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Abstract

Laser Metal Deposition (LMD) offers significant potential for optimizing local component
properties through local reinforcement or coating, enabling enhanced performance and
functionality. It is widely applied in repair and remanufacturing, where precise control of material
deposition is essential for restoring component geometry. However, achieving high geometric
accuracy requires robust process control strategies and a systematic link between target geometry
and process parameters.

In this context, this paper presents a data-driven approach to realize variable wall thickness in LMD
based on an artificial neural network (ANN). A multilayer feed-forward network is trained on a
combined dataset of experimental measurements and FEM-based simulations to capture the
relationship between process parameters and meltpool geometry. The model is embedded in an
inverse optimization framework to determine process parameters for predefined target geometries.
Experimental validation on a demonstrator confirms controlled variation of track width at
approximately constant height, demonstrating improved dimensional controllability and process
efficiency.

Keywords
Additive Manufacturing (AM), Laser Metal Deposition (LMD), Machine Learning (ML),
Remanufacturing

1 Introduction

Laser Metal Deposition (LMD) has become an established additive manufacturing process for the
fabrication, repair, and functional enhancement of metallic components, particularly in tooling and
turbomachinery applications [1,2]. Its capability to locally add material makes it especially suitable
for applications requiring tailored material distribution or geometry adaptation.

However, the reliable manufacturing of geometrically accurate structures remains a major
challenge in LMD [3]. Due to the layer-wise deposition of overlapping melt tracks, local deviations
in material accumulation frequently occur. Excess material deposition leads to surface irregularities
and dimensional inaccuracies, while insufficient deposition in regions with complex geometries
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can result in pores or incomplete filling of the target geometry. These effects limit the achievable

dimensional accuracy and reproducibility of the process.

A key challenge lies in the lack of a direct relationship between desired track geometry and the
corresponding process parameters. In conventional approaches, parameter selection is largely
based on empirical knowledge or simplified assumptions, requiring extensive experimental effort.

Toolpath planning strategies are commonly used to improve process quality and can be divided
into offline and online approaches [4,5]. While online approaches enable real-time adaptation based
on sensor feedback and are therefore considered highly promising, their industrial application
remains challenging due to sensor limitations, process complexity, and restricted controllability of
certain parameters. In particular, the powder mass flow rate cannot be adjusted with sufficient
temporal resolution during deposition. As a result, effective process control is primarily achieved
through laser power and scanning speed.

Consequently, offline process planning remains widely used in industrial practice. Enhancing these
approaches with predictive models enables a systematic adaptation of process parameters along the
toolpath without requiring real-time feedback [6].

Machine learning approaches have been investigated to capture complex and nonlinear
relationships in LMD processes [7-9]. However, most existing studies focus on monitoring or
defect detection, while the direct prediction of process parameters for a predefined geometry,
particularly in an inverse formulation, remains insufficiently explored [10,11].

2 Aim of the Investigation

Achieving high geometric accuracy in LMD requires a systematic link between target geometry
and process parameters. Building on previous work of the authors, in which a finite element model
(FEM) was developed to predict melt pool geometry, this study extends the approach toward
geometry-driven process control [12—14].

The objective of this work is to enable the prediction of process parameters for a predefined single-
track geometry using a data-driven surrogate model. For this purpose, an artificial neural network
is trained on a combined dataset of simulation and experimental data, capturing both physically
consistent trends and real-process variability.

The trained model is coupled with an inverse optimization strategy to determine suitable process
parameters for a given target geometry, establishing a continuous pipeline from geometry definition
to parameter selection.

The capability of the proposed approach is demonstrated by the realization of a variable wall
thickness with predicted process parameters in single-track deposition. The results highlight the
potential of machine-learning-assisted process parameter prediction to improve geometric accuracy
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and process stability and underline its relevance as a building block for future geometry-aware

toolpath planning strategies in LMD.
3 Materials and Experimental Details

3.1 Data Generation via FEM and Experiments

To establish a data-driven relationship between process parameters and resulting track geometry, a
sufficiently large and consistent dataset is required. In this work, this requirement is addressed by
combining experimental measurements with simulation-based data generation.

