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Abstract

Optimizing process parameters in laser-based Directed Energy Deposition (DED) remains challenging due to nonlinear
interdependencies that influence geometric accuracy and mechanical performance. This study presents a machine learn-
ing—driven framework that integrates artificial neural network (ANN) surrogate modeling, evolutionary multi-objective
optimization, and multi-method sensitivity analysis to enhance process design and decision-making in DED. The frame-
work is experimentally validated using a 1 kW laser system to deposit Inconel 718 onto stainless steel substrates. Two case
studies are conducted: (i) optimization of bead geometry (width and dilution depth), and (ii) multi-layer cube fabrication
targeting dimensional accuracy and surface hardness. The ANN model is trained on data generated via Design of Experi-
ments, with its structure optimized using grid search to reduce prediction error and improve generalizability. Parameter
influence is quantified through three independent sensitivity analysis methods, enabling transparency and interpretability
in model behavior. Results show that laser power strongly influences bead width and build height, while nozzle speed and
inter-bead spacing affect dilution and deposition uniformity. The Non-Dominated Sorting Genetic Algorithm II (NSGA-II)
identifies Pareto-optimal parameter sets, achieving prediction errors below 5%, including dimensional error under 3% and
hardness deviation within 3.5%. Unlike prior ANN-NSGA-II approaches, this study integrates a grid search—optimized
ANN and applies three complementary sensitivity methods to enhance model interpretability and parameter insight. The
modular and data-optimization and significantly reduces experimental workload, supports explainable optimization, and
is generalizable to other additive processes. It provides a scalable and intelligent approach for process parameter design
in laser-based additive manufacturing.

Keywords Additive manufacturing - Directed energy deposition - Process optimization - Artificial neural networks -
Multi-Objective optimization - Sensitivity analysis

1 Introduction

Additive Manufacturing (AM) has revolutionized modern
manufacturing by enabling the fabrication of complex,
high-precision components with reduced material waste and
production time. Techniques such as Powder Bed Fusion
(PBF), Material Extrusion (ME), Directed Energy Deposi-
tion (DED), Binder Jetting (BJ), and Vat Photopolymeriza-
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high deposition rates. However, optimizing DED process
parameters remains a challenge because nonlinear interac-
tions between laser power, feed rate, powder flow rate, and
interlayer spacing influence dimensional accuracy, micro-
structure, mechanical properties, and residual stresses.
These complexities necessitate systematic and data-efficient
approaches for understanding and optimizing DED pro-
cesses [3-5].

1.1 Challenges in process optimization for DED

DED process performance is governed by strongly coupled
parameters—Ilaser power, feed rate, powder flow rate, and
interlayer spacing—whose nonlinear interactions directly
influence bead geometry, microstructure, and residual
stresses [6]. These interactions create competing trade-offs
that make systematic optimization difficult. Traditional
approaches based on trial-and-error or predefined regression
models are costly, time-consuming, and unable to capture
the nonlinear parameter dependencies observed in DED,
limiting their generalizability and use for reliable process
planning [6-8].

Physics-based simulations such as FEA and CFD offer
deeper insight but are computationally intensive and sensi-
tive to modeling assumptions, restricting their applicabil-
ity in real-time or iterative optimization. These limitations
motivate the use of machine-learning—based surrogate mod-
els that can efficiently approximate complex process behav-
iors while reducing experimental and computational burden
[9, 10].

1.2 Machine learning for process optimization

Machine learning (ML) has emerged as a powerful tool for
predictive modeling and process optimization in additive
manufacturing (AM), offering data-driven alternatives to
physics-based and regression-based approaches [11, 12].
Among ML techniques, artificial neural networks (ANNs)
are particularly effective for capturing nonlinear relation-
ships, enabling accurate prediction of bead geometry, dilu-
tion, and mechanical responses.

Numerous studies have demonstrated ANN capability
across AM applications, including parameter prediction
[13], hybrid ANN-PSO and RSM-based optimization [14],
multi-criteria decision-making [15], thermal field prediction
with significant computational reductions [16], and geomet-
ric compensation to improve dimensional accuracy [17].
Recent Al-driven developments in 3D printing have dem-
onstrated that stacking artificial-intelligence frameworks
can substantially improve prediction accuracy, reduce print-
ing time, and lower material consumption [18]. Earlier
data-driven modeling approaches have also shown strong
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capability in automatically determining optimal printing
parameters [19]. Comprehensive surveys further emphasize
that, despite progress in Al-based monitoring and parameter
tuning, many existing methods remain application-specific
and lack unified, interpretable predictive—optimization
frameworks [20, 21]. These insights reinforce the need for
integrated and data-efficient approaches, motivating the
combined ANN, multi-method sensitivity analysis, and
NSGA-II framework proposed in this study.

A key limitation of ANNs in AM applications is their
black-box nature, which obscures how individual process
parameters influence predicted outcomes [22]. Sensitiv-
ity analysis provides a means of addressing this issue by
quantifying parameter influence and improving interpret-
ability. Accurate model behavior, however, also depends on
appropriate network architecture selection; overly complex
networks can lead to overfitting and high computational
cost, while overly simple architectures may miss critical
nonlinear relationships [23-25]. These challenges high-
light the need for structured and interpretable ANN-based
approaches, motivating the integration of multi-method
sensitivity analysis to enhance transparency, generalization,
and confidence in Al-driven AM optimization.

1.3 The role of design of experiments (DOE) in AM
optimization

Training ANNs effectively requires datasets that cap-
ture sufficient variability across the design space, making
Design of Experiments (DOE) essential for structured and
efficient sampling. DOE techniques facilitate systematic
selection of parameter combinations, reducing unneces-
sary experiments while improving model generalization.
Approaches such as full-factorial and space-filling designs
(e.g., Sobol sequences, Latin hypercube) and classical
methods like Central Composite Design (CCD) help ensure
that key process interactions are represented without bias.
Well-designed datasets support accurate surrogate modeling
by mitigating overfitting and enhancing the robustness of
ANN-based optimization frameworks [26, 27].

1.4 Integrating prediction with multi-objective
optimization

ANNSs provide accurate predictions of process outcomes
but do not inherently support parameter optimization, mak-
ing their integration with multi-objective strategies essen-
tial for AM applications involving competing performance
metrics. Single-objective methods are insufficient in cases
where improvements in mechanical strength may increase
residual stresses or affect dimensional accuracy; therefore,
multi-objective optimization (MOO) is required to balance
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geometric fidelity, mechanical properties, production effi-
ciency, and material usage [28]. MOO techniques generate
Pareto fronts that reveal optimal trade-offs, allowing engi-
neers to select solutions according to application-specific
priorities.

Recent advancements such as multi-objective Bayesian
optimization have demonstrated rapid Pareto-front con-
struction with limited experimental evaluations [29]. Meta-
heuristic algorithms—including genetic algorithms, particle
swarm optimization, and simulated annealing—are widely
used for complex multi-objective problems where explicit
mathematical models are unavailable. Among these, NSGA-
IT effectively handles high-dimensional, nonlinear design
spaces and has been broadly adopted in AM for balancing
conflicting objectives across diverse processes [30—33].

However, most existing NSGA-II applications operate
without predictive modeling, limiting their adaptability and
computational efficiency. This gap motivates the integration
of ANN-based surrogate modeling with NSGA-II to enable
faster, more informed decision-making and robust process
parameter optimization.

1.5 Research gap and proposed framework

Although multi-objective optimization (MOO) is widely
used in AM to balance competing goals such as strength,
distortion, deposition efficiency, and material usage, many
existing studies still rely on direct experimentation or pre-
defined regression models that struggle to represent the non-
linear and dynamic behavior of AM processes. Approaches
based on GRA, RSM, Taguchi, or metaheuristic algorithms
have shown value for specific applications [34—39], but they
depend on simplified model structures or extensive param-
eter scanning, limiting adaptability and restricting their abil-
ity to generalize across broader processing conditions.

To address these limitations, this study introduces an
integrated framework that couples ANN-based surro-
gate modeling with multi-method sensitivity analysis and
NSGA-II evolutionary optimization. The ANN component
is tuned through a structured grid search to ensure stable
prediction quality, while three complementary sensitivity
techniques—Partial Derivative, weights-based, and Profile
methods—provide both local and global interpretability of
parameter influence. This combination supports data-driven
learning of process behavior and enables transparent evalu-
ation of trade-offs across conflicting objectives.

The proposed workflow consists of: (i) ANN architecture
tuning to avoid overfitting or underfitting, (i) multi-method
sensitivity analysis to quantify parameter significance with
interpretable metrics, and (iii) NSGA-II optimization to
generate Pareto-optimal solutions aligned with applica-
tion-specific priorities. Together, these modules create an

explainable and computationally efficient optimization
environment for DED process tuning.

Although demonstrated here through two experimen-
tal DED case studies, the modular construction of the
framework—centered on general principles of surrogate
modeling, sensitivity analysis, and multi-objective optimi-
zation—suggests potential applicability to other manufac-
turing processes such as Selective Laser Melting (SLM),
welding, and CNC machining. Extending the framework
to such processes would require process-specific datasets
and additional validation, but its architecture is designed to
accommodate different input—output relationships and mod-
eling requirements.

By combining interpretable surrogate modeling with
multi-objective evolutionary optimization, the framework
advances Al-driven process control in AM, supporting
improved precision, repeatability, and informed decision-
making in complex manufacturing environments.

2 Methodology

This study develops an integrated neural network-driven
multi-objective optimization framework for Directed
Energy Deposition (DED). The methodology consists of
four key components:

i.  Data collection through Design of Experiments (DOE),

ii. Artificial Neural Network (ANN) modeling for process
outcome prediction,

iii. Sensitivity analysis using the Partial Derivative (PaD)
method, weights-based sensitivity analysis, and the Pro-
file Method, and.

iv. Multi-objective optimization using the Non-Dominated
Sorting Genetic Algorithm II (NSGA-II).

