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Abstract
The weld bead is the basic structural unit in metal additive manufacturing, yet the 
multiphysics coupling inherent to hybrid laser-arc processing greatly complicates 
the prediction of bead dimensions. Despite the exploration of numerous predictive 
methods, research on explainable prediction of weld-bead dimensions remains 
limited. In this work, we developed a particle swarm optimization (PSO)-based 
ensemble prediction model (PSO-EP) for laser-arc hybrid additive manufacturing, 
and through SHapley Additive exPlanations (SHAP) analysis, comprehensively 
uncovered the underlying links between process variables and bead geometry. 
Experimental evidence indicated that our PSO-EP outperformed individual models 
and alternative ensembles, delivering superior accuracy, reflected by an R-squared 
value of 0.9567 for bead width and an R-squared value of 0.9492 for bead height, 
and markedly lowering prediction errors. The SHAP findings indicated that weld 
speed is the dominant determinant of bead width, while laser power plays a pivotal 
role in bead height. Subsequent single-factor dependence analysis showed that 
different process variables had significantly different impacts on bead size across 
their respective value intervals. This study provides important theoretical support for 
the intelligent development of the laser-arc hybrid additive manufacturing process.

Keywords: Additive manufacturing; Ensemble learning; Laser-arc hybrid; Geometry 
prediction; Aluminum–copper alloys; Explainable analysis

1. Introduction
Metal additive manufacturing (MAM), commonly referred to as metal 3D printing, 
is known for its design versatility and high efficiency, and is therefore extensively 
employed in aerospace, automotive, shipbuilding, and energy industries.1 Through 
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the layer-by-layer deposition and solidification of metal 
feedstock, MAM creates new possibilities for designing 
and producing intricate metallic parts,2-4 significantly 
enhances manufacturing productivity, propels innovation 
in product design and processing routes, and expedites the 
overall evolution of industrial manufacturing.5,6 Among 
MAM technologies, powder bed fusion (PBF) and directed 
energy deposition (DED) are the most widespread;7 wire-
feed DED, in particular, garners interest for its superior 
deposition rates and material efficiency.8,9 Wire-feed 
additive manufacturing utilizes lasers, electron beams, or 
welding arcs as energy inputs. In comparison with laser-or 
electron-beam-based AM, wire arc additive manufacturing 
(WAAM) offers significant benefits in capital expenditure 
and build rate.10 The typical deposition rate for laser or 
electron beam AM lies between 2 and 10 g/min, whereas 
WAAM attains 50 – 130  g/min;11,12 its energy efficiency 
of roughly 90% greatly surpasses the 2 – 5% achieved by 
laser-based AM.13,14 Thanks to their favorable welding 
characteristics, aluminum–copper (Al–Cu) alloys serve 
as ideal materials for WAAM fabrication.15-17 The bead 
geometry, which represents the basic fabrication unit 
in WAAM, exerts a direct influence on the dimensional 
fidelity of the manufactured component. Inadequate bead 
quality requires additional finishing operations, thereby 
increasing labor expenditure and leading to material 
wastage.

Recently, the laser-arc hybrid approach to additive 
manufacturing has come to the forefront of scholarly 
interest. By steering the arc, the laser decreases its electrical 
resistance and field strength, which in turn improves arc 
stability and boosts the build rate.18 When the two energy 
sources are coupled, inverse bremsstrahlung further 
augments laser-energy uptake, and the laser improves melt-
pool convection as well as the homogeneity of elemental 
distribution.19 Even so, integrating laser and arc complicates 
the multiphysics interactions, greatly raising the challenge 
of forecasting weld-bead dimensions. Consequently, the 
precise prediction of weld-bead geometry in laser-arc 
hybrid additive manufacturing (LAHAM) emerges as a 
pivotal problem that demands prompt resolution.

As an essential subdivision of artificial intelligence 
(AI), machine learning (ML) identifies patterns through 
data analysis and leverages them for prediction and 
decision-making tasks.20 During the past decade, ML has 
found broad applications across numerous domains, such 
as medical diagnostics,21 forecasting material properties,22 
intelligent manufacturing,23 self-driving vehicles,24 natural 
language processing,25 and object detection.26 A synopsis of 
research forecasting the links between process parameters 
and layer geometry in MAM is provided in Table 1. Using 

laser power and scan speed as predictors, Le-Hong et al.27 
developed random-forest and artificial-neural-network 
models to estimate layer geometry in laser PBF, reporting 
validation R2 values exceeding 90%. With laser power, 
travel speed, and powder feed rate as variables, Zhu et al.28 
employed support vector regression (SVR) to predict the 
layer height and width of DED, reaching 93% accuracy. 
Deploying a naïve Bayes approach, Liu and Kuo29 studied 
wire-laser DED; by inputting travel velocity, laser power, 
and wire feed speed, they predicted bead dimensions, 
yielding R² values of 91% and 94%. Xia et al.30 employed 
a genetic-algorithm-tuned adaptive neuro-fuzzy inference 
system model to estimate surface roughness from wire 
feed and welding speeds, achieving validation R2 values 
exceeding 90%. Oh et al.31 introduced an SVR model into 
the WAAM process, using key parameters such as welding 
current and wire feed rate to accurately predict bead width 
and height and to identify geometric non-uniformity 
defects that may arise under different operating conditions. 
Šket et al.32 used an extreme gradient boosting (XGBoost) 
regression model, with current and travel speed as the two 
process parameters, to predict the geometric morphology 
of the weld bead.

