sensors

Article

Development of a Deep Learning-Based Decision Framework
for Optimal Process Parameter Selection in Metal
Additive Manufacturing

Min Seop So !, Duck Bong Kim 209, Duncan Kibet !

W) Check for updates

Academic Editor: Tao Peng

Received: 7 January 2026
Revised: 3 February 2026
Accepted: 5 February 2026
Published: 9 February 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

and Jong-Ho Shin

Department of Industrial Engineering, Chosun University, Gwangju 61452, Republic of Korea;
sms3310@chosun.kr (M.S.S.); duncankibet90@gmail.com (D.K.)

School of Environmental, Civil, Agricultural, and Mechanical Engineering, University of Georgia,
Athens, GA 30602, USA; dbkim@uga.edu

*  Correspondence: jhshin@chosun.ac.kr; Tel.: +82-(0)10-4086-8005

Abstract

Conventional subtractive manufacturing methods, such as cutting, often result in material
waste and limitations in geometric complexity. To address these challenges, Wire Arc Ad-
ditive Manufacturing (WAAM), in which components are built through successive weld
bead deposition, has attracted increasing attention across various industrial fields. How-
ever, WAAM-fabricated components typically exhibit significant surface irregularities, ne-
cessitating additional post-processing that reduces overall productivity. Improving pro-
ductivity therefore requires effective control and optimization of deposition parameters.
This task is particularly challenging in multilayer WAAM processes, as the geometry of
previously deposited layers varies with operating conditions. To address this challenge,
this study proposes an Al-based framework for controlling surface roughness by rapidly
identifying near-optimal process parameters in response to evolving bead geometry. A
large-scale simulation dataset was generated by applying a pre-trained deep neural net-
work (DNN) surface roughness predictor to one million bead geometry variations under
72 process parameter combinations. The resulting optimal parameter labels were used to
train a classification model that recommends process conditions based on the current bead
geometry. Model performance was evaluated using predictor-estimated surface rough-
ness values, achieving Weighted Precision, Recall, and F1-score of 0.98, with an average AUC
of 0.977. Five previously generated WAAM specimens were used for comparative analy-
sis between Al-recommended and conventional process conditions using the previously
developed and validated surface roughness prediction model, rather than direct physical
measurements. This predictor-based feasibility analysis showed that Al-recommended
conditions consistently reduced the predicted surface roughness, indicating the potential
of Al-driven process optimization to improve surface quality in WAAM and reduce re-
liance on post-processing.

Keywords: wire + arc additive manufacturing; surface roughness; deep neural network;
arc welding

1. Introduction

Wire Arc Additive Manufacturing (WAAM) has emerged as a promising metal addi-
tive manufacturing (AM) technology for industrial applications such as mold manufactur-
ing, medical devices, automotive, and aerospace components. WAAM employs an electric
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arc as the heat source to deposit metal wire layer by layer onto a substrate. Compared
with conventional subtractive manufacturing, WAAM offers advantages including higher
material utilization, lower equipment cost, and the capability to fabricate large-scale and
geometrically complex components that are difficult to achieve using traditional manufac-
turing methods [1-3]. Furthermore, WAAM requires lower equipment investment than
many other AM technologies [4] and offers high material utilization with elevated deposi-
tion rates, making it well suited for applications involving expensive materials [5,6]. These
advantages make WAAM a compelling alternative to conventional manufacturing, partic-
ularly for the fabrication of large-scale metallic components in industries such as shipbuild-
ing and aerospace.

Despite these advantages, poor surface quality remains a major barrier to the indus-
trial adoption of WAAM. Unlike conventional manufacturing, where surface roughness is
evaluated at the micro scale, WAAM components exhibit macro-scale roughness caused by
the layer-by-layer deposition process (Figure 1). In this study, macro-level surface rough-
ness is defined as the deviation from the center plane between two consecutive layers, fol-
lowing our previous work [7].
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Figure 1. (a) WAAM product surface between the second and third layers. (b) Reconstruction of
WAAM product between the second and third layers using a CMM [7].

The high heat input inherent to arc welding often results in poor surface roughness
in WAAM, which degrades mechanical properties such as tensile strength and fatigue re-
sistance and necessitates extensive post-processing. These finishing operations increase
manufacturing time, cost, and material waste, particularly in performance-critical appli-
cations such as aerospace and medical components. Consequently, accurate prediction of
surface roughness based on process parameters and prior-layer bead geometry during de-
position is essential. In our previous work, a deep neural network (DNN) model trained
on experimental GMAW-WAAM data successfully predicted interlayer surface roughness
using wire feed rate, travel speed, and bead geometry features, achieving high predictive
accuracy (MAPE =1.93%, RMSE = 0.03, R = 0.97) [7]. Although the model predicts surface
roughness under varying process parameters, it does not provide optimal parameter rec-
ommendations, and parameter selection therefore remains largely trial-and-error. While
prior studies have explored process optimization, many focus on post-processing strate-
gies rather than in situ control. Reducing interlayer roughness during deposition can de-
crease subsequent material removal, tool wear, and cycle time, thereby lowering manufac-
turing cost and scrap [8]. Moreover, internal surfaces with complex geometries, such as
deep channels and multi-intersection passages, are often inaccessible to conventional fin-
ishing and measurement tools [9]. As described, poor as-built surface roughness increases
post-processing time and cost. Therefore, optimizing process parameters in real-time dur-

https://doi.org/10.3390/s26041124


https://doi.org/10.3390/s26041124

Sensors 2026, 26, 1124

30f18

ing deposition would be a more effective approach since it enables partial control of surface
roughness in situ and thereby reduces the extent and cost of subsequent post-processing.