The framework analyzes key DED process parameters,
including laser power (LP), nozzle speed (NS), interlayer
bead spacing (IBS), and powder feed rate (PFR), to iden-
tify optimal trade-offs among multiple performance objec-
tives such as bead width, dilution depth, cube height, and
hardness. Two experimental case studies—single-bead
fabrication and cube fabrication—validate the proposed
framework, demonstrating its effectiveness in optimizing
geometric and mechanical properties in AM.

2.1 Design of experiments (DOE)
Data for model development were generated using struc-
tured Design of Experiments (DOE) strategies tailored to

the objectives of this study outputs [26, 40]. The DOE pro-
vides the datasets required for training surrogate models and
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supporting subsequent sensitivity analysis and multi-objec-
tive optimization.

This study employs two experimental case studies, each
using a different DOE strategy to systematically vary key
input parameters of the Directed Energy Deposition (DED)
process. The first case study follows a full factorial design
to capture primary parameter interactions, while the second
case study integrates a space-filling Sobol sequence with a
Central Composite Design (CCD) to ensure broad coverage
of the design space and to support surrogate-based model-
ing [41, 42]. Detailed experimental configurations and DOE
specifications for each case study are provided in the cor-
responding case-study sections.

2.2 Optimizing ANN architecture for additive
manufacturing

Artificial Neural Networks (ANNs) based on the Multi-
Layer Perceptron (MLP) architecture were employed as
surrogate models to capture the nonlinear relationships
between DED process parameters and corresponding pro-
cess outcomes [43]. In this study, the ANN maps a vector
of process inputs to predicted responses such as bead width
and dilution depth.

A schematic of the adopted MLP architecture is shown in
Fig. 1, illustrating the fully connected structure between the
input, hidden, and output layers. For a single-hidden-layer
network, the ANN model can be expressed as:

Yy =[f(Who 0o (Win-x+b1)+by) (1

TS

Hidden Layer

Input Layer

X

X3

Xn

Output Layer

Net
function

Activation
function

Weights

Fig. 1 Schematic representation of an ANN Multi-Layer Perceptron (MLP) showing input, hidden, and output layers with weighted connections
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Where x is the input vector, Wy, and W;;, denote the
weight matrices of the hidden and output layers, respec-
tively, b; and by are the corresponding bias terms, and
o (- ) represents the activation function. In this work, a
hyperbolic tangent sigmoid activation function was used in
the hidden layer:

2

The network output y corresponds to the predicted process
response. Model training was performed by minimizing the
Mean Squared Error (MSE) between predicted and experi-
mental values:

1 ~
MSE=—3% 1Li(v, — %) 3)

where y, and ¥, denote the experimental and ANN-
predicted responses, respectively. Weight updates were
obtained through iterative optimization during training to
achieve convergence of the prediction error. Minimization
of the MSE was carried out using the Levenberg—Marquardt
optimization algorithm, which iteratively updates the net-
work weights to achieve convergence of the prediction error.

2.2.1 Balancing model complexity: overfitting vs.
Underfitting

Achieving an optimal ANN architecture requires balancing
model complexity to prevent overfitting and underfitting

[44]. Overfitting occurs when the model is too complex,
capturing noise along with meaningful patterns, leading to
poor generalization. Underfitting, in contrast, results from
an overly simplistic model that fails to capture key relation-
ships, reducing performance on both training and testing
data.

To address this, a grid-search strategy was employed to
systematically evaluate the effect of the number of layers
and neurons on surrogate-model accuracy. Multiple ANN
configurations were trained and compared using the Root
Mean Squared Error (RMSE) on the training (70%), vali-
dation (15%), and testing (15%) subsets. This ensured that
the final ANN model maintained sufficient representational
capacity while avoiding unnecessary complexity.

Figure 2 presents the ANN optimization flowchart,
illustrating the network-selection process from data pre-
processing to final model evaluation. A Monte-Carlo resa-
mpling—based optimization framework was implemented to
enhance robustness in the small-data regime. For each of
approximately 1500 independent training runs, the dataset
was normalized using mapminmax and randomly divided
into training, validation, and test subsets (70/15/15). The
hyperparameter search space included 1-3 hidden layers
and 1-12 neurons per layer, with a hyperbolic tangent sig-
moid (tansig) activation function in the hidden layers and
purelin in the output layer. Training was carried out using
the Levenberg—Marquardt algorithm (trainlm) with valida-
tion-based early stopping (maximum six validation checks).
Each run began from a new random initialization.

A model was accepted as the new best architecture only
when all major performance metrics (RMSE, R, and R?

Start:
Load Dataset

(x,y)

Preprocess Data:

(Train, Validation, Test)

Normalize and Split —>|

Loop Over Hidden Layer
Configurations

Initialize Variables:
Storage for Metrics

Update Best Model if Compute Performance Metrics

A

Performance Improves (RMSE, R, R?)

Train Neural Network <«— For Each Hidden Layer Size

Generate and Save Plots

Save Best Model and
Workspace Variables

Fig. 2 ANN Optimization Flowchart representing the process of optimizing the neural network architecture through grid search, evaluating per-

formance, and selecting the best model
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across training, validation, and test sets) improved simulta-
neously. This strict multi-metric selection rule ensures that
the final surrogate model is not dependent on any single data
partition but instead represents the most stable and statisti-
cally reliable network identified across extensive random-
ized resampling.

All ANN preprocessing steps, input—output normaliza-
tion procedures, randomized data partitioning, hyperpa-
rameter search ranges, random initialization protocols, and
model-selection criteria are detailed in the subsequent ANN
methodology subsection.

2.3 Multi-Objective optimization using NSGA-II

To identify optimal trade-offs among competing perfor-
mance objectives in the Directed Energy Deposition (DED)
process, this study employs the Non-Dominated Sorting
Genetic Algorithm II (NSGA-II), a widely used evolution-
ary algorithm for multi-objective optimization [45]. Popu-
lation-based evolutionary optimizers such as NSGA-II are
well suited for complex manufacturing problems due to
their ability to efficiently explore nonlinear, high-dimen-
sional design spaces without requiring gradient information
[46, 47].

In the proposed framework, NSGA-II is integrated with
trained Artificial Neural Network (ANN) surrogate mod-
els, which provide rapid predictions of process responses
for candidate parameter sets. This surrogate-assisted strat-
egy enables efficient exploration of the design space while
avoiding additional experimental trials or computationally
expensive physics-based simulations. All objectives were
formulated within a consistent minimization framework;
objectives originally defined as maximization goals were
converted by sign inversion. Objective values were handled
directly by the solver, as their numerical scales were compa-
rable within each case study.

NSGA-II applies an elitist non-dominated sorting
strategy to rank candidate solutions according to Pareto
dominance, while solution diversity is preserved using a
crowding-distance mechanism [30]. A solution is consid-
ered Pareto optimal if it is no worse than any other solution
across all objectives and strictly better in at least one objec-
tive [48]. Through this mechanism, NSGA-II generates a set
of non-dominated solutions that represent trade-offs among
conflicting objectives rather than a single optimal point.

During each iteration, parent and offspring populations
are combined and ranked, and the next generation is con-
structed by prioritizing solutions with superior dominance
rank and greater crowding distance. Genetic operators,
including crossover and mutation, are applied to generate
new candidate solutions, and the process is repeated until
the predefined termination criteria are met. The resulting
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Pareto front provides a structured representation of achiev-
able trade-offs, enabling informed selection of process
parameters according to application-specific [49, 50].

Figure 3 presents a schematic overview of the NSGA-
II workflow adopted in this study, illustrating the iterative
population initialization, surrogate-based fitness evaluation,
non-dominated sorting, diversity preservation, and Pareto-
front generation steps [51]. Detailed solver configurations,
convergence behavior, and multi-run stability analyses are
reported separately for each experimental case study in
Sect. 4.1.4 and 4.2.4.

2.4 Sensitivity analysis

To better understand the influence of process parameters,
sensitivity analysis was conducted using three methods: the
Partial Derivative (PaD) method, weights-based sensitivity
analysis, and the Profile Method. Each method quantifies
the impact of input variables on Artificial Neural Network
(ANN) predictions, offering insights into parameter signifi-
cance and model behavior.

2.4.1 Partial derivative method (PaD)

The Partial Derivative (PaD) method quantifies how changes
in each input parameter affect ANN outputs by computing
first-order partial derivatives. This technique provides an
analytical measure of parameter influence, making it use-
ful for interpreting the internal mechanisms of ANN models
[22, 52].

For a feedforward neural network with J input neurons,
H hidden neurons, and one output neuron, the sensitivity S;
of the output y with respect to the input x; is computed as:

dy

=D ieaWon- o' (z1) - Wiy 4)

where:

Wop, 1s the weight from hidden neuron 4 to the output.
Wh; is the weight from input x; to hidden neuron #,
and.

e o' (zh)isthe derivative of the activation function, giv-
en for the hyperbolic tangent sigmoid function as:

o' (Z}L) =1- a%,ﬁ ap, = tanh <bh + Z .74:1Whj . xj) (5)
e b, is the bias term of the hidden neuron.

The total contribution of each input is quantified using the
Sum of Squared Derivatives (SSD):
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Fig. 3 Schematic representation of the NSGA-II procedure used for Pareto-front generation in the proposed optimization framework
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Ssp; =3 N, (;;’j.) ©)

n

Where SSD; represents the cumulative sensitivity of input x;
across N samples. In this study, partial derivatives are evalu-
ated in the normalized input space, and SSD aggregation
provides a magnitude-based measure of sensitivity, thereby
removing sign information. A higher SSD; value indicates
greater influence of the input variable on ANN predictions.