Despite these advances in predicting layer geometries of 
MAM based on process parameters, reliable estimation of 
bead size in LAHAM still confronts significant challenges. 
The link between LAHAM processing parameters and 

Table 1. Overview of research on data modeling between 
process parameters and layer geometries in metal additive 
manufacturing

Process Models Inputs Outputs Ref.

LPBF RF and 
ANN

Laser power and 
scanning velocity

Layer height, 
width, and 
penetration 
depth

27

Powder‑laser 
DED

SVR Laser power, travel 
speed, and powder 
feed rate

Layer height and 
width

28

Wire‑laser DED NB Laser power, travel 
speed, and wire 
feed rate

Layer height and 
width

29

WAAM ANFIS Wire feed rate and 
travel speed

Surface 
roughness

30

WAAM SVR Wire feed rate and 
travel speed

Layer height and 
width

31

WAAM XGBoost Current and travel 
speed

Layer height, 
width, and area

32

Abbreviations: ANFIS: Adaptive neuro‑fuzzy inference system;  
ANN: Artificial neural network; DED: Directed energy deposition; 
LPBF: Laser powder bed fusion; NB: Naïve Bayes; RF: Random 
forest; SVR: Support vector regression; WAAM: Wire arc additive 
manufacturing; XGBoost: Extreme gradient boosting.
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bead dimensions is both intricate and non-linear, calling 
for further intensive study. Because individual regression 
models are constrained by their respective hypothesis 
spaces, no single model can guarantee an optimal result; 
therefore, ensemble schemes that combine multiple 
models33 are generally employed to enhance prediction 
accuracy. Put differently, simple ML or neural-network 
approaches alone may not suffice, whereas more elaborate 
ensemble architectures are able to offer superior predictive 
accuracy. In addition, incorporating explainable-analysis 
methods enables researchers to grasp data features more 
thoroughly and to probe the effect of process parameters 
on bead-geometry predictions. These analytic approaches, 
once validated, support investigators in deepening their 
data understanding and hence in assessing more precisely 
the impact of process parameters on predictive outcomes.

Herein, we present a particle swarm optimization 
(PSO)-based ensemble predication (PSO-EP) that 
combines four base models – Gaussian process regression 
(GPR), SVR, artificial neural networks (ANN), and 
extreme learning machines (ELM) – with PSO employed to 
calibrate their respective weights. The predictive capability 
of PSO-EP is benchmarked against single base learners and 
alternative ensemble methods, and the results verify the 
superiority of the proposed approach. In addition, based 
on Shapley theory, an interpretability study is carried out 
in which visual tools, including feature-importance and 
sample-distribution charts, afford deeper insights into how 
individual features and samples sway the predictive results.

2. Materials and methods
2.1. Experimental setup

The system utilized in this study is depicted in Figure 1. 
In the system, the composite heat source is composed 
of a welding machine (Fronius CMT Advanced 4000R, 
Austria) and a fiber laser system (Raycus RFL-C3300W, 
China). The fiber laser system consists of a laser source, an 
output head, and a cooling unit, with the relative position 
of the laser output head and the welding gun is illustrated 
in Figure 1. Line structured light (Gocator 2430, Canada) 
was utilized to obtain the point cloud data of the weld bead 
morphology. The procedure of laser-scanning the actual 
weld bead morphology and generating the point cloud is 
depicted in Figure 2. The motion platform used is a CNC 
machine tool (Fana FA2818HG, China). The deposition 
material is ER2319 aluminum alloy (1.2  mm diameter), 
and the base material is 2219 aluminum alloy. During the 
manufacturing process, the welding mode was cold metal 
transfer pulse advance (CMT-PADV), with the laser CMT 
process parameters listed in Table 2. Before the experiment, 
the substrate was processed and cleaned with acetone. The 

chemical compositions of the substrate and the wire are 
provided in Table 3.

2.2. Experiment design

Within the WAAM process, the weld bead dimensions are 
strongly affected by the choice of process parameters. An 
increase in wire feed speed leads to greater weld bead width 
and height.34 A larger arc length adjustment broadens the 
bead width, whereas a higher pulse correction decreases 
its height.35 Within LAHAM, an optimal laser power level 
supports geometric uniformity, whereas overly high power 
causes size variability.36 Accordingly, this study concentrates 
on the influence of wire feed speed (vw), welding speed (vt), 
arc length correction (l), pulse correction (f), and laser 
power (p) on weld bead width (W) and height (H).