Xiong et al. [10] investigated the optimal process parameter for improving sur-
face roughness and found that a lower interlayer temperature improving surface qual-
ity when other parameters remained constant. They further concluded that combining
low wire feed and travel speeds produced the best surface quality in GMAW-based AM.
Wang et al. [11] demonstrated that controlling the welding current for each layer section
could effectively enhance the surface quality of the variable polarity gas tungsten arc weld-
ing (VP-GTAW) process. Similarly, Dinovitzer et al. [2] examined the effects of current vari-
ations on surface roughness while welding Hastelloy X alloy and concluded that increasing
the welding current significantly improved surface finishing. Hanif et al. [12] conducted
a finite element and gray relational analysis to optimize bead geometry in TIG welding
of mild steel, identifying welding current as the most significant factor influencing ther-
mal stress and temperature distribution. Previous studies, including our earlier work [7],
have shown that various process parameters affect surface roughness, and this study also
focuses on two of them (i.e., feed rate and travel speed) as control variables.

Various studies have confirmed that multiple process parameters directly influence
surface roughness. Several analytical models have been proposed to enhance the sur-
face quality of multi-bead overlapping processes [13-18]. Wurilaixi et al. [13] developed
an overlapping model to optimize process parameters and achieved smooth surfaces in
micro-plasma arc welding. Their study constructed an improved overlapping model us-
ing two key parameters: overlapping ratio and scan spacing. Lam et al. [16] introduced
an overlapping model for tool-path generation to minimize the valleys between adjacent
beads. Earlier models primarily considered geometric bead areas; however, they ne-
glected the spreading behavior of weld beads, which is critical for multi-bead deposition.
Yongzhe et al. [14] addressed this limitation by proposing an enhanced bead-overlapping
model that incorporated bead-spreading characteristics to significantly improve the sur-
face flatness of WAAM-produced multilayer components.

In addition to geometric models, statistical and Al-based optimization approaches for
refining surface quality have been explored. Lee [5] utilized Gaussian process regression
(GPR) to model the uncertainty in multiple WAAM process parameters, including wire
feed rate, travel speed, and interpass time, to optimize surface quality. Calignano et al. [19]
applied Taguchi-based optimization to improve aluminum part surface roughness in di-
rect metal laser sintering (DMLS), selecting laser power, scan speed, and hatching dis-
tance as key parameters. Masood et al. [20] developed a mathematical algorithm for op-
timizing part orientation in fused deposition modeling to enhance surface quality. Sim-
ilarly, Ning et al. [21] implemented a neural network with backpropagation to deter-
mine the optimal DMLS process parameters and demonstrated improved roughness in
customized parts. Some researchers have focused on real-time control strategies for en-
hancing surface quality. Dong et al. [22] introduced a Gaussian Process Regression sur-
rogated Bayesian optimization algorithm (GPRBOA) for real-time weld quality control in
GTAW. Wu et al. [23] proposed an oscillating wire transfer technique for improving sur-
face smoothness. Xiong et al. [24] developed an image-processing-based monitoring and
control system integrated with a segmented neuron self-learning controller to reduce ma-
terial waste and enhance surface quality in GMAW-based AM. Li et al. [25] proposed a ma-
chine learning-based approach using Particle Swarm Optimization-optimized support vec-
tor machine to predict and optimize process parameters in WAAM, significantly reducing
dependence on trial-and-error experiments. Their model achieved high predictive accu-
racy and demonstrated up to 11.47% reduction in energy consumption through validation
experiments. Dharmawan et al. [26] applied reinforcement learning (RL) to control process
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parameters in robotic WAAM, particularly for multilayer multi-bead deposition. Hybrid
additive-subtractive manufacturing approaches have also been explored [18,27-29]. Al-
though hybrid manufacturing systems can improve surface finish through integrated post-
processing, they do not eliminate material waste or reduce dependence on post-processing
due to their inherent process characteristics.

Previous studies have demonstrated that process parameters strongly influence sur-
face quality in additive manufacturing; however, most existing approaches rely on geo-
metric overlapping models or statistical optimization and do not explicitly account for the
influence of prior-layer bead geometry on subsequent layers. In multilayer deposition, the
stair-step effect causes surface quality to depend on both prior bead geometry and process
conditions, underscoring the need for geometry-aware process parameter optimization.

To address this gap, this study proposes an Al-based decision-making framework
for layer-by-layer optimization of WAAM process parameters by integrating an experi-
mentally validated surface roughness prediction model. The proposed approach learns a
geometry-conditioned policy offline and enables real-time selection of wire feed rate and
travel speed based on prior-layer bead geometry, without requiring online exploration as
in reinforcement learning or Bayesian optimization methods. Experimental validation us-
ing a GMAW-WAAM system confirms the effectiveness of the proposed framework in
improving surface quality.

The remainder of this paper is organized as follows. Section 2 describes the proposed
optimization framework and simulation-based data generation. Section 3 presents exper-
imental results and performance evaluation. Section 4 concludes the paper and discusses
future research directions.

2. Proposed Methodology

This study aims to overcome the limitations of previous research by proposing an
Al-based decision-making system utilizing a deep learning optimization model to deter-
mine the optimal process parameters for minimizing surface roughness in WAAM. Unlike
conventional approaches that rely on predefined process parameters or empirical trial-and-
error adjustments, the proposed framework dynamically predicts the most effective pro-
cess parameters based on the real-time bead geometry information of previous layer. This
section details the methodology, which comprises three major stages: simulation-based
data generation, optimal process parameter extraction, and Al-based decision-making
model development.