The PaD method enhances ANN interpretability by rank-
ing input importance based on connection weights and
activation behavior, making it particularly effective for com-
plex, nonlinear models [22]. While local derivative signs
can indicate directional trends, SSD-based rankings are pri-
marily used here to assess relative parameter importance,
which is appropriate for nonlinear systems with varying
local sensitivities [52]. In this study, PaD-based sensitivity
rankings are used to identify dominant process parameters,
with their statistical behavior and stability examined in the
corresponding case studies.

2.4.2 Weights-Based sensitivity analysis

The weights-based sensitivity analysis determines the rela-
tive importance (RI) of input variables in an ANN by evalu-
ating the absolute magnitudes of connection weights across
layers. This method considers both input-to-hidden and

hidden-to-output weight contributions, ensuring a compre-
hensive assessment of variable significance [53].

The weights-based sensitivity analysis follows a three-
stage process to determine the relative importance of input
variables in an ANN. In the first stage, the contribution of
each input is computed by multiplying the absolute values
of the input-to-hidden layer weights with the corresponding
hidden-to-output layer weights:

Pip = [Win| - [Whol @)

where P, represents the weighted contribution of input i
through hidden neuron 4.

In the second stage, these weighted contributions are nor-
malized to ensure comparability across neurons:

j
Qin = m (3

In the final stage, the relative importance (RI) of each input
is determined by aggregating the normalized contributions
across all hidden neurons:

> }Ijleih
Rli= w5
Z h:lz i:lQih

where RI; represents the percentage contribution of input
i to the ANN output. The use of absolute weights avoids

x 100 ©9)
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sign cancellation effects, and the stability of the resulting
rankings is examined through cross-method comparison in
Sect. 2.4.4. The weights-based method provides a comple-
mentary, architecture-level view of input importance, and
its consistency with other sensitivity measures is evaluated
in the case studies.

2.4.3 Profile method

The Profile Method systematically evaluates the sensitiv-
ity of input variables in an ANN while holding all other
inputs constant at predefined levels [54]. Unlike weight-
based methods, this approach directly examines the effect
of parameter variations while considering nonlinear
interactions.

Each input variable is divided into equal intervals
(referred to as the scale) spanning its minimum to maxi-
mum values. To account for interaction effects, all remain-
ing variables are fixed at five reference levels: minimum,
first quartile (25%), median (50%), third quartile (75%),
and maximum. The ANN output is computed for each scale
level, and the median response across the five conditions is
recorded to form a profile curve [22] (Fig. 4).

The contribution C; of input variable i is computed as:

mazx (Y;) — min (Y;)

Ci = > (max (Y;) — min (Y;))

x 100 (10)

where Y; represents the ANN outputs obtained when vary-

ing input ; across its scale while keeping other variables
fixed. max(Y;) and min(Y;) denote the maximum and mini-
mum ANN output values for input i.

Multiple scales (12, 24, 48, 96, 144, and 192) were
tested, and convergence was assessed based on the stabil-
ity of sensitivity rankings across increasing resolutions.
The Profile Method is particularly valuable for analyzing
nonlinear interactions and capturing variable importance in

X X3 . Xn
o 5 responses
§ = | per point
4 p--- Fix other variables at:
S - - minimum L
6 F--- - Ist quartile (25%) Median
7 F--- -median  (50%) values
8 b--m - 31 quartile (75%)
[SJ S— - maximum
10 f=-- -
11 F--- Profile of
12 b--- contribution graphs

Fig. 4 Simplified representation of the Profile Method, illustrating the
process of systematically varying one input while keeping others fixed
at predefined levels to generate contribution profiles
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complex ANN models, while detailed interaction analyses
are presented in the corresponding case studies.

2.4.4 Cross-Method consistency and Rank-Correlation
analysis

To evaluate the robustness of the sensitivity analysis, the
rankings obtained from the PaD, weights-based, and pro-
file methods were compared using non-parametric rank-
correlation metrics. Agreement among these independent
techniques supports the conclusion that the identified
parameter hierarchies are not artifacts of any single sensi-
tivity definition.

Rank similarity was assessed using Spearman’s rank cor-
relation coefficient (p) and Kendall’s rank coefficient (t)
[55, 56]. For two ranked variables R,and R,, Spearman’s
p is defined as:

2
162 i (Bei — Ry

n(n? —1) (b

p:

Kendall’s t evaluates the agreement based on the number of
concordant (C) and discordant (D) pairs:

_ ¢-D
T %n(n —-1) (12)

Both coefficients range from —1 (perfect disagreement)
to +1 (perfect agreement), with values near +1 indicating
strong consistency in parameter rankings across the three
sensitivity methods.

2.5 Architecture and generalizability of the
framework

The proposed optimization framework is designed with
a modular and scalable architecture that enables seam-
less integration of data-driven modeling, interpretabil-
ity mechanisms, and evolutionary optimization. The core
components—artificial neural networks (ANNs), sensitiv-
ity analysis, and NSGA-II—are independently structured,
allowing for flexibility in model replacement or extension.
For instance, while an ANN-based surrogate model is used
in this study, the structure supports alternative machine
learning models (e.g., decision trees, Gaussian processes)
as needed.

The incorporation of three complementary sensitivity
analysis methods (partial derivatives, weights-based, and
profile method) not only improves transparency but also
allows users to interpret the contribution of each input vari-
able, building trust in the model’s predictions. This inter-
pretability is particularly important in high-stakes industrial
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settings, where decision-making must be guided by under-
standable and verifiable data.

Although the framework is validated through two case
studies in laser-based Directed Energy Deposition (DED),
it is intentionally designed to be generalizable to other
advanced manufacturing domains. These include Powder
Bed Fusion (PBF), Selective Laser Melting (SLM), Elec-
tron Beam Melting (EBM), welding, and even subtractive
processes like CNC machining. The surrogate-optimizer
combination is equally applicable in any setting where non-
linear, multi-objective parameter tuning is required.

Overall, the framework serves as a practical and explain-
able Al tool that supports informed decision-making across
a range of manufacturing systems, reducing the need for
exhaustive trial-and-error experimentation and enabling
faster convergence to optimal processing conditions.

2.6 Implementation

The entire methodology was implemented in MATLAB
(R2020b), utilizing the Global Optimization Toolbox for
multi-objective optimization with NSGA-II and standard
neural network functions for ANN modeling. The Design
of Experiments (DOE) was carried out using the Model-
Based Calibration (MBC) Model, enabling systematic and
data-efficient exploration of the design space. All simula-
tions were executed on a workstation equipped with 12 CPU
cores and 32 GB RAM, running Windows 10.

For ANN implementation, hyperbolic tangent sigmoid
(tansig) activation functions were employed in all hid-
den layers, while a linear (purelin) activation function was
used in the output layer. This configuration is well suited
for regression tasks and ensures unbiased reconstruction of
continuous physical quantities after inverse normalization
of the network outputs.

MATLAB scripts were developed to perform ANN archi-
tecture optimization, sensitivity analysis (partial derivative,
weights-based, and profile methods), and evolutionary
multi-objective optimization. Case-specific solver param-
eters, random initialization protocols, and validation pro-
cedures are reported in the corresponding experimental
case-study sections.

Accordingly, this work is positioned as an integrated pre-
dict-optimize—interpret framework rather than a surrogate
benchmarking study, with the ANN serving as an effective
representative surrogate model.

3 Experimental case studies

To validate the neural network-driven multi-objective opti-
mization framework developed in this study, two experi-
mental case studies were conducted. The first case study
focuses on single-bead fabrication, where the objectives are
to control width of bead and depth of dilution. The second
case study focuses on cube fabrication, where the primary
objectives are to optimize the height of cube and hardness.
These experiments were performed using Directed Energy
Deposition (DED) with a range of process parameters, and
the results were used to assess the performance of the opti-
mization framework.

3.1 Directed energy deposition (DED) process

Directed Energy Deposition (DED) is a useful additive
manufacturing (AM) technique that employs focused ther-
mal energy, such as a laser beam, to melt and deposit mate-
rial layer by layer. This study utilized the DED process to
experimentally validate the proposed neural network-driven
multi-objective optimization framework. By utilizing the
DED process, the framework was assessed for its ability to
optimize critical geometric and material properties in addi-
tive manufacturing.

3.1.1 Materials and equipment

In the experiments, Inconel 718 powder was deposited onto
a Grade SUS 316 L stainless steel (STS 316 L) substrate.
Inconel 718 is a nickel-based superalloy widely used for its
high-temperature strength and corrosion resistance, while
STS 316 L is commonly adopted in DED due to its durable
metallurgical compatibility with Ni-based alloys [40, 57].

The Inconel 718 feedstock used in this study was supplied
as Sandvik Osprey® 718, a gas-atomized powder designed
specifically for additive manufacturing. According to the
supplier datasheet, the powder exhibits spherical morphol-
ogy, low oxygen levels, low inclusion content, and good
flowability, all of which are essential for stable melt-pool
behavior during DED. The supplied particle size distribu-
tion was —150+45 um, which falls within Sandvik’s stan-
dard DED feedstock specification (typically 53—150 um)
and is consistent with the operational PSD range used in this
study. Batch-specific D10/D50/D90 values were not pro-
vided; however, the powder was manufactured under tightly
controlled gas-atomization conditions that ensure uniform
particle distribution and morphology.