In Figure 3, the full factorial design with three factors 
at three levels and the Box–Behnken design are depicted 
schematically. The Box–Behnken design,37 as opposed 
to the full factorial design, prevents extreme condition 
combinations and efficiently captures second-order effects 
with a reduced number of experiments, and was therefore 
employed in this work. First, this study followed the process 
window recommended in reference38 and employed single-
factor screening experiments to define the valid ranges of 
each influencing factor, encoding their upper and lower 
bounds as +1 and –1, respectively; the selected key factors 
and their symbols are detailed in Table 4. Table 5 displays 
the 46 coded experimental conditions and outcomes. 
Table 6 comprises 20 randomly sampled process parameter 
configurations and associated weld geometry metrics, 
used as the validation and test datasets. To assess the 
reproducibility of the experimental dataset, six repeated 
trials were conducted under the central-point parameter 
configuration, and the coefficient of variation (CV)39 was 
employed for evaluation. The analysis revealed CV values 
of 3.25% for bead width and 2.74% for bead height – 
both markedly lower than the commonly accepted 10% 
benchmark40 – providing strong evidence of high data 
consistency. As illustrated in Figure 4, all the weld beads 
were well-formed and defect-free. The overall experimental 
count was determined based on Equation I.

N = 2q(q−1)+C0� (I)

where q is the number of experimental parameters, and 
C0 denotes the number of repetitions needed to minimize 
errors arising from environmental and human factors. In 
this paper, q is 5, and C0 is 6.

2.3. Particle swarm optimization-based ensemble 
prediction

In the proposed ensemble forecasting framework, the 
four base learners – ANN, GPR, SVR, and ELM – are first 
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subjected to hyperparameter optimization and training 
on the training and validation datasets. The tuned models 
are subsequently deployed on the test set, where they each 

yield their own prediction outputs. Thereafter, particle 
swarm optimization (PSO) iteratively updates the weights 
of the models, driving the weighted prediction error 
downward until convergence and ultimately producing an 
ensemble prediction that fuses the four models. Finally, in 
accordance with Equation II, the mean absolute percentage 
error is calculated for each base model as well as for the 
ensemble.

MAPE
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y y
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n i i
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�
�

�
�
�1 100
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Particle swarm optimization is a global optimization 
technique inspired by swarm intelligence, which locates 
optima by modeling the coordinated, iterative movement of 
many particles within a multidimensional search domain. 
Every particle acts as a potential solution; its velocity and 
position are continually updated with reference to its 
personal best and the swarm’s global best, which hastens 
convergence and elevates search efficiency.

To simplify the weight optimization for multi-model 
ensembles, we introduce, under the PSO paradigm, a one-
dimensional discrete index encoding (ODIE) that assigns 
weights to the base regression models with high efficiency. 

Figure 1. Schematic illustration of the laser-arc hybrid additive manufacturing system

Figure  2. Schematic diagram shows the quantification of weld-bead 
width and height. (A) Actual morphology of a weld bead in the 
training set. (B) 3D point cloud obtained through line-laser scanning. 
(C) Extracted weld-bead contour

B

C

A

https://dx.doi.org/10.36922/MSAM025220036


Materials Science in Additive Manufacturing Bead geometry prediction in laser-arc AM

Volume 4 Issue 3 (2025)	 5� doi: 10.36922/MSAM025220036

In traditional methods (Figure  5A), weights are usually 
expressed as a D-dimensional continuous vector:

X x x x xD
i

D

i= =
=
∑[ , ,... ],1 2

1

1 � (III)

Traditional methods usually encode the weight vector 
as a D-dimensional continuous variable and perform 
iterative updates of particle velocities and positions in this 
high-dimensional space. Nevertheless, this design entails 
two principal drawbacks: On the one hand, owing to the 
excessive dimensionality of the search space, PSO tends to 
converge slowly when optimizing in a D-dimensional 
continuous domain. On the other hand, to enforce the 

normalization constraint 
i

D

ix
�
� �

1

1 , the weights must be 

projected back or a penalty term introduced after every 
iteration, thereby complicating implementation and 
further burdening hyperparameter tuning.

In the ODIE workflow (Figure  5B), every particle is 
encoded as an integer sequence of length k:

X = [x1, x2.,xk], xi ∈{0,1.,D−1}� (IV)

In this setting, D represents the total count of base 
learners, and xi indicates the index of the base model 
chosen at position i. The weight of each base model j can be 

Table 2. Process parameters of the laser‑CMT process

Heat source Parameter Value

CMT Wire feeding speed (m/min) 6

Travel speed (mm/min) 600

Laser Laser power (kW) 3

Defocusing length (mm) 171.5

Abbreviation: CMT: Cold metal transfer.