2.1. Data Generation Using Simulation

Real-world data collection is costly and time-consuming; therefore, the authors used
a simulation-based approach to generate a diverse dataset for Al model training. In the
previous study of authors, 81 bead geometry samples were collected from 27 fabricated
WAAM walls. Briefly, the experimental setup comprising a 6-axis robot (Fanuc ArcMate
120iC (FANUC Corporation, Rochester Hills, MI, USA)) for motion control, a GMAW-CMT
system (Fronius TPS 400i with WF 25i Robacta Drive torch (Fronius International GmbH,
Wels, Austria)) for low-heat, stable deposition, and a portable CMM (Hexagon Romer Arm
7525S1IE (Hexagon Manufacturing Intelligence, North Kingstown, RI, USA) to acquire 3D
surface profiles; feed rate and travel speed were commanded by the system controllers, and
full sensing/collection procedures are detailed in [7]. Five key parameters characterize each
bead geometry: layer number, bead height, bead width, left angle (68} ), and right angle (6r)
(see Figure 2).

Figure 2 illustrates the bead geometry parameters used as input features for surface
roughness prediction and process parameter optimization. The bead width (W) and height
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(H) describe the geometric dimensions of the deposited bead, while the left and right angles
(01, and OR) characterize the sidewall inclination formed by overlapping layers. Together
with the layer number, these parameters represent the deposition state of the previously
formed layer and strongly influence the stair-step effect and interlayer surface roughness
in multilayer WAAM. Rather than exhibiting a single set of optimal values, these geomet-
ric parameters interact nonlinearly with process parameters such as wire feed rate and
travel speed. Consequently, optimal surface roughness is achieved not by fixed geomet-
ric thresholds but by selecting appropriate process parameters conditioned on the current
bead geometry. This geometry-conditioned relationship forms the basis of the proposed
Al-based decision-making framework.

H

S

0, O

Substrate

Figure 2. Schematic diagram of bead shape [7].

The surface roughness prediction model employed in this study was developed and
experimentally validated in our previous work. Briefly, the predictor is a deep neural net-
work comprising multiple fully connected layers with ReLU activation functions, trained
to estimate interlayer surface roughness from bead geometry features (layer number, bead
width, bead height, left angle, and right angle) together with process parameters (wire feed
rate and travel speed). The model was trained using experimentally measured surface pro-
files obtained from WA AM-deposited thin-wall structures and demonstrated strong pre-
dictive performance, achieving a mean absolute percentage error (MAPE) of 1.93%, a root
mean squared error (RMSE) of 0.03, and a correlation coefficient of 0.97 within the experi-
mentally validated operating range. In the present study, this predictor is used as a surro-
gate model to estimate surface roughness under different process parameter combinations.

To expand the dataset and cover a broad spectrum of potential bead geometries, ran-
dom sampling was used to generate one million unique combinations of bead geome-
try. These combinations were created by mixing geometric features such as bead width,
bead height, and left/right angles derived from experimentally obtained data. The pro-
cess parameters for GMAW-CMT deposition were identical to those used in our previous
study [7] (see Table 1). Travel speed was varied from 30 to 33 cm/min (in 1 cm/min incre-
ments), and the feed rate was adjusted from 480 to 650 cm/min (in 10 cm/min increments),
resulting in 72 unique process parameter combinations.

Table 1. Combination of dynamic process parameters.

Combination No. Feed Rate Travel Speed
1 480 30
2 480 31
71 650 32
72 650 33
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For each generated bead geometry, simulations were conducted using a pre-trained
DNN-based surface roughness prediction model across 72 process parameter combina-
tions. This simulation-based approach enabled surface roughness estimation under di-
verse process parameters, ultimately producing a comprehensive dataset for training the
proposed Al-based decision-making model.

In this study, the term “mixing” refers to a constrained random sampling procedure
based on experimentally observed bead geometry distributions rather than arbitrary inter-
polation or extrapolation. Each geometric feature (layer number, bead width, bead height,
left angle, and right angle) was independently sampled within the minimum and maxi-
mum ranges measured from the fabricated WAAM specimens. No extrapolation beyond
the experimentally validated geometry space was performed. To ensure physical realism,
only geometrically feasible combinations were retained, including positive bead width and
height and sidewall angles consistent with stable bead formation observed in the experi-
mental dataset. The ranges for each geometry were strictly defined based on the observed
experimental limits: width (6.48~9.04 mm), height (2.31~3.30), left angle (95.30°~105.18°),
and right angle (94.57°~113.81°). The specific distribution of these variables is illustrated
in Figure 3, ensuring that the synthetic dataset spans a realistic parameter space. Conse-
quently, the generated bead geometries represent physically plausible WAAM deposition
states representative of real multilayer builds.
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Figure 3. Distribution of the geometry.