The nominal chemical composition of Sandvik Osprey®
718 (wWt%) is provided in Table 1 [58].
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Table 1 Chemical composition of Sandvik osprey inconel 718 powder (wt%)

Element Ni Cr Nb P Ti Al S Mo
wt% 50.0-55.0 17.0-21.0 4.75-5.50 <0.015 0.65-1.15 0.20-0.80 <0.015 2.80-3.30
Element Co Mn Si C Fe B Cu
wt% <1.00 <0.35 <0.35 <0.08 Bal. <0.006 <0.30
DEDed bead Base plate
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Fig.5 Schematic of the Directed Energy Deposition (DED) process

All powder handling followed the laboratory’s standard
operating procedures, including storage in sealed containers
and argon shielding during deposition.

The DED process utilized a 1 kW fiber laser (RFL-C1000,
Raycus, China) integrated into a coaxial deposition head
with a focal spot diameter of approximately 1 mm. An XY-
axis moving deposition head combined with a Z-axis stage
ensured accurate positioning of both the laser and powder
stream. Argon gas was employed as both carrier and shield-
ing gas to minimize oxidation and maintain a low-oxygen
deposition environment.

Prior to deposition, the STS 316 L substrate was cleaned
with acetone; no intentional pre-heating was applied.

3.1.2 DED mechanism

Figure 5 provides a schematic representation of the DED
mechanism. In this process, the laser beam fuses the base
material and powder to create a melt pool, where the mate-
rial solidifies upon cooling to form the desired structure.
Successive layers are added with a controlled thickness,
enabling the construction of complex geometries. The pre-
cise control over energy input, material feed, and process
parameters makes DED a suitable method for achieving
specific objectives in advanced manufacturing.
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DEDed bead

Dilution

Fig. 6 Dilution depth and width of the single bead

3.2 Case study 1: Single-Bead fabrication

This experiment focuses on optimizing bead geometry—
specifically the width of bead—and assessing depth of
dilution in single-bead Directed Energy Deposition (DED).
Width of bead defines the lateral spread of the deposited
material, influencing dimensional accuracy, resolution, and
material efficiency. Depth of dilution, on the other hand,
quantifies the extent of penetration into the substrate, ensur-
ing strong metallurgical bonding and uniform material
properties between the deposited layer and the base material
[59]. Both attributes directly affect the mechanical proper-
ties and overall quality of the deposited part.

The optimization considers three key process variables:
laser power (LP), nozzle speed or feed rate (NS), and pow-
der feed rate (PFR). As illustrated in Fig. 6, the width of
bead defines the lateral spread of the deposited material,
influencing dimensional accuracy and material efficiency,
while depth of dilution quantifies substrate penetration,
affecting bonding and interfacial properties.

3.2.1 Experimental setup and problem definition

The experiments were performed using a DED machine
equipped with a laser power range of 200 W to 500 W, a
nozzle speed (feed rate) of 400 mm/min to 700 mm/min,
and a powder feed rate of 4 g/min to 8 g/min. The non-linear
optimization problem can be represented in the following
form:

Objective 1: Width of Bead
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e Goal: 1000 um
e Objective Function to be minimized:

Obj,, = |W — 1000| (13)
e JV: Width of Bead
Objective 2: Depth of Dilution

e Goal: Maximization
e Objective Function to be maximized:

Objp =D (14)
e D: Depth of Dilution

Subject to:

200 < LP < 400
500 < NS < 700 1%5)

® [P: Laser Power (W)
e NS: Nozzle Speed (mm/min)
e PFR: Powder Feed Rate (g/min)

Figure 7 illustrates the steps involved in the Single-Bead
Fabrication experiments and the measurement of objective
functions.

The single-bead experiments were designed using a full
factorial Design of Experiments (DOE) to systematically
evaluate the effects of laser power (LP), nozzle speed (NS),
and powder feed rate (PFR) on bead geometry. Each factor
was varied at three discrete levels, resulting in a

_| Step 1. DED process !

DEDed bead

Base plate

z

[

33full factorial design comprising 27 unique parameter
combinations, thereby covering all possible combinations
within the selected parameter ranges. Laser power was var-
ied at 200, 300, and 400 W; nozzle speed at 500, 600, and
700 mm/min; and powder feed rate at 4, 6, and 8 g/min.
This design enabled comprehensive assessment of both
main effects and interaction effects, with the center-point
condition (LP=300 W, NS=600 mm/min, PFR=6 g/min)
naturally included within the design space.

For each experimental trial, the width of bead and depth
of dilution were quantified through cross-sectional analy-
sis of optical microscopy (OM) images acquired using an
Axiolab 5 microscope (Zeiss, Germany). All experimental
runs were executed in randomized order to mitigate sys-
tematic bias. No blocking was applied, as all experiments
were conducted under identical machine and environmental
conditions. Fixed auxiliary parameters included a coaxial
shielding gas flow rate of 6 L/min and a powder feeding gas
flow rate of 3.5 L/min, both using argon. Three-dimensional
and pairwise projections of the investigated process param-
eters are presented in Fig. 8, and the complete DOE matrix
for the single-bead case study, including factor definitions
and units, is provided in Supplementary Table S1.

3.3 Case study 2: cube fabrication

The second experimental case study focuses on cube fabri-
cation, where the objectives were to optimize height of cube
and material hardness. Height of cube is critical for ensur-
ing dimensional accuracy, while hardness directly affects
the mechanical properties of the fabricated part. The opti-
mization considers three key process variables: laser power

-| Step 2. Cutting l

/Cutting plane

£

—I Step 3. Obtaining cut specimen l

-I Step 4. Polishing & Etching I

Polishing: Use up to #2400 grit sandpaper

Etching: Using an etching solution with a mixture
of nitric and hydrochloric acid

Fig.7 Steps of Single-Bead Fabrication experiments and measurement of objective functions (width of bead and depth of dilution)
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Fig. 9 Schematic of the cube

(LP), nozzle speed or feed rate (NS), and inter-bead spacing
(IBS). Figure 9 illustrates the schematic of the cube.

3.3.1 Experimental setup and problem definition

The experiments were performed using a DED machine
equipped with a laser power range of 100 W to 500 W, a
nozzle speed (feed rate) of 500 mm/min to 900 mm/min,
and inter-bead spacing (IBS) from 0.1 mm to 0.9 mm. This
spacing directly controlled the overlap between deposition
tracks during cube fabrication. A smaller IBS value resulted
in greater overlap, which helped ensure sufficient bonding
between adjacent tracks and consistent layer buildup. In
contrast, a larger IBS reduced the overlap, potentially lead-
ing to weak bonding or surface defects. Managing track
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overlap was critical for achieving the target cube height and
uniform hardness. The non-linear optimization problem can
be represented in the following form:

Objective 1: Height of cube

e Goal: 5 mm
e Objective Function to be minimized:

Objpy = [H1 =5 (16)
e H,: Height of cube.
Objective 2: Hardness

o Goal: Maximization
e Objective Function to be maximized:

Obj 1o = mean (Ho) (17)
e H,: Average Hardness Measured at Five Points

Subject to:

100 < LP < 500
500 < NS <900 (18)
0.1<IBS<09
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—

Heat affected zone
(HA

Fig. 10 Cube fabrication objective functions schematics

e [P: Laser Power (W)
e NS: Feed Rate or Nozzle Speed (mm/min)
e /BS: Inter-Bead Spacing (mm)

Based on the experimental design space, the linear energy
density ranged from 0.11 to 1.00 J/mm, while the areal
energy density varied between 0.12 and 1.25 J/mm?. The
focal spot diameter was approximately 1 mm. Inter-bead
spacing (IBS) directly governed track overlap, which ranged
from 25% to 90% depending on the measured bead width.
Cube fabrication was performed by depositing discrete, par-
allel beads without a continuous raster scan; IBS therefore
defines the effective spacing and overlap between adjacent
tracks in each layer.

Figure 10 shows the objective functions schematics.

Figure 11 outlines the steps involved in the Cube Fab-
rication experiments and the measurement of objective
functions. The height measurements were performed using
a BLUETEC Height Gauge, while hardness measurements
were conducted using the HM-112 micro Vickers hardness
tester from Mitutoyo, Japan.

_| Step 1. DED process !

DEDed Cybe Base metal

z

[

To ensure repeatability and traceability, the height and
hardness measurements followed a standardized procedure.
Height was recorded using the BLUETEC digital gauge
with a resolution of £0.01 mm, and five measurements
were taken at different surface locations; the mean value
was used as the response H;. Hardness testing was car-
ried out according to ASTM E384 using a 300 gf load and
10 s dwell time. After metallographic polishing, five Vick-
ers indentations were placed along the vertical centerline of
the cube with a minimum spacing of three times the indent
diagonal to avoid interaction of plastic zones. Indentation
locations were selected to avoid the melt-pool boundary and
heat-affected zone, ensuring that the measurement reflected
bulk material properties. The average hardness value H
was computed from the five indentations, and the instru-
ment repeatability was within £5 HV. Figure 11 illustrates
the specimen fabrication workflow and the measurement
procedures for cube height and hardness.

The cube fabrication experiments were designed using
a hybrid Design of Experiments (DOE) that combines a
space-filling Sobol sequence with a classical Central Com-
posite Design (CCD), as introduced in Sect. 2.1. The design
space was defined as 100 < laser power (LP) < 500 W, 500
< nozzle speed (NS) < 900 mm/min, and 0.1 < inter-bead
spacing (IBS) < 0.9. Space-filling Sobol low-discrepancy
sequences were first employed to generate sampling points
uniformly distributed within the interior of the design space,
ensuring broad coverage and robust surrogate-model train-
ing under a limited experimental budget, while reducing the
risk of overlooking critical regions [42].

To complement the global exploration provided by the
Sobol sequence and to enable accurate modeling of local cur-
vature and interaction effects, a rotatable Central Composite

-| Step 2. Cutting !