Table 3. Wire and substrate chemical compositions

Alloy Chemical components (wt.%)

Si Fe Cu Mn Mg Zn V Ti Zr

ER2319
(wire)

0.106 0.156 5.950 0.273 0.009 0.012 0.068 0.104 0.104

2219‑T6
(substrate)

0.021 0.100 6.060 0.270 <0.01 0.024 0.092 0.039 0.130

Abbreviations: Si: Silicon; Fe: Iron; Cu: Copper; Mn: Manganese;  
Mg: Magnesium; Zn: Zinc; V: Vanadium; Ti: Titanium; Zr: Zirconium.

Table 4. Process control parameters and their levels

Parameters Units Notation Factor levels

−1 0 1

Wire feed speed m/min vw 6 7 8

Welding speed mm/min vt 500 600 700

Arc length correction % l 5 10 15

Pulse correction % f 0 1 2

Laser power kW p 1 2 3

Figure  4. The actual morphology of the 46 weld beads in the training 
dataset

Figure 3. Sketch of three-factor three-level experimental designs. (A) Full factorial design. (B) Box–Behnken design

BA
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obtained by tallying its occurrences nj within the sequence, 
thus allowing direct decoding:

 j
j

j

D

j

n
k

= =
=
∑,

1

1 � (V)

The encoding intrinsically meets the normalization 
requirement without extra projection or penalty terms, 

Table 5. (Continued)

Experimental 
run

Design matrix Results

vw vt l f p W (mm) H (mm)

42 7 600 10 0 1 8.15 2.56

43 8 500 10 1 2 10.17 3.02

44 6 600 10 0 2 7.01 2.40

45 7 600 10 1 2 8.49 2.59

46 7 500 15 1 2 9.07 3.12

Abbreviations: f: Pulse correction; H: Weld bead height; l: Arc length 
correction; p: Laser power; vt: Welding speed; vw: Wire feed speed; 
W: Weld bead width. 

Table 5. Design matrix and targets

Experimental 
run

Design matrix Results

vw vt l f p W (mm) H (mm)

1 7 600 5 2 2 8.19 2.78

2 7 600 10 1 2 8.49 2.69

3 8 600 10 1 1 7.66 3.14

4 8 700 10 1 2 7.14 2.54

5 7 600 10 1 2 7.85 2.60

6 7 600 15 0 2 6.70 2.77

7 7 700 5 1 2 7.28 2.56

8 7 500 5 1 2 9.13 2.76

9 6 600 5 1 2 7.52 1.89

10 8 600 5 1 2 8.44 2.92

11 7 600 5 1 3 8.62 2.45

12 7 700 10 1 3 7.09 2.11

13 7 600 10 2 3 9.63 2.12

14 6 600 10 1 3 7.30 2.32

15 6 600 15 1 2 6.86 2.76

16 8 600 10 1 3 9.70 2.35

17 7 600 10 1 2 8.36 2.52

18 7 700 10 1 1 7.53 2.55

19 7 500 10 1 3 10.1 2.56

20 7 600 5 1 1 9.01 2.42

21 6 700 10 1 2 7.25 2.54

22 7 600 15 2 2 8.75 2.72

23 6 500 10 1 2 7.79 2.56

24 7 500 10 2 2 9.44 2.86

25 7 700 10 2 2 7.83 2.38

26 8 600 15 1 2 8.78 2.52

27 7 600 10 2 1 8.14 2.92

28 6 600 10 2 2 7.84 2.48

29 8 600 10 2 2 8.65 2.68

30 7 700 10 0 2 7.02 2.44

31 7 700 15 1 2 7.73 2.40

32 6 600 10 1 1 7.78 2.36

33 7 600 15 1 3 9.20 2.04

34 7 600 10 0 3 8.47 2.24

35 7 600 5 0 2 8.95 2.44

36 7 600 10 1 2 8.49 2.61

37 7 600 15 1 1 7.77 2.93

38 7 500 10 0 2 8.47 2.71

39 8 600 10 0 2 8.98 2.64

40 7 500 10 1 1 8.36 3.00

41 7 600 10 1 2 8.61 2.49

(Cont'd...) 

Table 6. Experimental data for the validation and test sets

Experimental 
run

Design matrix Results

vw vt l f p W 
(mm)

H 
(mm)