The simulation data are obtained from a finite element model of the LMD process which was
developed and continuously refined in previous work of the authors [12—19]. The model describes
track formation as a coupled thermo-physical problem, accounting for heat conduction, mass
addition, and free surface evolution based on the Young—Laplace equation with mass conservation.
Powder particles are treated as a volumetric heat source or sink depending on their thermal state
and interaction with the melt pool. A detailed mathematical description can be found in previous
publications [12]. Due to the high computational cost of fully transient simulations, a quasi-
stationary approach is applied, enabling efficient evaluation of large parameter spaces while
maintaining sufficient accuracy.

Figure 1 shows a comparison between the simulated temperature distribution of a representative
single track and the corresponding experimental cross section in the YZ plane. Deviations between
simulated and experimentally measured melt pool width, depth, and height remain below 10 %,
confirming the validity of the model for data generation [13].

gigg Tsolidus = 1260 ° C

— 2200
— 2000
— 1800

— 1600

1400
1260

temperature T [° C]

melt pool contour
Figure 1: left: side view of the temperature distribution of an exemplary single track simulation, right: YZ cross section

perpendicular to the scan velocity along A::A and overlay with optical microscopy [12,13]

An important model extension is the incorporation of powder shielding effects. The attenuation of
the laser beam by the powder jet is considered by adapting the local energy input based on empirical
particle distributions [20,21].

To enable high-throughput data generation, a fully automated simulation workflow is implemented.
The workflow includes parameter generation based on a design of experiments (DoE), simulation
execution, and automated extraction of melt pool geometries. Although the FEM solver itself
operates sequentially, multiple simulations are executed in parallel at the process level. Using this
approach, a total of 2,160 steady-state simulation cases are evaluated within a structured parameter
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sweep. In this study, Inconel (IN625) was used as the deposited material and stainless steel as the

substrate, with temperature-dependent thermophysical properties obtained from manufacturer
datasheets (Special Metals), ASM Handbooks, and the NIST database [22].

The investigated DoE spans laser power in the range of 1000 W and 3000 W, scanning speed
between 6.7 mm/s and 36.7 mm/s, and powder feed rates between 15 g/min and 30 g/min, covering
the relevant process window for stable single-track deposition reported in literature for laser-based
deposition of IN625 [23-25].

In addition to simulation data, experimental measurements from single-track depositions are
incorporated. The experiments are carried out on an Okuma MU-6300V LASER EX machine
equipped with a Trumpf Yb:Y AG disk laser operating at a wavelength of 1030 nm and a maximum
laser power of 4000 W. A Gaussian beam profile with a laser spot diameter of 3 mm is used. The
deposition is performed using a ring-gap nozzle with argon as shielding gas, processing IN625
powder on steel. The experimental parameter space covers scanning speeds between 6.7 mm/s and
33.3 mm/s, laser power between 800 W and 2200 W, and powder mass flow rates between 12 g/min
and 18 g/min. In total, 151 cross-sectional samples are generated and prepared metallographically.
The resulting melt pool geometries are evaluated using optical microscopy to determine track
width, depth, and height.

3.2 Data Processing

Data cleaning is performed to ensure physical consistency and robustness of the dataset. Non-
physical simulation results, such as unstable melt pool formations or numerical artifacts, are
removed. Additionally, statistical outliers are filtered using an interquartile range (IQR) method to
eliminate extreme values that are not representative of stable process conditions. Only samples with
complete geometric information are retained. After data cleaning, the final dataset consists of 1,869
valid samples, including 1,805 simulation-based data points and 64 experimental samples.

3.3 ANN Surrogate Model and Optimization Framework

To approximate the nonlinear relationship between process parameters and melt pool geometry,
data-driven regression models are investigated. Different model configurations and preprocessing
strategies are evaluated to identify a suitable representation of the process behavior. A systematic
comparison of several regression algorithms further confirmed that the multilayer perceptron
combined with standard z-score scaling provides the most reliable representation of the process
behaviour, whereas linear models were unable to capture the strong nonlinear coupling between
parameters and meltpool geometry, in agreement with thermo-physical analyses of DED track
formation reported by Perani et al [8].