Cutting plane

z

£

-I Step 3. Obtaining cut specimen I

-| Step 4. Polishing

Polishing: Use up to #1200 grit sandpaper

. St

1
Step 5. Measuring the Height and Hardness |

Fig. 11 Steps of Cube Fabrication experiments and measurement of objective
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Design (CCD) was embedded within the same design space
[41]. The CCD included one center point at (LP = 300 W,
NS = 700 mm/min, IBS = 0.5) and six axial points located
at + a along each factor axis, where o = 1.682. These axial
points correspond to LP = 131.8/468.2 W, NS = 531.8/868.2
mm/min, and IBS = 0.1636/0.8364, enabling estimation of
second-order effects without excessive experimental runs.

In total, the hybrid Sobol-CCD DOE comprised 35
experimental trials, including Sobol sequence points, CCD
axial points, and the center point. All experiments were exe-
cuted in randomized order to mitigate systematic bias. For
each trial, cube height and hardness were measured under
fixed processing conditions, including coaxial shielding gas
(Argon) at 4 L/min, feeding gas (Argon) at 7 L/min, pow-
der feed rate fixed at 4.7 g/min, and a Z-pitch of 0.25 mm.
The complete DOE matrix and corresponding measured
responses, including factor definitions and units, are pro-
vided in Supplementary Table S2.

Figure 12 presents the three-dimensional and pairwise
projections of the experimental points, confirming that the
combined Sobol-CCD strategy achieves both global space-
filling coverage and local curvature resolution, which is
essential for accurate surrogate modeling and subsequent
multi-objective optimization.

4 Results and discussion

This section presents the experimental results from the two
case studies: single-bead fabrication and cube fabrication.
The discussion covers the ANN model’s predictive accu-
racy, sensitivity analysis, and the Pareto optimization results
for each case.

4.1 Case study 1: Single-Bead fabrication
4.1.1 Experimental results

The experiments were conducted using a full-factorial
Design of Experiments (DOE) approach, systematically
varying laser power, feed rate, and powder feed rate across
27 trials. For each fabricated bead, width and dilution depth
were evaluated using image-analysis software, with mea-
surements repeated several times on the same cross-section
to account for measurement noise and ensure consistency.
The mean of these repeated measurements was used as the
reported value.

The cross-sectional and surface view of one of the fabri-
cated beads (No. 20) is shown in Fig. 13, including width of
bead and depth of dilution, highlighted in microns.

Figure 14 presents the complete results of the width
of bead and depth of dilution measurements across all

Fig. 12 3D and pairwise pro- L 2
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Fig. 13 Cross-section and surface view of bead geometry (No. 20).
Powder: Inconel 718; Base metal: STS 316 L. Parameters: Laser
power: 300 W; Nozzle speed: 500 mm/min; Powder feed rate: 8 g/
min. Fixed Parameters: Coaxial gas: 6 L/min; Feeding gas: 3.5 L/min.
OM image captured using Axiolab 5 (Zeiss, Germany). The scale bar
is shown in the image

observations, with error bars indicating measurement
variability.

Width of bead varied between 450.9 um and 1279 um,
while depth of dilution ranged from 29.8 um to 143.1 um,
demonstrating the strong influence of process parameters on

bead geometry. The observed variance suggests that differ-
ent parameter combinations led to distinct bead formations,
emphasizing the need for careful process control.

4.1.2 ANN training results

The Artificial Neural Network (ANN) was trained using
experimental data, employing the developed systematic grid
search approach to evaluate performance and select the best
model, as described in Sect. 2.2. The process addressed over-
fitting and underfitting by determining the optimal number
of neurons and layers. Model configurations were assessed
using Root Mean Square Error (RMSE) across training
(70%), testing (15%), and validation (15%) datasets, ensur-
ing a balance between complexity and generalization.
Table 2 summarizes the training results, showing that
the optimized ANN model achieved high correlation

Fig. 14 Results of the width of
bead and depth of dilution mea-
surement of the observations
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Table 2 Summary of ANN training results for Single-Bead fabrication

Objective Width of bead Depth of Dilution

Neurons in the input 3 3

layer

Number of hidden 1 1

layers

Neurons in the hidden 3 3

layer

Neurons in the output 1 1

layer

Training algorithm Levenberg—Marquardt Levenberg—
Back-Propagation Marquardt

Back-Propagation

Activation function Tansig Tansig
(Hidden Layer)

Activation function Purelin Purelin
(Output Layer)

Validation data fraction 15 15
(%)

Test data fraction (%) 15 15
RMSE 47.53 9.05
Ripain 0.977 0.974
Reest 0.983 0.970
Ryidation 0.998 0.958
Regral 0.975 0.958

Table 3 Statistical metrics for ANN prediction error in bead geometry
(n=27)

Metric Width of Depth
bead of
Dilution
Sample size (n) 27 27
Mean absolute percentage error (%) 5.03 9.01
Standard deviation (%) 5.69 9.98
95% confidence interval of the mean (%)  +2.23 +3.91
Minimum absolute % error 0.0056 0.2268
Maximum absolute % error 24.4120 45.0288
Median absolute % error 2.39 7.63

coefficients (R, = 0.975 for width of bead and Ry, =
0.958 for depth of dilution) and low RMSE values.

To further quantify the predictive reliability of the trained
surrogate models, statistical error metrics were computed
for all 27 DOE samples. These metrics include the mean
absolute percentage error (MAPE), standard deviation, 95%
confidence interval of the mean (CI95), and the distribution
limits of the absolute percentage error. Table 3 summarizes
these results for bead width and dilution depth.

Figure 15 illustrates the ANN model’s predictive per-
formance. Panels (a) and (c) display a strong correlation
between predicted and observed values for width of bead
and depth of dilution, confirming the model’s reliability.
Panels (b) and (d) compare ANN predictions with experi-
mental data across different observations, showing that
while minor variations exist, the model effectively captures
overall trends. These small deviations likely stem from

@ Springer

inherent process variability rather than fundamental model
limitations. Overall, the ANN demonstrates high predictive
accuracy for both width of bead and depth of dilution.

Additional ANN diagnostic plots for the single-bead
case, including predicted-versus-measured correlations for
the training, validation, and test sets, a test-set residual his-
togram, and a representative learning-curve figure, are pro-
vided in the Supplementary Material.

4.1.3 Sensitivity analysis results

Sensitivity analysis was performed using both the PaD,
weights-based, and profile method to determine the influ-
ence of each input parameter on width of bead and depth
of dilution.

Figure 16 presents the predicted surfaces of two objec-
tive functions—width of bead and depth of dilution—ver-
sus design parameters: NS (mm/min), PFR (g/min), and LP
(W). In the top row (a-c), the width of bead shows a consis-
tent increase with higher NS, PFR, and LP values. Specifi-
cally, increasing NS and LP tends to broaden the bead, while
PFR has a more subtle influence on the width of bead. The
interaction between NS and PFR creates a complex surface,
with higher PFR values resulting in larger width of beads,
especially at lower processing speeds. The depth increases
with higher NS and PFR, particularly at higher power levels
(LP), but at lower NS and LP, the increase in depth becomes
less significant, suggesting a threshold effect where dilution
is less sensitive to parameter changes. These results suggest
that increased processing speed, power, and feed rate all
contribute to deeper dilution and wider beads. However, at
higher power settings, the effect appears to stabilize, indi-
cating a possible saturation point where additional power
yields diminishing improvements in dilution depth.

Partial derivative method (PaD) results Figure 17 presents
the scatter plots of the partial derivatives of width of bead
and depth of dilution with respect to the key process param-
eters: Laser Power (LP), Nozzle Speed (NS), and Powder
Feed Rate (PFR). These plots provide insights into how
changes in these input parameters influence the width of
bead and dilution depth at a local level, revealing trends and
variability in sensitivity.

The first row of scatter plots illustrates the partial deriva-
tives of width of bead with respect to Laser Power (LP),
Nozzle Speed (NS), and Powder Feed Rate (PFR). The LP
plot (a) reveals a nonlinear relationship, where width of
bead remains relatively stable at lower LP values (~200—
250 W) but shows increased variability at higher LP val-
ues (>300 W). This suggests that higher LP amplifies its
influence on width of bead, likely due to increased energy
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input affecting material flow and bead expansion. The NS
plot (b) suggests a weak direct effect, as most derivative val-
ues cluster around zero, indicating minimal impact under
typical operating conditions. However, a subset of points at
higher NS values displays more variation, suggesting local-
ized effects, possibly due to secondary interactions like heat
accumulation or variations in material deposition rate. The
PFR plot (c) shows that increasing PFR generally widens
the bead, with most derivative values being positive. How-
ever, scattered negative values indicate that in some cases,
excessive powder feed may lead to inconsistent bead for-
mation, likely due to unstable material flow. These appar-
ent inconsistencies between the response surface trends
(Fig. 16) and the partial derivative plots (Fig. 17) arise
from the distinction between global and local sensitivities:
response surfaces show average behavior across the design
space, while partial derivatives reflect local gradients that
may vary significantly in magnitude and direction.

The second row of scatter plots represents the partial
derivatives of depth of dilution with respect to LP, NS, and
PFR. The LP plot (d) reveals a nonlinear dependency, where
depth of dilution remains stable at lower LP but exhibits

increased sensitivity at higher power levels. This suggests
that higher LP leads to greater dilution effects, likely due
to deeper laser penetration affecting dilution depth. The NS
plot (e) exhibits a broad spread of values, predominantly
negative, indicating that increasing NS reduces depth of
dilution. This aligns with expectations, as higher scanning
speeds reduce heat input per unit length, leading to shal-
lower penetration and lower dilution depth. However, some
points cluster near zero, suggesting minimal effects in cer-
tain operational conditions. The PFR plot (f) shows a mixed
distribution of positive and negative values, suggesting a
more complex relationship between PFR and dilution depth.
While higher PFR generally increases dilution variability,
the scattered distribution indicates an interplay between
mass flow rate and heat input, affecting dilution differently
under varying conditions.