1 6.50 510.00 6.00 1.50 1.20 8.69 2.56

2 6.30 540.00 8.00 1.70 2.70 8.91 2.45

3 6.60 570.00 7.00 0.20 2.20 8.30 2.47

4 7.90 530.00 7.00 0.90 1.80 9.36 3.01

5 7.20 520.00 6.00 0.30 2.90 9.64 2.52

6 7.80 510.00 12.00 0.50 1.50 8.55 3.13

7 7.30 620.00 12.00 1.20 1.60 8.19 2.69

8 6.30 580.00 14.00 1.10 1.00 7.31 2.95

9 7.00 680.00 14.00 1.30 2.00 7.57 2.41

10 8.00 540.00 14.00 1.10 2.80 10.50 2.46

11 6.30 610.00 6.00 0.50 2.30 7.89 2.25

12 6.30 660.00 6.00 0.60 1.50 7.87 2.20

13 6.60 570.00 10.00 0.20 2.00 7.78 2.51

14 6.80 550.00 14.00 1.60 1.20 8.31 3.07

15 7.30 520.00 11.00 1.80 1.30 8.68 3.12

16 6.70 550.00 13.00 0.30 1.20 7.26 2.92

17 7.90 690.00 10.00 0.80 1.20 7.33 2.71

18 7.30 620.00 7.00 1.90 1.00 7.92 2.64

19 6.90 640.00 9.00 1.60 2.70 8.56 2.28

20 7.10 520.00 7.00 1.30 1.80 9.04 2.86

Abbreviations: f: Pulse correction; H: Weld bead height; l: Arc length 
correction; p: Laser power; vt: Welding speed; vw: Wire feed speed; 
W: Weld bead width.
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and by collapsing the search space from a D-dimensional 
continuum to a single discrete index, it significantly cuts 
computational complexity and speeds up convergence.

Figure  6 presents the operational flow of the PSO-
driven ensemble learning module. Initially, a swarm of 
particles is randomly seeded within the one-dimensional 
discrete index space, where every particle encodes a 
particular distribution of weights across the base learners. 
Subsequently, each particle is decoded, the weight of each 
base model is determined from the index frequencies, 
and an ensemble prediction is produced accordingly. The 
error between the predicted and true values is then used 
as the fitness, driving the velocity and position updates of 
PSO. During iteration, each particle adjusts its position 
through a weighted combination of inertia, cognitive, 
and social components, balancing global exploration and 
local exploitation. Meanwhile, the historically best particle 
is retained, and random perturbations are introduced to 
preserve swarm diversity. Once the termination criterion is 
met, the global best particle is decoded to yield the optimal 
weight allocation for the base models.

The specific workflows of the base learners and the 
PSO iterative optimization are described in detail in the 
literature.41-44 Every baseline model was built in a Python 
environment with the scikit-learn library, and the PSO 
routine was carried out using the PySwarms toolkit.

2.4. Shapley-based explainable analysis

Despite the widespread use of ML models in pivotal 
domains such as biomedicine and self-driving technology, 
their decision paths remain largely inscrutable black 
boxes, eroding user confidence and hindering real-world 
implementation. To tackle this challenge, explainable ML 
has risen to prominence, seeking to illuminate model 
workings, pinpoint key predictors, and use that knowledge 
to drive performance improvements. The present work 

performed an explainability analysis of the process 
parameters, isolating the factors that strongly influence 
bead size and furnishing direction for future model 
refinement. Proposed by Shapley in 1952,45 the Shapley 
value offers a fair way to allocate rewards in cooperative 
games by measuring every player’s marginal contribution. 
SHapley Additive exPlanations (SHAP), a Python library 
for post hoc model explanation, evaluates the influence 
of a feature on the output by calculating its marginal 
contributions over all subset combinations, yielding global 
importance orders as well as case-specific interpretations. 
Given the full feature set F, the SHAP value for feature j is 
defined by:

� j
i

S m m m
j

o j

S o S
o

val S m val S( )

{ ,... }\{ }

| |!( | | )!
!

( ( { }) (�
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�
�
� �

1

1 ))) �

� (VI)

SHAP represents a paradigmatic post hoc interpretability 
technique, revealing feature–output relationships through 

Figure  6. Flow chart of particle swarm optimization-based ensemble 
module

Figure 5. Comparison between traditional particle swarm optimization (PSO) encoding and one-dimensional discrete index encoding: (A) Traditional 
encoding, and (B) one-dimensional discrete index encoding

BA
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visualization. The study began by calculating SHAP values 
for every feature, thereby quantifying their influence on 
the predictions; the original features were then contrasted 
with newly derived ones to confirm the performance 
gains attributable to the new attributes. Subsequently, the 
SHAP visualization toolkit was employed to depict feature 
importance and the directionality of their effects, affording 
a deeper dissection of the model’s reasoning process.

2.5. Parameter setting of the PSO-EP

The training set trained multiple regression models, while 
five-fold cross-validation on the validation set tuned their 
hyperparameters. Once tuning was completed, the model 
with the best validation performance was chosen to forecast 
bead size on the test set; these forecasts constituted the 
response values. Next, the response values together with 
the models’ evaluation indices were fed into the ensemble 
module, which used the metric of Equation II as a fitness 
function and applied PSO to derive a weighted fusion 
of the individual outputs. Within the PSO-EP method, 
the weight-assignment stage employed up to 50,000 
iterations and a swarm of 200 particles. Iterative search 
ultimately yielded the optimal set of model weights, and 
a consolidated estimate of bead dimensions was output. 
The PSO-EP approach was further benchmarked against 
various alternative techniques to evaluate its efficacy.