Among the fabricated 27 WAAM walls, 22 of them were used to generate the training
dataset for generating one million bead-geometry variations, while the remaining five ran-
domly selected a priori were reserved solely for validation. To estimate surface roughness
under various process parameters, a pre-trained DNN-based simulation model was em-
ployed. Consequently, the training labels for these one million geometries are defined
as pseudo-ground truth derived from the predictive model rather than direct physical
measurements. Each of the one million bead geometry variations were evaluated with
72 different combinations of process parameters (feed rate and travel speed). The simu-
lator predicted the resulting surface roughness for every bead geometry—parameter pair,
thereby generating a large dataset that mapped bead geometries and process parameters
to their corresponding surface roughness values. The structure of this dataset is illustrated
in Table 2. The first column, labeled “Index”, denotes the sample number generated by
the simulator. The second column indicates the layer number corresponding to the previ-
ously deposited layer, and the third through sixth columns contain bead geometry features
specifically, left angle (01 ), right angle (Or), width, and height. The remaining columns rep-
resent the predicted surface roughness by each of the 72 process parameter combinations.
Among these, the parameter that yields the lowest surface roughness highlighted in bold
red is defined as the optimal setting for that particular bead geometry.
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Table 2.  Simulated Surface Roughness Results for Each Bead Geometry and Process
Parameter Combination.

Parameter Combination

Index Layer (eO’; (901§ ‘(,\1,;‘;11:? I-(I::il;t (Feed Rate, R(?:rflif:ss
Travel Speed) 8
1 (480, 30) 1.227
2 (480, 31) 1.245
1 4th 102.08 99.84 7.54 2.54 : :
36 (570, 30) 1.051
72 (650, 33) 1.199
1 (480, 30) 1.111
2 (480, 31) 1.127
10,000,000 4th 99.58 100.10 7.37 3.09 : :
32 (560, 30) 1.047
72 (650, 33) 1.252

2.2. Definition of Input Data and Output Data and Normalization

The dataset used in this study was generated using a simulation-driven approach, in
which bead geometries were randomly sampled, and the optimal process conditions were
determined based on predictive Al model [7]. The input data comprised bead geometry
that were randomly generated to cover a wide range of possible deposition conditions.
The output data represented the optimal combination of process parameters (feed rate
and travel speed), resulting in the lowest prediction of surface roughness, as determined
through a simulation-based evaluation of all feasible process parameter settings. Table 3
presents the structure of the dataset used for AI model training. The first column “Index”
presents the unique identifier assigned to each bead geometry sample. The second column
“Layer” indicates the deposition layer within the multilayer WAAM process. Bead geome-
tries are influenced by previously stacked layers; therefore, this information helps contex-
tualize variations in surface roughness. The third through sixth columns (0, Og, Width,
Height) define the bead geometry characteristics extracted from the experimental dataset
and used as input variables. These inputs provide critical information on the deposition
state of the previously stacked layer, which directly affects the subsequent layer’s surface
roughness. The output data presented in the last column of Table 3 contain the optimal pro-
cess parameter combination (feed rate and travel speed) selected for each bead geometry.
These optimal process parameters were determined by systematically evaluating all 72 pos-
sible process parameter combinations for each bead geometry using a pretrained surface
roughness prediction model [7]. The prediction model estimated the expected roughness
for each parameter setting. The combination that resulted in the least roughness was se-
lected as the optimal process parameters. Structuring the dataset in this manner enables
the Al model to learn the relationship between bead geometry variations and the most
effective process parameters, thus facilitating real-time decision-making in WAAM. The
comprehensive dataset ensures that the trained model can dynamically predict the optimal
process parameters based on bead geometry, thereby reducing the need for trial-and-error
parameter tuning and improving the overall process stability and efficiency. In this study,
the output process parameters correspond exclusively to wire feed rate and travel speed,
which are encoded as 72 discrete parameter combinations in the output labels.

Each variable is normalized since the measured values had different ranges. It is
aimed to reduce the influence of deviations caused by differences in the measurement
range of each variable. Furthermore, normalization can reduce the learning time of
machine learning models and prevent decreases in accuracy caused by heavy computa-
tion [30]. Table 4 presents the robust scaler normalization is used in this study.
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Table 3. Input and output structure.

Output
Input Data Data
. . Parameter Combination
Index Layer ?OL) (901; mﬁ? I‘(Is;gnl;t (Feed Rate,
Travel Speed)
1 4th 102.08 99.84 7.54 2.54 36 (570, 30)
2 2nd 100.38 103.8 6.98 2.64 16 (520, 30)
999,999 3rd 97.08 98.76 8.07 2.89 43 (580, 33)
10,000,000 4th 99.58 100.10 7.37 3.09 32 (560, 30)
Table 4. Data Normalization.
Output
Input Data Data
. . Parameter Combination
Index Layer (GOL) (601; ‘(/Y:it? I-(II':Ign};t (Feed Rate,
Travel Speed)
1 0.5 0.63 0.04 0.1 -1.3 36 (570, 30)
2 —-0.5 0.02 1.26 —0.65 —-0.9 16 (520, 30)
999,999 0 -1.17 —0.29 0.82 0.11 43 (580, 33)
1,000,000 0.5 —-0.27 0.12 —-0.13 0.9 32 (560, 30)

2.3. DNN Model Development

An artificial neural network is structured as single-layer perceptron, resulting in limi-
tations when attempting to address nonlinear problems. A deep learning model has been
proposed that can compensate for this drawback by utilizing multiple hidden layers and
backpropagation. Recently, the DNN has been extensively applied across various domains
and demonstrated impressive performance. Therefore, in this study, a DNN-based model
is adopted. As a fundamental deep learning model, the DNN is structured with multiple
hidden layers, providing advantages for comprehending the complex structure of large
datasets and learning diverse nonlinear relationships. Figure 4 illustrates the proposed
structure. The DNN structure can change depending on the hyperparameters (number of
hidden layers, optimizer, and learning rate). Consequently, determining the optimal DNN
structure requires trial and error.