Figure 17 confirms that LP is the dominant factor influ-
encing width of bead, with its effect becoming more pro-
nounced at higher power levels. For depth of dilution, NS
remains the most significant controlling factor, exhibiting
a strong negative correlation as scanning speed increases.
PFR contributes to width of bead formation, with higher
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Fig. 16 ANN-predicted response surfaces for single-bead objectives as functions of key process parameters. (a-¢) Width of bead variations with
NS (mm/min), PFR (g/min), and LP (W). (d-f) Depth of dilution variations with NS (mm/min), PFR (g/min), and LP (W)

values generally leading to wider beads. However, its
effect on dilution is more variable, likely due to complex
interactions between powder flow, heat input, and material
penetration.

The total contribution of each parameter to width of
bead and depth of dilution was calculated using Eq. (8).
For width of bead, LP contributes 88.42%, NS accounts for
8.45%, and PFR has a minor effect at 3.13%. For depth of
dilution, LP contributes 42.28%, NS is the dominant factor
at 45.10%, and PFR accounts for 12.63%.

These results further confirm that LP remains the domi-
nant influencing factor for both width of bead and depth of
dilution, though its effect is highly variable. NS has a mod-
erate effect on dilution but plays a secondary role in bead
width, while PFR has the least contribution overall. This
reinforces the need for careful LP and NS adjustments to
optimize process performance.

Bootstrap-based robustness verification and kernel den-
sity—based diagnostic distributions of the PaD sensitivities,
used to assess variability and ranking stability, are provided
in the Supplementary Material.

Weights-Based sensitivity results For width of bead, the
weights-based sensitivity analysis (calculated using Eq. (11)
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for Relative Importance (RI)) reveals that Laser Power (LP)
contributes the most (53.43%), followed by Nozzle Speed
(NS) (27.99%) and Powder Feed Rate (PFR) (18.57%).
This suggests that LP plays the most dominant role in bead
width formation, likely due to its direct influence on energy
input and material flow dynamics. NS has a moderate effect,
which may be attributed to its impact on deposition unifor-
mity and bead spreading behavior, while PFR has the least
influence, indicating that variations in powder flow affect
bead width to a lesser extent compared to LP and NS.

For depth of dilution, NS is identified as the most influen-
tial parameter (46.73%), followed by LP (28.71%) and PFR
(24.54%). The strong influence of NS suggests that it is the
primary factor controlling dilution depth, likely due to its
direct effect on heat input per unit length, which governs
penetration depth. LP remains an important factor, as higher
power levels enhance material melting and fusion depth.
PFR contributes less significantly, suggesting that variations
in powder flow have a moderate but non-dominant effect on
dilution.

Figure 18a and b present heatmaps of the absolute weight
magnitudes, visually confirming these findings. The brighter
intensity for LP in Fig. 19a (width of bead) reinforces its
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Fig. 17 Partial derivative analysis 3 T T T
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dominant influence, whereas NS exhibits stronger weight
connections in Fig. 19b (depth of dilution), aligning with its
higher importance in controlling dilution depth. The rela-
tive contrast of weights across neurons further illustrates the
underlying nonlinear relationships between process param-
eters and output responses.

Profile method results Figure 19 presents the contribution
profiles of Laser Power (LP), Nozzle Speed (NS), and Pow-
der Feed Rate (PFR) in determining width of bead (left)
and depth of dilution (right) using the Profile Method at
the highest resolution scale (192 variation intervals). The
influence of each input variable was assessed across mul-
tiple scales (12, 24, 48, 96, 144, and 192) to ensure stable

oD/ OPFR

2 . . \
500 550 600 650 700 4 5 6 7 8
NS PFR
(e) (f)

contribution estimates and confirm the consistency of sen-
sitivity rankings.

For width of bead, LP exhibits a strong increasing trend
(~72.7% in the Profile Method), reinforcing its primary
role in bead expansion. The PaD method assigns an even
higher influence to LP (~88.42%), while the weights-based
method provides a more balanced sensitivity ranking, with
LP (53.43%) and NS (27.99%). NS plays a moderate role
(~16.4% in the Profile Method), likely contributing to
deposition uniformity and material spreading. PFR remains
the least influential (~10.9%), though its effects are more
localized. Across different sensitivity methods, the rankings
remain stable, confirming the robustness of the analysis.
For depth of dilution, NS emerges as the most significant
factor (~50.05%), initially exhibiting a strong increasing
influence before stabilizing at higher scanning speeds. This
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Fig. 18 (a) Heatmap of absolute weight magnitudes for Width of Bead, illustrating the dominant influence of Laser Power (LP). (b) Heatmap of
absolute weight magnitudes for Depth of Dilution, highlighting Nozzle Speed (NS) as the most significant parameter
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Fig. 19 Influence of Laser Power (LP), Nozzle Speed (NS), and Powder Feed Rate (PFR) on (a) Width of Bead and (b) Depth of Dilution using the
Profile Method at 192 variation intervals. The analysis was conducted across multiple scales (12, 24, 48, 96, 144, and 192) to ensure convergence

suggests that while NS initially governs penetration depth by
controlling heat input per unit length, its effect diminishes as
processing speed exceeds a certain threshold. LP (~40.88%)
also plays a substantial role, with a nonlinear response indi-
cating that higher power levels enhance dilution depth up
to a saturation point. In contrast, PFR (~9.07%) shows a
relatively stable but minor contribution, reinforcing that

@ Springer

powder flow rate affects dilution depth less directly. As the
scale resolution increases, the rankings remain consistent,
confirming the robustness of the analysis.

Comparative analysis of sensitivity methods To compre-
hensively evaluate the influence of process parameters,
three different sensitivity analysis methods were applied:
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Fig. 20 (a) Sensitivity analysis results for Width of Bead using the
PaD, Weights-Based, and Profile Method, confirming LP as the domi-
nant parameter across all approaches. (b) Sensitivity analysis results

Table 4 Summary of sensitivity contributions and rankings across
methods

Parameter PaD Weights Profile Aver-
Method Method (%) Method age
(%) (%) Rank

Width of Bead

LP 88.42 53.43 72.7 1

NS 8.45 27.99 16.39 2

PFR 3.13 18.58 1091 3

Depth of Dilution

LP 42.28 28.72 40.88

NS 45.10 46.74 50.05

PFR 12.63 24.54 9.07

the Partial Derivative (PaD) method, the weights-based
method, and the Profile Method. The comparative results
for Width of Bead and Depth of Dilution are summarized in
Fig. 20; Table 4.

Width of Bead Sensitivity The PaD method assigns the
highest sensitivity to Laser Power (LP) (88.42%), followed
by Nozzle Speed (NS) (8.45%) and Powder Feed Rate
(PFR) (3.13%). The weights-based method also ranks LP
as the most significant factor (53.43%), but assigns higher
importance to NS (27.99%) and PFR (18.58%) compared
to PaD. The Profile Method, which systematically varies
input parameters while holding others constant, confirms

T T T
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for Depth of Dilution, where NS is consistently identified as the most
influential factor

LP as the most dominant factor (72.7%), followed by NS
(16.39%) and PFR (10.91%).

While all three methods consistently rank LP as the primary
influencing factor, the relative importance of NS and PFR
varies. The PaD method, which captures local sensitivities
based on network gradients, emphasizes LP more strongly.
In contrast, the weights-based and profile methods, which
account for global interactions, show a higher contribution
of NS and PFR.

Depth of Dilution Sensitivity For depth of dilution, NS
is consistently identified as the most significant param-
eter across all three methods. The Profile Method assigns
50.05% influence to NS, followed by LP (40.88%) and PFR
(9.07%). Similarly, the weights-based method ranks NS
(46.74%) as the dominant factor, with LP (28.72%) and PFR
(24.54%) contributing to a lesser extent. The PaD method
suggests a more balanced influence between NS (45.10%)
and LP (42.28%), while PFR remains minor (12.63%).

Although all three methods confirm NS as the dominant fac-
tor for depth of dilution, the PaD method assigns a more
comparable influence to LP, reflecting differences in how
these techniques assess sensitivity. PaD captures localized
variations in input-output gradients, which may exaggerate
the importance of certain parameters in specific regions. In
contrast, the weights-based and profile methods provide a
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more holistic evaluation, capturing broader trends in pro-
cess behavior. By integrating all three approaches, a more
comprehensive understanding of process sensitivity is
achieved, ensuring reliable parameter tuning for optimal
DED performance.

Summary of Sensitivity Rankings Despite some numerical
differences, the rankings remain consistent across methods,
as shown in Table 4, reinforcing the reliability of the sensi-
tivity analysis.

Rank-Correlation Analysis Across Sensitivity Methods To
quantify the level of agreement among sensitivity methods,
Spearman’s p and Kendall’s t were computed for all pair-
wise comparisons. Because the three techniques produced
identical rankings for both Width of Bead (LP — NS —
PFR) and Depth of Dilution (NS — LP — PFR), the rank-
correlation metrics indicate perfect consistency, with Spear-
man’s p=1.000 and Kendall’s T=1.000 across all method
pairs.

The complete rank-correlation matrix is provided in Table 5,
confirming that the parameter hierarchy is entirely stable
and independent of the chosen sensitivity method.

This full agreement demonstrates that the ANN-based
framework captures stable internal relationships between
input parameters and outputs. LP governs bead width, while
NS is the principal factor controlling dilution depth.