Based on this analysis, a multilayer perceptron (MLP) is selected as the most reliable surrogate
model. The network consists of four hidden layers with a 256—128-64-32 neuron topology.
Rectified linear unit (ReLU) activation functions are used in the hidden layers, while the output
layer remains linear to enable regression of continuous geometric variables. The model is trained
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using supervised learning on the combined dataset. To improve generalization, L2 regularization

1s applied, and the dataset is split into training and validation subsets using an 80/20 ratio with a

fixed random seed. Different data scaling approaches are evaluated, and standardized normalization
is selected to ensure stable training behavior.

The input vector of the forward ANN model consists of the relevant process parameters, including
laser power, scanning speed, absorptivity, spot diameter, powder feed rate, and powder efficiency.
The output vector represents the resulting melt pool geometry in terms of width, depth, and height.
All input and output variables are normalized using a z-score transformation to ensure balanced
learning across different feature scales. To represent systematic differences between simulation
derived and experimental data, a binary indicator IS,,, € {0,1} is included, where IS,,, =0
denotes simulation data and IS,,, = 1 experimental data, enabling the model to account for

domain-specific deviations.

Model performance is evaluated using the coefficient of determination (R?) and the mean absolute
error (MAE). Once trained, the ANN serves as a computationally efficient surrogate model. This
significantly reduces the need for computationally expensive FEM simulations during process
design.

To enable geometry-driven process parameter selection, the trained forward ANN is embedded into
an inverse optimization framework, where the surrogate model is iteratively queried to identify
parameter sets that reproduce a desired target geometry, as illustrated in Figure 2.

Target o . Con- Extracted Welding
Melgt Pool Optimizer with vergence Parameters
Initial Guess Check with

Geometry \ Height

Target

Laser Power
Scan Speed

Input Layer Hidden Layers Output Layer
32
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“"/'\,’,@\o*“\'ﬁt\\v
coee -

(i D Depth
/I 0\\

i /‘\ 2\‘\\\ l'\ H Height
AN

Hidden Hidden Hidden Hldden
Layer 1 Layer 2 Layer 3 Layer 4

Power

Speed

iy W width
Absorptivity

—> Spot Diameter

Powder Flow

Efficiency

Experimental Flag

Figure 2: Schematic representation of the optimization framework developed for geometry-driven process parameter selection

The optimization starts from an initial guess within a predefined process window, where parameter
bounds are set based on physically feasible ranges from the calibration study. An initial population
of candidate parameter sets is generated via stochastic sampling and iteratively evolved by the
optimizer. The resulting melt pool geometry is evaluated using the ANN surrogate model and
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compared to the target geometry, with the population updated until the deviation is minimized. The

final solution represents a physically consistent set of process parameters to achieve the desired
melt pool geometry.

4 Results and Discussion

The following sections present the main results of this study with respect to the proposed
framework for geometry-driven process parameter selection. The evaluation focuses on four key
aspects: the acceleration of FEM-based data generation, the predictive accuracy of the surrogate
model, the capability of the inverse optimization for geometry-based parameter prediction, and the
experimental validation of the predicted parameters, including the realization of variable wall
thickness.

4.1 Acceleration of FEM-Based Data Generation

A central contribution of this work is the significant improvement in computational efficiency of
the FEM model of the melt pool formation through workflow automation and process-level
parallelization. Through parallel execution of multiple simulation instances and optimization of the
numerical workflow, the total runtime for approximately 50 parameter sets was reduced to
approximately 8—10 h from around 150h.

This corresponds to an overall speedup factor of approximately 20-25, while maintaining the
physical fidelity of the model. The improved efficiency enabled the systematic evaluation of more
than 2,000 parameter combinations within a feasible time frame, which would not have been
practical using the initial simulation setup. In addition, the integration of extended physical effects,
such as powder shielding, further improved the consistency of the simulation results without
increasing computational costs significantly.

4.2 Surrogate Model Accuracy for Melt Pool Geometry Prediction

Based on the dataset generated, a surrogate modeling framework was established to approximate
the relationship between process parameters and melt pool geometry. The predictive performance
of the trained ANN is evaluated on an unseen test dataset.