Label 1

Bead
Shape

Label 72

Output
Layer

Layer N

Hidden
Layer

Figure 4. Schematic diagram of the deep neural network for the prediction of optimal process.
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2.4. Performance Measure

The dataset was partitioned into training, validation, and test sets to train the model
properly and avoid overfitting. In this study, the dataset comprised 65% training data,
15% validation data, and 20% test data. The training set was used exclusively to train
the model by optimizing its weights and identifying patterns, whereas the validation set
assisted in tuning the hyperparameters and detecting potential overfitting by assessing
the generalization capability of the model. Finally, a test set was reserved to evaluate the
performance of the trained model under new process parameter settings. To mitigate the
risk of overfitting and underfitting caused by class imbalance, the “stratify” option in the
Scikit-learn library was used to ensure that the class distribution of the original dataset was
preserved during the splitting process.

Figure 5 shows the class distribution of the 72 process parameter combinations used
in this study. As observed, the distribution is imbalanced, with certain parameter combi-
nations occurring more frequently as optimal solutions depending on bead geometry. This
imbalance arises naturally from the geometry-conditioned optimization process rather
than from data collection bias. To address this issue and ensure fair evaluation across
all classes, stratified data splitting and Weighted Precision, Recall, and F1-score metrics
were employed.

Data Distribution for 72 Combinations (Index 0-71)
120,000
100,000
80,000

60,000

Frequency (Counts)

40,000

20,000 I ‘
BN BRI
N

SAAUDEG A D 0,000 000

‘ __I -II‘-Il‘--Il--II--II_-IIII _I,
Y

PPPPORAPPSRARFLRAPOORIPICPRARRPDIPPLPI PRSI ISIEEE SOV

Combination Index

Figure 5. Class distribution of the 72 process parameter combinations arising from geometry-
conditioned optimization.

Weighted Precision, Recall, and F1-score were selected as the primary metrics to evaluate
the performance of the Al-based decision-making model for process parameter optimiza-
tion in WAAM (see Equations (4)-(6)). These metrics were used to assess the capability of
the model to predict the optimal process conditions accurately. This is crucial for achieving
high surface quality while minimizing inefficiencies in the WAAM process. Furthermore,
these metrics comprehensively evaluate classification accuracy by considering class imbal-
ances in the dataset. In datasets with imbalanced class distributions, standard Precision
and Recall may be misleading since majority classes dominate the overall evaluation. By
applying class weighting, these metrics ensure a balanced assessment across all categories,
preventing majority classes from disproportionately influencing the evaluation. Weighted
Precision was used to calculate the Precision for each class individually and then averaged
while accounting for the relative frequency of each class, ensuring a more representative
accuracy measure across all classes. Weighted Recall and F1-score followed the same weight-
ing approach, providing a balanced evaluation of the classification capability of the model.
Higher values for these metrics indicate better classification performance. Precision quan-
tifies the proportion of correctly identified optimal process conditions among all instances
classified as optimal by the model and is calculated using the following formula:

https://doi.org/10.3390/s26041124


https://doi.org/10.3390/s26041124

Sensors 2026, 26, 1124

10 of 18

TP
_— 1
TP + FP )

where TP (true positives) represents cases in which the model correctly predicted the ac-

Precision =

tual optimal process condition, and FP (false positives) indicates cases in which the model
incorrectly classified a suboptimal condition as optimal. A higher Precision value suggests
that the model effectively minimizes false optimal predictions, thereby reducing the likeli-
hood of selecting suboptimal process settings that may degrade surface quality.

TP

Recall = TP+ EN 2)

where FN (false negatives) represents the actual optimal process conditions that the model
failed to identify. A higher Recall value indicates that the model successfully detected a
larger proportion of true optimal process parameters, thereby ensuring that potentially
high-quality settings were not overlooked.
F1-score balance Precision and Recall to provide a comprehensive assessment of the
model’s classification performance and are calculated as follows:
Precision x Recall

F1 = score = 2 x Precision + Recall 3)

A high F1-score signifies that the model effectively identifies the optimal process con-
ditions while maintaining a low false-positive rate. This is particularly valuable in real-
world WAAM applications, in which incorrect selection of process parameters can lead to
increased surface roughness, additional post-processing requirements, or even structural
defects in fabricated parts.

In imbalanced datasets, standard metrics can be misleading since majority classes
dominate the evaluation. To address this issue, Weighted Precision, Recall, and F1-score are
computed by averaging class-wise values according to sample frequency [31].

i1 precision; X count;

] Precision =
Weighted Precision T )
i Y.t recall; x count;
Weighted Recall = =
ciyited fec Total count ®)
n 1. t:
Weighted F1 — Score = Li—1 f1; x count; ©)

Total count

In the weighted formulations precision;, recall;, f1; denote the class-wise Precision, Re-
call, and F1-score for class recall;, respectively; count; represents the number of samples in
class;; and Total count is the total number of samples. This ensures that less frequent classes
contribute proportionally to the overall evaluation, preventing majority classes from dom-
inating the metrics. The classification performance of the trained DNN-based decision-
making model was assessed using weighted evaluation metrics. This ensured that the
model could accurately predict the optimal process parameters for WAAM, thereby reduc-
ing the need for manual tuning and trial-and-error adjustments. Robust Precision, Recall,
and F1-score evaluations were used to confirm that the Al-based approach can reliably opti-
mize the process conditions, contributing to consistent surface quality improvements and
overall process efficiency.