Interpretation and Physical Consistency The physical
meaning of these trends is consistent with established melt-
pool behavior, as summarized below:

e Laser Power (LP) governs the total energy input, ex-
plaining its dominant role in bead width formation.

e Nozzle Speed (NS) controls the energy density deliv-
ered per unit length, making it the primary determinant
of dilution depth.

e Powder Feed Rate (PFR) influences mass addition
but has a comparatively weaker effect on melt-pool

Table 5 Rank-Correlation summary for Single-Bead sensitivity analy-
sis

Objective Methods Spear- Kend- Rank
Compared manp allt  Ordering

Width of Bead PaD vs. Weights  1.000 1.000 LP>NS>PFR
PaD vs. Profile 1.000  1.000 LP>NS>PFR
Weights vs. 1.000 1.000 LP>NS>PFR
Profile

Depth of PaD vs. Weights  1.000  1.000 NS>LP>PFR

Dilution
PaD vs. Profile 1.000 1.000 NS>LP>PFR
Weights vs. 1.000 1.000 NS>LP>PFR
Profile
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energetics, resulting in consistently low sensitivity
across all methods.

Because PaD, weights-based, and profile analyses pro-
duce identical rankings, the resulting sensitivity hierarchy
is both computationally robust and physically meaningful,
reinforcing confidence in the reliability of the ANN-based
single-bead analysis.

4.1.4 Multi-objective optimization

The NSGA-II optimization generated a Pareto front that
captures the trade-off between width of bead and depth of
dilution. A complete view of the optimization behaviour is
presented through the convergence history (Fig. 21a), the
stability analysis across multiple runs (Fig. 21b), and the
final Pareto front with the selected solution (Fig. 21c). Each
point on the Pareto front represents a non-dominated solu-
tion, where improving one objective necessarily compro-
mises the other. The final selection therefore depends on
process priorities, ensuring an optimized balance between
bead geometry and dilution depth.

Explicit objective normalization was not applied in the
NSGA-II optimization because both objectives in the sin-
gle-bead case—width of bead and depth of dilution—are
expressed in the same physical unit (um) and exhibit com-
parable numerical magnitudes over the explored design
space. Under such well-conditioned two-objective settings,
Pareto dominance relationships are invariant to linear scal-
ing, and MATLAB’s gamultiobj solver can operate directly
on the raw objective values without introducing scale bias.
This approach avoids artificial weighting effects and pre-
serves the physical interpretation of the trade-off between
bead geometry and dilution behavior.

To ensure robust convergence and adequate exploration
of the design space, MATLAB’s gamultiobj solver was
configured using the parameters summarized in Table 6.
These settings follow standard NSGA-II guidelines for low-
dimensional, nonlinear multi-objective problems.

NSGA-II convergence was evaluated using the Pareto
spread, which measures the distribution of solutions across
the front. Figure 21a shows rapid spread reduction within
the first~30 generations, followed by a smooth stabilizing
trend, confirming consistent convergence toward a well-
defined trade-off curve. Complementary diversity plots
further verify that the solver maintains adequate population
diversity throughout the optimization.

To further verify robustness and exclude sensitivity to
random initialization, NSGA-II was executed five inde-
pendent times using different random seeds. The resulting
Pareto fronts, shown in Fig. 21b, overlap closely despite the
stochastic nature of evolutionary algorithms. This indicates
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high run-to-run repeatability, strong numerical stability, and
confirming that the reported Pareto front is not an artifact of
a particular solver state.

The final selected solution prioritizes maximum depth of
dilution while maintaining an acceptable bead width close
to 1000 um, as defined in Eq. (13). As expected, reduc-
ing bead width typically lowers dilution depth, reinforc-
ing the inherent trade-off between the two objectives. The

ANN-NSGA-II framework effectively captured and bal-
anced these competing responses.

The overall optimization results are summarized in
Table 7, including the predicted and experimental objectives
and the corresponding prediction errors.

This comprehensive optimization process demonstrates
the robustness of the ANN-NSGA-II framework in balanc-
ing conflicting objectives while ensuring high prediction
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Table 6 NSGA-II configuration used in single bead optimization

Parameter Value
Population size 50
Pareto fraction 0.20
Crossover fraction 0.80

Crossover function Intermediate (ratio=1.0)

Mutation Adaptive (default)
Migration Forward, 0.20 fraction
Maximum generations 200

Stall generations 100

Function tolerance 1x10*

Constraint tolerance 1x107

Stopping criterion Average change in
Pareto spread below
tolerance

Number of independent runs 5 (for stability analysis)

Table 7 Overall optimization summary for single bead fabrication

Parameter/Objective Value

Laser Power (W) 374.595 (374)
Feed Rate or Nozzle Speed (mm/min) 570.937 (570.94)
Powder Feed Rate (g/min) 4.6977 (4.7)
Predicted Width of Bead (pm) 1062.408
Experimental Width of Bead (um) 1018.7

Width of Bead prediction error (%) 4.11

Predicted Depth of Dilution (um) 149.101
Experimental Depth of Dilution (pm) 147.2
Depth of Dilution prediction error (%) 1.28

accuracy. The low prediction errors, 4.11% for width of
bead and 1.28% for depth of dilution, confirm the reliability
of the framework for guiding additive manufacturing design
decisions.

4.2 Case study 2: cube fabrication

This case study focuses on optimizing two key objectives:
height of cube and material hardness. Achieving the correct
height is critical for ensuring dimensional accuracy, while
maintaining sufficient hardness is essential for mechanical
performance and part durability.

4.2.1 Experimental results

To explore the influence of process parameters on cube
height and hardness, experiments were designed using a
combination of Space-Filling Design (Sobol Sequence)
and Classical Design (Central Composite Design, CCD).
This hybrid approach leverages the strengths of both meth-
odologies—Sobol Sequence ensures a well-distributed
exploration of the design space, while CCD enables precise
modeling of nonlinear interactions.

The key input parameters considered in this study were
laser power (LP), feed rate (FR), and inter-bead spacing
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Fig. 22 Additive-manufactured cubes and height measurement. Pow-
der: Inconel 718; Base metal: STS 316 L. Fixed Parameters: Coaxial
gas (Argon): 4 L/min; Feeding gas (Argon): 7 L/min; Powder feed
rate: 4.7 g/min; Z-pitch: 0.25 mm

(IBS). Fabricated cubes were analyzed across 35 trials, with
their height and hardness measured to evaluate the impact
of process variations. Figure 22 presents images of the fab-
ricated cubes and an example of the height measurement
procedure.

For each fabricated cube, height and hardness were mea-
sured with repeated readings to account for normal instru-
ment variability. Cube height was recorded three times using
a digital height gauge by lightly repositioning the probe on
the top surface. Micro-Vickers hardness was obtained from
multiple indentation readings performed on the polished
cross-section prepared after cutting each cube, and the mean
value was used for analysis.

Figure 23 illustrates the measured height of cube and
hardness across the 35 trials, with error bars indicating mea-
surement variability. The cube height ranged from 1.49 mm
to 11.87 mm, while hardness values varied between 219.31
HV and 238.51 HV. The observed variations indicate that
inter-bead spacing (IBS) and laser power (LP) played domi-
nant roles, affecting both height uniformity and material
hardness distribution. These results highlight the complex
interplay between process parameters in additive manufac-
turing, emphasizing the need for multi-objective optimiza-
tion strategies.
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Fig. 23 Results of the height of L s e e L A N
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4.2.2 ANN training results

The ANN model was trained using experimental data, apply-
ing the structured grid search methodology to optimize per-
formance and determine the most effective architecture, as
outlined in Sect. 2.2. The model was designed to predict
height of cube and hardness, key factors in ensuring both
dimensional accuracy and mechanical integrity.

Table 8 summarizes the ANN training results, dem-
onstrating high predictive accuracy. The optimized ANN
model achieved high correlation coefficients (Ry,,; = 0.996
for Height of Cube and Ry, = 0.997 for Hardness) along
with low RMSE values, confirming its robustness in cap-
turing the relationship between input parameters and target
objectives.

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35

Observation number

(b)

To assess the predictive reliability of the surrogate mod-
els beyond training statistics, additional error analysis was
performed using all 35 DOE samples. Absolute percentage
errors were calculated for each experimental-prediction
pair, and statistical metrics—including mean error, standard
deviation, 95% confidence interval (CI95), and minimum/
median/maximum error—were computed. These results are
summarized in Table 9 for both height and hardness.

Figure 24 illustrates the ANN’s predictive performance
for both the height of cube and hardness. Panels (a) and
(c) demonstrate a strong correlation between predicted and
observed values, confirming the model’s reliability. In Panel
(b), while the ANN effectively captures overall trends in
height prediction, minor discrepancies are observed in some
instances. Similarly, in Panel (d), the model accurately
follows hardness trends but exhibits greater sensitivity to
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Table 8 Summary of ANN training results for cube fabrication

Objective Height of Cube Hardness

Neurons in the input 3 3

layer

Number of hidden 1 1

layers

Neurons in the hidden 3 3

layer

Neurons in the output 1 1

layer

Training algorithm Levenberg—Marquardt Levenberg—Mar-
Back-Propagation quardt Back-

Propagation

Activation function Tansig Tansig

(Hidden Layer)

Activation function Purelin Purelin

(Output Layer)

Validation data fraction 15 15

(7o)

Test data fraction (%) 15 15

RMSE 0.245 0.535

Ripain 0.996 0.999

Reest 0.997 0.999

RValidation 0.999 0.997

Regral 0.996 0.997

Table9 Statistical metrics for ANN prediction error in cube properties
(n=35)

Metric Height of  Hardness
Cube

Sample size (n) 35 35

Mean absolute percentage error (%) 5.18 0.152

Standard deviation (%) 4.73 0.185

95% confidence interval of the mean (%) +1.57 +0.061

Minimum absolute % error 0.080 2.10x10°°

Maximum absolute % error 18.114 0.770

Median absolute % error 3.63 0.099

parameter variations, reflecting the complexity of hardness-
related interactions. These results reinforce the ANN’s capa-
bility to predict both dimensional accuracy and mechanical
response, providing a powerful tool for process optimization.