Figure 3a shows the training history of the selected model, where the loss decreases rapidly during
the initial epochs and converges towards a stable plateau after approximately 200 epochs without
divergence, indicating stable training behavior and effective regularization.
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Figure 3: (a) Loss curve during training of the retained MLP (b) Combined parity plot showing predicted vs reference values

The predictive performance is illustrated in the combined parity plot in Figure 3b, showing the
agreement between predicted and reference values for the summarized collection of melt pool
geometries (width, depth, and height). The model achieves an overall coefficient of determination
of R = 0.994, demonstrating that the surrogate captures the dominant process relationships across
the investigated parameter range. This behavior suggests that the applied normalization and
regularization strategy effectively limits overfitting, which has been identified as a frequent
challenge in deep-learning-based DED models [10].

A more detailed evaluation of the single melt pool predictions is summarized in Table 1. The model
achieves R? values 0of 0.9681 for depth, 0.9874 for width, and 0.9746 for height, with corresponding
mean absolute errors of 10.4 um, 27.9 um, and 48.7 um. Over 93 % of all predictions lie within
the +£100 pm tolerance band defined by the experimental measurement uncertainty. These values
are comparable to, and slightly higher than, the maximum R? = 0.975 reported by Sarparast for a
combined FEM—ANN morphology prediction framework et al. (2025) [27].

Table 1: The prediction metrics for each melt pool dimension.

Target R? MAE(um) % £100 Max |Resid| (um)
Depth 0.9681 10.4 98.9 % 195
Width 0.9874 279 96.5 % 756
Height 0.9746 48.7 93.3 % 1202

In summary the highest prediction accuracy is observed for melt pool depth. Melt pool width is
also predicted reliably, while larger deviations are observed for melt pool height. This difference
arises from the underlying formation mechanisms. Depth and width are mainly governed by
thermal input and therefore show a more stable dependency on the process parameters. In contrast,
track height is strongly influenced by the effective mass input into the melt pool, which introduces
additional variability and makes accurate prediction more challenging. This includes not only the
nominal powder mass flow rate but also the interaction between powder particles, melt pool
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dynamics, and gas flow conditions. These effects introduce additional variability, which is only

partially captured in the available training of FEM data. As a result, the relationship between
process parameters and track height exhibits increased complexity and variability, leading to
reduced prediction accuracy compared to depth and width.

Residual analysis confirms that the prediction errors are centred around zero with no systematic
bias, indicating good generalization across the investigated geometry range. Overall, the achieved
accuracy demonstrates that the surrogate model provides a reliable forward approximation of the
process and is sufficiently accurate for use in inverse parameter optimization.

4.3 Inverse Optimization Results
The capability of the proposed framework to determine process parameters for predefined target
geometries is evaluated using the inverse optimization approach.

Representative results for low, medium, and high-power conditions are summarized in Table 2. For
each predefined target geometry, the inverse optimization determines a corresponding set of
process parameters using the inverse ANN surrogate model. The resulting parameter sets are
subsequently used to predict the melt pool geometry, and these predictions are compared with FEM
simulations and experimental measurements.

Across all investigated cases, the predicted melt pool width shows small deviations, typically
within +1-2 % compared to experimental results. This accuracy is comparable to the AIDED
framework proposed by Shang et al. (2025) [26], who reported relative errors of 1.75 % for track
width and 12.04 % for height during parameter recovery. The melt pool depth exhibits moderate
deviations, particularly in the low-power regime, where small variations in energy input have a
strong influence on penetration behavior. The largest deviations are observed for melt pool height,
with errors up to approximately 30—40 %, reflecting the known sensitivity of reinforcement to
powder-related effects.

Despite these deviations, the predicted geometries follow the expected trends across the parameter
range investigated. Furthermore, all optimized parameter sets remain within the physically
consistent operating window defined by the calibration study, indicating that the inverse
optimization produces feasible and stable solutions.