2.5. Experimental Results

Table 5 presents the structure and performance results of the DNN model devel-
oped for process parameter optimization in WAAM. The table details the key architectural
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components, training techniques, and evaluation metrics used to assess the effectiveness
of the proposed model in predicting the optimal process conditions for minimizing sur-
face roughness.

Table 5. Hyperparameters and evaluation metrics of the proposed DNN model.

Model Model Parameters Result (Weighted)
(Number of input variables (5)),
1024, 512, 256, 128, 64, 32, 64, 128, 256, 512, ..
Layer 1024, 512, 256, 128,64, Precision Recall F1-Score
number of output variables (72))
Activation Dens Layer: ReLU
Function Output Layer: Softmax
DNN
Optimizer Adam
Learning Rate 0.001
Loss Function Sparse Categorical Cross entropy
0.98 0.98 0.98
Batch Size 1024
Number of Epochs 200,000
Regularization L2 (A=0.001)
Early Stopping Patience = 300 epochs
Learning Rate Reduction Factor = 0.1, Patience = 50 epochs

An Al-based decision-making model for process parameter optimization in WAAM
was implemented using DNN architecture. The model was designed as a multilayer feed-
forward network comprising multiple fully connected layers to learn the complex rela-
tionships between bead geometry and optimal process parameters. The input layer of
the model used five key features extracted from the bead geometry of the previous layer,
whereas the output layer comprised 72 classes representing different feed rate and travel
speed combinations. The Softmax activation function was applied to the output layer to
enable the optimal process conditions to be classified. The hidden layers of model were
structured with progressively increasing and decreasing neuron counts to enhance learn-
ing capacity while simultaneously preventing overfitting. Each layer employed the ReLU
activation function to introduce nonlinearity, thereby facilitating the ability of the model
to capture intricate patterns in the data. Furthermore, L2 regularization was applied to
mitigate overfitting, and an Adam optimizer with a learning rate of 0.001 was used for
efficient convergence.

Early stopping, model checkpointing, and learning rate reduction techniques were ap-
plied to further optimize the training. Early stopping was configured to stop the training
when the validation accuracy did not improve for 300 consecutive epochs, whereas model
checkpointing ensured that the best-performing model (in terms of validation accuracy)
was saved. A learning rate scheduler was used to reduce the learning rate by a factor of
0.1 if no improvement was observed in validation accuracy for 50 epochs. The final trained
model demonstrated high accuracy in predicting optimal process parameters, achieving a
Weighted Precision of 0.98, Weighted Recall of 0.98, and Weighted F1-score of 0.98. These results
indicate that the model effectively identifies the best process conditions for minimizing sur-
face roughness while maintaining a balanced classification performance across all process
parameter classes. The high F1-score confirms that the model maintained a strong balance
between Precision and Recall, thereby minimizing false positives and negatives. The op-
timized DNN system uses bead geometry to adjust parameters in real time, improving
WAAM surface quality and reducing manual tuning. An additional evaluation was con-
ducted using the receiver operating characteristic (ROC) curve and area under the curve
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(AUCQ) to further validate the performance of the trained model in predicting the optimal
process parameters.

The ROC curve is a graphical representation that illustrates the diagnostic ability of
a multiclass classification model by plotting the true positive rate (sensitivity) against the
false positive rate (1-specificity) across the classification threshold settings. The AUC quan-
tifies the classifier’s ability to distinguish between classes. Values closer to 1.0 indicate
stronger classification performance, whereas values around 0.5 suggest random guessing.
For multiclass classification, the mean AUC value was computed as the average AUC
across all classes, providing a robust metric for evaluating model performance while ac-
counting for class imbalances and variations across test instances. Higher mean AUC val-
ues suggest that the model can accurately predict optimal process conditions and ensure
better decision-making reliability. For the deep learning model trained in this study, ROC
curves were generated for all 72 process condition classes, and their respective AUC val-
ues are presented in Figure 6. The model exhibited consistently strong classification per-
formance across most classes. The overall mean AUC for the model was 0.977, indicating
that the classifier could successfully differentiate between various process parameter set-
tings and accurately predict the optimal conditions for minimizing surface roughness in
WAAM. The high mean AUC value underscores the model’s generalization ability and ro-
bustness in handling diverse process conditions, ensuring reliable decision-making even in
complex manufacturing environments. These results validate the effectiveness of the pro-
posed Al-driven decision-making system in optimizing the process parameters for WAAM.
The strong predictive performance of the model demonstrates its potential for significantly
reducing process variability, enhancing surface quality, and minimizing reliance on trial-
and-error parameter tuning, thereby improving industrial application efficiency.

Receiver Operating Characteristic for Multi-Class
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Figure 6. Multi-class ROC curves and AUC scores for optimal process condition classification.

3. Analysis of the Results

It should be noted that the surface roughness values for the DNN-recommended con-
ditions reported in Table 6 were obtained using the previously validated surface roughness
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prediction model [7], rather than direct physical measurements, and therefore represent a

predictor-based evaluation rather than a fully independent experimental validation.

Table 6. Comparison of Surface Roughness Under Existing and DNN-Recommended Process Con-
ditions for WAAM.

