability to generalize beyond the experimental
dataset. Permutation feature importance revealed that the
laser power in the contour region had the greatest influence

on roughness. The model was then applied to identify
optimal process parameters for each geometric condition,
predicting lower Ra values than those experimentally mea-
sured. Notably, the combination SSb = 1000 mm/s and LPb
=220 W, not included in the physical tests, showed con-
sistently superior results at 0°and 90°build angles. These
findings demonstrate the ANN’s capability to adapt process
parameters to local geometrical variations, paving the way
for spatially adaptive strategies that could enhance surface
quality by compensating for thermal and morphological
effects throughout the build volume.

Although the ANN does not explicitly model physical
phenomena, the learned relationships between inputs and
predicted surface roughness align with established physical
principles. In particular, the high importance attributed to
contour laser power and scanning speed in the PFI analy-
sis reflects their well known influence on melt pool stability
and surface quality.

Overall, this work highlights the potential of ANN in
data driven process optimization for AM, offering a power-
ful alternative to empirical or trial and error methods. The
model developed in this study could serve as a decision sup-
port tool to guide parameter selection and improve the qual-
ity and efficiency of LPBF processes.

The novelty of this work lies in the integration of geo-
metric factors (build angle and height) into an ANN-based
framework, enabling localized optimization of process
parameters for surface roughness reduction. Future work
will focus on validating the predicted optimal parameters
experimentally and implementing spatially adaptive pro-
cess strategies during slicing to enhance surface quality
and industrial applicability. In addition, future develop-
ments may incorporate more sophisticated optimization
frameworks to systematically refine the model architecture,
enhance hyperparameter selection, and ultimately improve
predictive performance.

Appendix A Dataset used for neural network
training

The complete dataset used for training the neural network
model is presented in Table 11. This table includes all input
and output variables:

LPc: Contour Laser Power;
SSc: Contour Scanning Speed;
LPb: Body Laser Power;

SSb: Body Scanning Speed;
Angle: Part orientation angle;
Height: Part height;

Ra: Surface roughness.

@ Springer
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