Table 2: Inverse Optimization Results

Parameter Case 1 (Low power) | Case 2 (Mid power) | Case 3 (High power)
Target (W/D/H) 1800/150/600 2000/300/800 2500/450/800
Power (W) 1000 1587.6 2074

Speed (mm/s) 23.83 33.33 26.67
Absorptivity (%) 50 50 50

Powder efficiency (%) 60 60 70
Predicted (W/D/H) 1698/126/818.2 2075/289.6/980 2444.8/490/819.2
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Experimental Power (W) 1000 1600 2000
Experimental Speed (mm/s) 23.23 33.33 26.67
Experimental (W/D/H) 1673/150/733 2051/252/537 2393/498/636
Error Width (%) +1.5 +1.2 +2.2
Error Depth (%) -16.0 +14.9 -1.6
Error Height (%) +11.6 +42.5 +28.8

4.4 Experimental Validation and Demonstration of Variable Wall Thickness

To validate the practical applicability of the proposed framework, the predicted process parameters
are transferred to single-track deposition experiments. Figure 4 shows a representative single-track
experiment, where the track width is continuously varied over a length of 36 mm while maintaining
an approximately constant track height of about 200 um. The profilometry data demonstrates a
deviation of approximately 26 um, corresponding to a relative error below 13%, while the track
width is adjusted over a wide range. Within this configuration, a controllable width range from 0.9
mm to 1.95 mm is achieved, corresponding to an adjustment factor of 2.2. This confirms that width
and height can be decoupled to a significant extent by appropriate parameter selection.

B 9 7P P bt &

e A T

d

[ 26 um | .
a ' [196um  Track height h H‘

Figure 4: Profilometry of a melt track with variable width (between Imm to 3mm) and constant track height (error <13%)

Beyond this representative example, additional validation experiments were conducted at different
height levels and process conditions. For a second parameter set, a width range from 1914 um to
2500 pum is obtained at approximately 500 um track height, corresponding to a factor of 1.31. Ata
higher track height of approximately 900 um, the adjustable width range increases to 1696 pm to
2772 pum, corresponding to a factor of 1.63.

These results demonstrate that, in contrast to conventional parameter selection, where the resulting
geometry is largely determined by a fixed process equilibrium, the proposed framework enables a
targeted and reproducible adjustment of track width at approximately constant track height. Across
all investigated configurations, the achievable degree of geometric controllability is significantly
increased, with an improvement factor of up to 2.2 in terms of targeted dimensional adjustment.

Although deviations remain, particularly for melt pool height due to variations in powder delivery
and local process conditions, the overall geometric trends are reproduced reliably. These findings
confirm that the proposed framework provides a viable basis for geometry-driven process control
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and represents a key step towards adaptive toolpath strategies for variable wall thickness

manufacturing in LMD.
5 Summary

This work presents a data-driven framework for geometry-based process parameter selection in
Laser Metal Deposition (LMD), enabling the controlled variation of track geometry and the
realization of variable wall thickness. By combining an improved FEM-based simulation workflow
with process-level parallelization, a large and consistent dataset was generated with a
computational speedup of approximately 20-25. Based on this dataset, an artificial neural network
was trained to predict melt pool geometry from process parameters with high accuracy, achieving
R? values up to 0.99 and predictions largely within the experimental tolerance of =100 pm.

The trained model was further integrated into an inverse optimization framework, allowing the
determination of process parameters for predefined target geometries. The results show good
agreement between predicted, simulated, and experimental geometries, particularly for melt pool
width. Experimental validation confirms that the predicted parameters can be transferred to real
process conditions, enabling controlled variation of track width at approximately constant track
height. This results in a significant improvement in dimensional controllability, with an adjustable
width range corresponding to a factor of up to 2.2.

Despite these results, limitations remain, particularly regarding the reduced prediction accuracy for
melt pool height due to the influence of powder-related effects and local process variations, as well
as the restriction to single-track validation. Future work will focus on extending the experimental
dataset, improving the representation of material deposition effects, and transferring the approach
to multi-layer and geometry-dependent process control. For application to more complex
geometries, layer-to-layer interactions, heat accumulation, and geometry-dependent process
variations must be considered, along with integration into toolpath planning strategies. In addition,
automated acquisition of track geometry is required to further reduce the effort for data generation
and increase model versatility.
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