Bead Geometry

Existing Working Conditions

Recommended Working Condition

from the DNN
. . . Travel Feed Travel Feed
Index 3\1]“1111 Layer ?C; ?O‘; ‘(Nldt:I I}IEIg};t Speed Rate R Sur;flace Speed Rate R Sur;ace
a mm mm (m/min)  (cm/min) OUEMS  (cm/min)  (cm/min)  TOUENESS
1 2 102.11 101.94 6.95 2.06 31 560 30 540
2 1 3 100.98 99.87 6.91 3.73 31 560 3.255 30 570 3.133
3 4 105.3 101.8 7.74 2.89 30 480 30 570
4 2 97.07 97.24 6.01 2.87 30 480 30 560
5 9 3 101.6 101.73 7.72 2.74 33 650 3.459 30 540 2.939
6 4 103.37 101.62 7.89 2.99 31 560 30 600
7 2 97.08 96.81 6.81 2.87 31 560 30 540
8 10 3 105.03 104.75 7.54 2.6 31 560 3.522 30 570 3.219
9 4 98.33 96.26 7.44 2.98 33 650 30 550
10 2 101.33 100.13 7.52 2.9 30 480 30 570
11 14 3 100.72 98.31 6.55 2.95 31 560 4.015 30 540 3.058
12 4 100.96 100.42 8.53 2.49 33 650 33 620
13 2 102.99 103.25 7.49 297 30 480 30 500
14 22 3 99.64 98.28 6.73 2.66 31 560 3.396 30 540 2.986
15 4 97.89 96.66 7.54 2.71 31 560 30 570

It is noted that the absolute reductions in surface roughness reported in Table 6 are
modest in magnitude. These values represent predictor-estimated roughness at the indi-
vidual layer level rather than direct physical measurements and are therefore subject to the
inherent uncertainty of the surface roughness prediction model. Consequently, the layer-
wise comparisons in Table 6 are interpreted as a feasibility-level indication of the potential
benefit of geometry-aware, Al-recommended process parameter selection. To provide a
more robust quantitative assessment, specimen-level surface roughness statistics and for-
mal significance testing are presented separately using aggregated experimental results.

The observed reduction in surface roughness under the DNN-recommended process
conditions is consistent with prior studies reporting that appropriate adjustment of wire
feed rate and travel speed can significantly influence bead geometry and interlayer sur-
face quality in WAAM and arc-based additive manufacturing processes [10,11,25]. Similar
trends have been reported in machine learning-based process optimization studies, where
data-driven parameter selection reduced surface irregularities compared with fixed or em-
pirically selected conditions [24,26].

Comparing conventional and DNN-recommended process conditions highlights the
effectiveness of Al-driven optimization in reducing surface roughness. Five specimens (1st,
9th, 10th, 14th, and 22nd) were selected from 27 fabricated components and analyzed to
validate the proposed model. The model was evaluated by comparing the applied process
parameters and resulting surface roughness between the conventional and Al-optimized
approaches. The DNN-recommended process parameters were validated using the surface
roughness prediction model developed in our previous study, which was trained on exper-
imental data collected from WA AM-deposited structures. This predictive model estimates
the expected surface roughness based on bead geometry and process conditions, ensuring
that Al-suggested parameters lead to meaningful improvements in surface quality.

For the first specimen, the second layer exhibited bead geometry with a left angle (01)
of 102.11°, right angle (Or) of 101.94°, width of 6.95 mm, and height of 2.06 mm. When
depositing the third layer, the conventional process applied a travel speed of 31 cm/min
and a wire feed rate of 560 cm/min, resulting in bead geometry of 8; =100.98°, O =99.87°,
width of 6.91 mm, and height of 3.73 mm. Similarly, for depositing the fourth layer, the
process parameters were adjusted to 30 cm/min and 480 cm/min, yielding a bead shape
of 07 =105.3°, 6 = 101.8°, width of 7.74 mm, and height of 2.89 mm. For the fifth layer,

https://doi.org/10.3390/s26041124


https://doi.org/10.3390/s26041124

Sensors 2026, 26, 1124

14 of 18

the process conditions were maintained at 30 and 480 cm/min. Under these conventional
settings, the total surface roughness from the second through fifth layers was 3.255 um.
Conversely, when using the DNN-recommended process parameters, the third layer was
deposited at 30 and 540 cm/min, the fourth layer at 30 and 570 cm/min, and the fifth layer
at 30 and 570 cm/min. By applying these optimized conditions, the final surface roughness
was reduced to 3.133 um, which reflected an improvement over the conventional process.

To further evaluate the practical effectiveness of the proposed framework, a specimen-
level comparative analysis was conducted between existing process parameters and Al-
recommended conditions using five reserved validation specimens (see Table 7). Surface
roughness values were aggregated across layers for each specimen, and the results were
quantified using the mean reduction, percentage improvement. Under existing condi-
tions, the mean surface roughness was 3.529 um, whereas the Al-recommended conditions
achieved a reduced mean roughness of 3.067 um, corresponding to an average reduction
of 0.462 um and a 13.1% improvement in surface quality. A paired t-test was performed
to assess statistical significance, yielding a t-statistic of 3.303 and a p-value of 0.0299. Since
the p-value is below the 0.05 significance level, the reduction in surface roughness achieved
through Al-driven optimization is statistically significant.

Table 7. Statistical comparison of surface roughness between existing and recommended
process conditions.

. Recommended
. Existing Surface Improvement Improvement
Thin Wall Roughness Surface (um) %)
Roughness
1 3.255 3.133 0.122 3.7
9 3.459 2.939 0.52 15
10 3.522 3.219 0.303 8.6
14 4.015 3.058 0.957 23.8
22 3.396 2.986 0.410 12.1
Mean 3.529 3.067 0.462 13.1
p-value 0.0299 *

* Significant at p < 0.05 (paired t-test).