2.6. Model evaluation indicators

Once the prediction was complete, the model’s 
performance was assessed by computing the error between 
the true values and the predicted results for the test data. 
Smaller errors indicated better model performance. For 
the regression problem concerning the LAHAM weld bead 
width and height, this study used mean absolute error 
(MAE), root mean squared error (RMSE), and coefficient 
of determination (R2) as performance metrics. MAE and 
RMSE assess the deviation between predicted and actual 
values, with RMSE being more sensitive to larger errors. 
R2 reflects the model’s ability to explain the variability in 
the data, with values closer to 1 indicating a better fit. A 
comprehensive evaluation of model performance can be 
achieved by integrating these metrics.
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3. Results and discussion
In this study, the validity of the proposed PSO-EP method 
was demonstrated. For performance evaluation, the 
PSO-EP’s predictions were initially benchmarked against 
each single base model to measure gains in prediction 
precision. Subsequently, it was assessed alongside 
other widely used ensemble forecasting approaches to 
underscore the PSO-EP’s overall superiority. Finally, 
an importance analysis of the process parameters was 
conducted to uncover their individual impacts on the 
prediction outcomes.

3.1. Comparison of PSO-EP with base models

To assess the superiority of PSO-EP, the present study 
conducted a comparison against four baseline models: 
GPR, SVR, ANN, and ELM. Figures 7 and 8 illustrate the 
performance of the models in the prediction tasks for weld 
bead width and height, respectively. To facilitate a clear 
comparison, the figures display only the test set predictions 
along with their respective error curves.

Figure  7 illustrates that PSO-EP excels in weld 
bead width prediction, with an R2 of 0.9567, markedly 
outperforming GPR, SVR, ANN, and ELM, which signifies 
its enhanced capability to accurately capture the overall 
width variation trend; simultaneously, PSO-EP records the 
smallest RMSE and MAE values, substantiating its lowest 
overall prediction error and MAE (Table 7). Nevertheless, 
the highest relative error observed in extreme samples is 
5.6%, which is only superior to ANN’s 7.8%, indicating 
potential for further enhancement in limiting the 
maximum error. Sample 6 showed a comparatively 
large error in weld bead width prediction. The feature 
importance analysis in section 3.3 indicated that wire feed 
speed and welding speed are the key factors determining 
width; for this sample, the wire feed speed was 7.80 m/min 
and the welding speed was 510 mm/min. Figure 9 reveals 
that this set of parameters is positioned at the boundary 
of the process window, where their interaction drives an 
increase in bead width, resulting in an overestimation by 
the model and a magnified error. This finding suggests, 
first, that the model’s generalization at the boundary of 
the parameter space can be further enhanced; second, that 
because this condition approaches the experimental limit, 
sporadic experimental inaccuracies could also exacerbate 
the prediction error.

Regarding weld bead height prediction (Figure  8), 
while all models display comparable overall trend curves, 
PSO-EP notably excels in fitting regions with pronounced 
height fluctuations, where its predicted curve almost 
perfectly overlaps with observed values; by comparison, 
GPR, SVR, ANN, and ELM show evident discrepancies at 
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fluctuation points, struggling to precisely represent height 
changes. Quantitative assessment showed that the PSO-EP 
achieved an R2 of 0.9492 (Table 8), again leading all models, 
with RMSE and MAE metrics below those of competitors; 

its maximum relative error stood at 4.2%, ranking second 
to SVR, confirming PSO-EP’s outstanding precision and 
robustness in the weld bead height prediction task.

3.2. Comparison of PSO-EP with other ensemble 
methods

Figure  10 presents a comparison of four ensemble 
forecasting approaches: the averaging method,46 
Stacking,47 ELGA,48 and the PSO-EP method introduced 
herein. Results indicated that PSO-EP attained an R2 of 
0.9492 in predicting weld bead height, surpassing the 
averaging method (0.9387) by 1.12%, stacking (0.9378) by 
1.22%, and ELGA (0.9206) by 3.11%. For weld bead width 
prediction, PSO-EP achieved an R2 of 0.9567, which is 
2.07% higher than the averaging method (0.9373), 3.47% 
higher than stacking (0.9246), and 2.36% higher than 
ELGA (0.9346). These notable improvements stem from 
the PSO algorithm’s effective global optimization ability.

Table 7. Evaluation metrics of each model in the width 
prediction task

Model MAE RMSE R2

GPR 0.2006 0.2400 0.9302

SVR 0.1741 0.2012 0.9510

ANN 0.1704 0.2519 0.9231

ELM 0.2021 0.2322 0.9347

PSO‑EP 0.1454 0.1890 0.9567

Abbreviations: ANN: Artificial neural network; ELM: Extreme learning 
machines; GPR: Gaussian process regression; MAE: Mean absolute 
error; PSO‑EP: Particle swarm optimization‑based ensemble prediction 
model; R2: Coefficient of determination; RMSE: Root mean squared 
error; SVR: Support vector regression.