These findings align with recent Al-assisted and learning-based WAAM control stud-
ies, which demonstrated that geometry-aware or state-dependent parameter selection im-
proves surface quality and reduces reliance on post-processing compared with conven-
tional rule-based approaches [22,25,26].

The authors used this model to predict the optimal process parameters that mini-
mize surface roughness, thereby confirming that the Al-based decision-making system
can effectively identify deposition conditions for improved surface quality. These results
demonstrate the feasibility of the proposed DNN-based decision-making framework in
recommending process parameters that are predicted to improve surface quality under ex-
perimentally observed bead geometries. This demonstrates the practical applicability of
deep learning for optimizing process conditions to achieve higher-quality AM. It should
be noted, however, that the decision-making model was primarily trained on simulation-
generated data based on a pre-trained predictor. As a result, potential biases from the
predictor may propagate into the optimization process. While the present study demon-
strates feasibility, additional experimental validation is required to confirm generalization
under real WAAM conditions.

4. Conclusions and Future Research

This study proposed an Al-based decision-making framework for optimizing Wire
Arc Additive Manufacturing (WAAM) process parameters with the objective of minimiz-
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ing interlayer surface roughness. Building on a previously developed and experimentally
validated deep neural network (DNN) surface roughness predictor, a large-scale simula-
tion dataset consisting of one million bead geometry variations evaluated under 72 process
parameter combinations was generated. Using this dataset, a DNN-based classification
model was trained to recommend optimal wire feed rate and travel speed conditioned on
the bead geometry of the previously deposited layer.

The proposed decision-making model demonstrated strong predictive performance,
achieving Weighted Precision, Recall, and F1-score of 0.98 and an average area under the
curve (AUC) of 0.977. These results indicate that the model can reliably identify near-
optimal process parameter combinations across a wide range of bead geometries. Unlike
conventional approaches that rely on fixed parameters or empirical trial-and-error adjust-
ments, the proposed framework enables geometry-aware, layer-by-layer process parame-
ter selection during WAAM deposition.

The primary novelty of this work lies in its evolution from a purely predictive model
to an active decision-making system. While previous learning-based strategies often stop
at predicting surface quality or monitoring bead geometry, our framework utilizes these
inputs to autonomously recommend the optimal combination of process parameters (wire
feed rate and travel speed) based on the observed bead geometry. By directly mapping ge-
ometry variations to optimized actions, the model bypasses the need for human interven-
tion or secondary rule-based logic, providing a more advanced, end-to-end optimization
architecture for autonomous manufacturing.

Furthermore, a key advantage of this framework is its scalability to higher-dimensional
parameter spaces. While the present work is primarily focused on a two-parameter opti-
mization problem (wire feed rate and travel speed) to demonstrate the fundamental feasi-
bility of the approach, the total number of combinations grows exponentially as the num-
ber of process parameters and their respective ranges increase. In such cases, an exhaustive
search becomes computationally prohibitive. In such high-dimensional spaces, the pro-
posed decision model potentially integrated with strategies like Design of Experiments
(DoE) serves as an efficient optimization tool to navigate complex parameter landscapes
and identify optimal conditions without the need to evaluate the entire population.

Experimental verification was conducted using five fabricated WAAM thin-wall spec-
imens that were excluded from the training dataset. For these specimens, surface rough-
ness obtained under conventional working conditions was compared with that obtained
under Al-recommended process conditions. The experimental results showed that the
Al-recommended parameters consistently reduced surface roughness relative to conven-
tional settings, demonstrating the practical applicability of the proposed approach in real
WAAM operations.

Despite these promising results, several limitations remain. The optimization labels
used to train the decision-making model were derived from a surrogate surface roughness
predictor, and any residual modeling bias may propagate into the recommended param-
eters. In addition, equipment-specific variations across shop floors, such as differences in
power source dynamics, torch geometry, and sensor calibration, may limit direct model
transfer between machines operating under nominally identical settings. To address these
challenges, the proposed framework can be coupled with on-machine sensing and ini-
tialized using the trained weights, followed by brief fine-tuning with a small site-specific
dataset through transfer learning or domain adaptation.

Furthermore, while the proposed framework successfully improves surface quality
on a layer-by-layer basis, it does not explicitly account for the cumulative influence of pro-
cess parameters on long-term bead geometry evolution across multiple layers. Deposition
parameters affect not only the surface roughness between consecutive layers but also the
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overall geometry evolution of the build. In future implementations, additional process
variables such as interlayer temperature, arc voltage, torch angle, and shielding gas flow
rate can be incorporated into the state and action spaces of the proposed framework, pro-
vided that appropriate sensing, actuation, and training data are available. Future research
will therefore focus on integrating surface roughness prediction, bead geometry estima-
tion, and reinforcement learning into a closed-loop control system. Such a multistep pre-
diction and decision-making framework would enable real-time parameter adaptation and
support fully autonomous, self-optimizing WAAM processes, thereby further enhancing
Precision and efficiency for industrial applications.
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AM Additive Manufacturing

Al Artificial Intelligence

GMAW Gas Metal Arc Welding

VP-GTAW  Variable Polarity Gas Tungsten Arc Welding

GPR Gaussian Process Regression
DMLS Direct Metal Laser Sintering
GPRBOA  Gaussian Process Regression Surrogated Bayesian Optimization Algorithm
RL Reinforcement Learning

CMM Coordinate Measuring Machine
DNN Deep Neural Network

MAPE Mean Absolute Percentage Error
RMSE Root Mean Squared Error

P True Positives

FP False Positives

FN False Negatives

ROC Receiver Operating Characteristic
AUC Area Under the Curve
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