Figure 7. Predicted values (A) and error performance (B) of each model in the width prediction task 
Abbreviations: ANN: Artificial neural network; ELM: Extreme learning machines; GPR: Gaussian process regression; SVR: Support vector regression

B

A
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3.3. SHAP analysis

In this section, the association between processing 
parameters and prediction results is examined through 
Shapley theory. This theory computes the marginal 

contribution of each feature within various feature 
subsets, then derives a weighted average to quantify each 
feature’s impact on the prediction, termed the SHAP 
value. Figures 11 and 12 illustrate the ranked importance 
of process parameters within the width and height 
models, facilitating insight into each parameter’s effect 
on the model. In the figures, each row corresponds to a 
parameter, the x-axis displays SHAP values, the dot color 
reflects the feature magnitude, and the order is determined 
by the average absolute SHAP value over all samples. For 
predicting weld bead width, welding speed is paramount 
and inversely correlated with width because increased 
speed hastens melt pool cooling, reduces metal fill time, 
and narrows the bead. Wire feeding rate and laser power 
exhibit positive correlations with width, facilitating bead 
growth by augmenting metal deposition and raising melt 
pool temperature, respectively. Arc length and pulse 
corrections exert limited influence, fine-tuning heat input to 
modulate width changes. For weld bead height prediction, 

Table 8. Evaluation metrics of each model in the height 
prediction task

Model MAE RMSE R2

GPR 0.0704 0.0798 0.9006

SVR 0.0657 0.0706 0.9222

ANN 0.0591 0.0675 0.9289

ELM 0.0748 0.0869 0.8820

PSO‑EP 0.0505 0.0571 0.9492

Abbreviations: ANN: Artificial neural network; ELM: Extreme learning 
machines; GPR: Gaussian process regression; MAE: Mean absolute 
error; PSO‑EP: Particle swarm optimization‑based ensemble prediction 
model; R2: Coefficient of determination; RMSE: Root mean squared 
error; SVR: Support vector regression.

Figure 8. Predicted values (A) and error performance (B) of each model in the width prediction task 
Abbreviations: ANN: Artificial neural network; ELM: Extreme learning machines; GPR: Gaussian process regression; SVR: Support vector regression

B

A
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laser power is the dominant parameter and inversely 
related to height, since increased lateral expansion restricts 
vertical accumulation. Welding speed similarly exhibits 
a negative correlation because increased speed promotes 
faster cooling, thereby limiting height increase. The wire 
feed rate shows a positive correlation by promoting vertical 
deposition. Despite their limited impact, arc length and 
pulse corrections are positively associated with height, 
contributing to height enhancement.

Dependence plots serve as crucial instruments to 
examine how feature values impact prediction results. 
Figure  13 depicts the relationships between process 
parameters and weld bead width. With increasing wire 

feed rate, SHAP values increase markedly, demonstrating 
positive promotion; below 6.9  m/min, the effect is 
negative, shifting to positive above this point, resulting 
in bead width expansion. SHAP values for welding speed 
are positive under 580 mm/min, fostering width increase, 
but become negative beyond this threshold, limiting bead 
expansion. For laser power under 2.3 kW, SHAP values are 
negative, signifying width limitation at low power; beyond 
this, the influence turns positive, markedly enhancing 
bead width. Figure  9 further presents the relationships 
between process parameters and weld bead height. The 
influence patterns of wire feed speed, welding speed, and 
laser power on weld bead height prediction resemble those 

Figure 9. Process parameter dependence plots in the height prediction task: (A) Wire feed speed (vw), (B) Welding speed (vt), (C) Arc length correction (l), 
(D) Pulse correction (f), and (E) Laser power (p) 
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Figure  10. Comparative analysis of various ensemble forecasting 
approaches

observed for bead width. Below 7 m/min, wire feed speed 
has a negative influence, which reverses to positive when 
exceeding this value, facilitating height growth. Welding 
speed exhibits a positive correlation under 580 mm/min, 
shifting to a negative correlation beyond 610  mm/min, 
thereby inhibiting height increase. Below 2.3 kW, laser 
power positively correlates with height, but the relationship 
reverses above this threshold, restricting height growth. In 
summary, clear thresholds exist for process parameters 
affecting weld bead width and height, beyond which 

their effects may invert, thereby affecting the quality of 
formation.

3.4. Conceptual framework for bead size 
and shape prediction applied to in-process 
characterization

Figure  14 depicts the initial stage of the additive 
manufacturing process, in which the 3D model is first sliced 
and a deposition path is generated; the slicing operation 
defines the layer thickness, and the path planning sets the 
track width and selects the appropriate process settings 
accordingly. This study concentrates on the high-precision 
prediction of bead geometry.

Despite the high accuracy achieved in predicting 
bead morphology, variations in material batches and 
environmental fluctuations may still prevent the optimized 
process parameters from faithfully reproducing the target 
dimensions. Additional dimensional deviations can 
arise from tool wear, calibration errors, drifts in laser or 
arc power, and fluctuations in wire-feed rate. To address 
these issues, we propose embedding the high-precision 
prediction model within an online quality-monitoring 
and closed-loop control framework to enable real-time 
correction and stabilization of bead dimensions.

During printing, a melt-pool camera continuously 
captures images near the welding torch and feeds them to 

Figure 11. Importance ranking of process parameters in the width 
prediction task. (A) SHAP summary plot. (B) Importance plot of process 
parameter 
Abbreviations: f: Pulse correction; l: Arc length correction; p: Laser 
power; vt: Welding speed; vw: Wire feed speed, SHAP: SHapley Additive 
exPlanations

B

A Figure 12. Importance ranking of process parameters in the height 
prediction task. (A) SHAP summary plot. (B) Importance plot of process 
parameter 
Abbreviations: f: Pulse correction; l: Arc length correction; p: Laser 
power; vt: Welding speed; vw: Wire feed speed, SHAP: SHapley Additive 
exPlanations

B

A
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the trained U-net model, which segments and crops the 
bead and online extracts the actual bead width Wreal and 
height Hreal. After comparing the measured and desired 
dimensions, Equations X and XI compute the required 
correction to obtain new targets W’ and H’; these targets 
feed the accurate bead predictor, which derives revised 
process parameters and refreshes the G-code. The machine 
resumes deposition under the updated parameters, the 
camera repeats image acquisition, and the cycle iterates 
in a closed loop until the bead size remains inside the 
specified error band.

∆W = W−Wreal,W’=W+∆W� (X)

∆H = H−Hreal,H’=H+∆H� (XI)

The trajectory of next-generation inspection and 
monitoring architectures has already been examined 
in previous works.49,50 Both studies underscore the 
considerable potential of AI-driven technologies to deliver 
more robust defect detection and real-time intervention, 
thereby substantially enhancing the reliability of additive 
manufacturing processes. Although these strategies have not 
yet been implemented in the present study, subsequent work 
will focus on designing and validating the corresponding 
control mechanisms with the aim of establishing a fully 
automated closed-loop quality control system.

Figure 13. Process parameter dependence plots in the width prediction task: (A) Wire feed speed (vw), (B) Welding speed (vt), (C) Arc length correction 
(l), (D) Pulse correction (f), and (E) Laser power (p) 
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4. Conclusion
In this study, we devised a PSO-driven ensemble 
regression method, designated PSO-EP, for accurately 
forecasting weld-bead size in the multiphysics-coupled 
LAHAM technique. The method leverages PSO to tune 
the weightings of several base models and, in turn, elevates 
the aggregate prediction accuracy. The effectiveness of 
PSO-EP was assessed through extensive comparisons 
against individual learners (GPR, SVR, ANN, and ELM) 
and representative ensembles such as averaging, stacking, 
and ELGA. The findings showed that PSO-EP delivers 
top-ranked accuracy for predicting both weld-bead width 
and height.

(1)	 PSO-EP demonstrated the best performance in weld-
bead width prediction, achieving an MAE of 0.1454, 
an RMSE of 0.1890, and an R2 of 0.9567; compared 
with the next-best SVR (R2 of 0.9510) as well as 
averaging (R2 of 0.9373), stacking (R2 of 0.9246), and 
ELGA (R2 of 0.9346), it improved R2 by 2.07%, 3.47%, 
and 2.36%, respectively

(2)	 PSO-EP likewise excelled in predicting weld-bead 
height, registering an MAE of 0.0505, an RMSE of 
0.0571, and an R2 of 0.9492, substantially surpassing 
ANN (R2 of 0.9289), SVR (R2 of 0.9222), and averaging 
(R2 of 0.9387), stacking (R2 of 0.9378), and ELGA (R2 
of 0.9206), with R2 gains of 1.12%, 1.22%, and 3.11 %, 
respectively

(3)	 SHAP interpretability analysis indicates that weld 
bead width is primarily influenced by the combined 
effects of welding speed, wire feed speed, and laser 
power, whereas weld bead height prediction is driven 
mainly by laser power and welding speed

(4)	 Subsequent SHAP threshold analysis uncovered that 
each process parameter exhibits a threshold above 

which its influence on weld bead formation can 
undergo significant shifts in direction or magnitude.

Although the method delivers encouraging results, 
PSO-EP presently depends on optimizing base model 
weights within a fixed framework, thereby constraining 
its flexibility and extensibility. Hence, future studies might 
explore more self-adaptive or hierarchical ensemble 
schemes to augment the model’s representational capacity 
and generalization.
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