For completeness, additional ANN diagnostic plots for
the cube case—including predicted-versus-measured corre-
lations, test-set residual distributions, and a representative
learning-curve figure—are provided in the Supplementary
Material.

4.2.3 Sensitivity analysis results

Figure 25 presents the predicted surfaces of two objective
functions—height of cube and hardness—relative to the
design parameters: NS (mm/min), IBS (mm), and LP (W).
The height of cube generally decreases with increasing NS
and IBS, particularly at higher scanning speeds and larger
inter-bead spacing. However, variations occur at higher LP
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values, indicating nonlinear interactions between power
and other process parameters. For hardness, a distinct trend
emerges where increased NS, IBS, and LP lead to higher
hardness values, especially at elevated power levels. These
findings suggest that while higher processing speeds and
power enhance material hardness, the combined effects of
tool size and power levels introduce more complex influ-
ences on height formation.

Partial derivative method (PaD) results Figure 26 presents
scatter plots of the partial derivatives of height of cube (H1)
and hardness (H2) with respect to Laser Power (LP), Noz-
zle Speed (NS), and Inter-Bead Spacing (IBS). These plots
highlight the local sensitivity of each response variable to
changes in the input parameters.

For height of cube (H1) (first row), panel (a) shows a nonlin-
ear sensitivity trend with respect to LP. At lower LP values,
the majority of partial derivative values are positive, indi-
cating that increasing laser power enhances height forma-
tion due to improved material deposition. However, as LP
increases further, derivative values shift toward negative,
suggesting that excessive power may alter material flow
dynamics or surface energy balance, reducing final height.
This highlights the importance of selecting an optimal LP
range for controlled vertical growth.

Panel (b) indicates a predominantly negative relationship
between Nozzle Speed (NS) and height of cube (H1). As NS
increases, the majority of derivative values remain negative,
suggesting that higher scanning speeds reduce heat input
per unit length, limiting material accumulation and verti-
cal buildup. The spread of values implies process variabil-
ity, but the overall trend confirms that excessive scanning
speed can reduce layer formation by decreasing deposition
efficiency.

Panel (c) reveals a positive correlation between Inter-
Bead Spacing (IBS) and height of cube (H1). At lower
IBS values, mixed derivative trends are observed, but as
IBS increases, the derivatives predominantly become posi-
tive. This suggests that a moderate IBS facilitates better
layer buildup by reducing excessive overlap. However,
at very high IBS values, inconsistent derivative behavior
is observed, indicating potential instability in fusion effi-
ciency, which may negatively impact height formation.

Panel (d) highlights a nonlinear dependency of Hard-
ness (H2) on Laser Power (LP). At lower LP values, the
derivative values remain close to zero or slightly positive,
suggesting a weaker influence on hardness. However, as
LP increases, a strong positive trend emerges, indicating
that higher laser power enhances hardness, likely due to
improved material fusion and densification. Some scattered
negative derivatives suggest localized effects, possibly
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due to grain coarsening or thermal softening in overheated
regions.

Panel (e) suggests a primarily negative correlation
between Nozzle Speed (NS) and hardness (H2). As NS
increases, hardness tends to decrease, likely due to reduced
heat input per unit area, which limits material densification.
However, at very high NS, competing effects such as refined
grain structures due to altered cooling rates may also occur.
The trend is more stable compared to height sensitivity,
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indicating that NS consistently affects hardness by control-
ling fusion efficiency.

Panel (f) suggests a weak and inconsistent relationship
between Inter-Bead Spacing (IBS) and Hardness (H2).
While some negative derivatives appear at lower IBS val-
ues, the overall distribution remains scattered, indicating
that IBS does not have a strong direct influence on hardness.
However, variations in hardness at specific IBS values sug-
gest that its influence is more pronounced in combination
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with LP and NS variations. This suggests that IBS primarily
affects material distribution rather than directly influencing
densification.

Figure 26 confirms that LP is a key factor affecting both
height and hardness, particularly at higher power levels. LP
exhibits a nonlinear influence on height, where moderate
values enhance deposition but excessive power may intro-
duce variability. NS negatively impacts height by reducing
deposition time and also lowers hardness due to reduced
energy absorption per unit area. IBS plays a moderate role,
primarily influencing height formation, while its effect on
hardness remains weak and context-dependent. These find-
ings emphasize the importance of precise LP and NS tun-
ing to optimize both dimensional accuracy and mechanical
properties.

The total contribution of each parameter to height and
hardness was calculated using Eq. (8). For the height
of cube (H1), LP contributes 52.26%, IBS accounts for
41.38%, and NS has a minor effect at 6.35%. For hardness
(H2), LP dominates with 96.51%, while IBS (2.98%) and
NS (0.42%) have negligible contributions.

These results further confirm that LP has the most sig-
nificant impact on both height and hardness, while NS plays
a minimal role, and IBS is an important secondary factor
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for height but not hardness. This reinforces the need for
precise LP and NS adjustments to achieve optimal process
performance.

Bootstrap-based robustness verification and kernel den-
sity—based diagnostic distributions of the PaD sensitivities,
used to assess variability and ranking stability, are provided
in the Supplementary Material.

Weights-Based sensitivity results For the height of cube, LP
is the dominant factor with a relative importance of 54.67%,
followed by IBS at 33.62%, while NS has the least influ-
ence at 11.70% (Eq. (11)). This suggests that LP is the pri-
mary driver of height formation, likely due to its impact on
energy input and material flow. The notable contribution of
IBS indicates its role in layer spacing and material accumu-
lation, whereas NS has a relatively minor effect, suggesting
that variations in scanning speed have limited influence on
height formation.

For hardness, LP again has the highest contribution at
67.65%, followed by IBS at 22.88%, and NS at 9.47%. The
strong influence of LP suggests that hardness is predomi-
nantly controlled by heat input, affecting microstructural
transformations and material consolidation. The moderate
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Fig. 26 Partial derivatives of 3 . T .
Height of Cube (H1) and Hard- .
ness (H2) with respect to Laser
Power (LP), Nozzle Speed (NS),
and Inter-Bead Distance (IBD):
(a)—(c) Sensitivity of Height of
Cube to LP, NS, and IBS. (d)—(f)
Sensitivity of Hardness to LP,
NS, and IBS
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contribution of IBS indicates that layer spacing affects hard-
ness to some extent, possibly due to changes in deposition
uniformity and cooling rates. NS has the lowest influence,
suggesting that variations in scanning speed do not signifi-
cantly affect hardness compared to LP and IBS.

Figure 27a and b present heatmaps of absolute weight
magnitudes, visually confirming these findings. The brighter
intensity for LP in Fig. 27a (height of cube) highlights its
dominant role in height formation, with a secondary but
notable contribution from IBS. In Fig. 27b (hardness),
the even stronger intensity for LP underscores its primary
influence on material hardness, while IBS also contributes
meaningfully. The relative weight distributions across neu-
rons further illustrate the nonlinear dependencies, with LP
showing the strongest influence across multiple neurons,
while IBS plays a moderate role primarily affecting height
formation.
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Profile method results Figure 28 presents the contribution
profiles of Laser Power (LP), Nozzle Speed (NS), and Inter-
Bead Spacing (IBS) in determining the height of cube (left)
and hardness (right) using the Profile Method at 192 varia-
tion intervals. These sensitivity analyses illustrate how vari-
ations in each input parameter influence the ANN outputs.

For height of cube, IBS exhibits the highest contribution
(~44.98%), showing a decreasing trend as the scale of
variation increases. This suggests that inter-bead spacing
significantly influences height formation by altering layer
deposition and material overlap. LP (~32.40%) follows
with a non-monotonic profile, indicating its strong but com-
plex effect on height formation, possibly due to its role in
material melting and consolidation. NS (~22.62%) has a
moderate influence, showing a relatively stable response,
implying a secondary role in determining height of cube.
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Fig. 27 Heatmaps of absolute weight magnitudes for (a) Height of
Cube and (b) Hardness, illustrating the relative influence of input
parameters on ANN predictions. Brighter intensities indicate stronger
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Fig. 28 Influence of Laser Power (LP), Nozzle Speed (NS), and Inter-
Bead Spacing (IBS) on (a) Height of Cube and (b) Hardness using the
Profile Method at 192 variation intervals. The results confirm that IBS

200

The contributions remained stable across different scales,
confirming robustness in sensitivity ranking.

For hardness, LP is the dominant factor (~71.0%),
demonstrating a clear increasing trend. This highlights
that higher laser power directly enhances hardness due to
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connections, confirming LP as the dominant factor for both height and
hardness, with IBS playing a secondary role
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is the primary contributor to Height of Cube, while LP has the stron-
gest effect on Hardness, with contributions remaining stable across all
tested scales

200

increased thermal energy and material transformation. IBS
(~21.78%) has a moderate but stable influence, suggesting
that layer spacing affects cooling rates and material densifi-
cation, contributing to hardness distribution. NS (~7.22%)
contributes the least, indicating that scanning speed has
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Fig. 29 Comparison of the relative sensitivity of process parameters
(Laser Power (LP), Nozzle Speed (NS), and Inter-Bead Spacing (IBS))
in determining (a) Height of Cube and (b) Hardness, using three dif-
ferent sensitivity analysis methods: Partial Derivative (PaD), Weights-

Table 10 Summary of sensitivity contributions and rankings across
methods

Parameter PaD Weights Profile Aver-
Method (%) Method (%) Method (%) age
Rank
Height of Cube
LP 52.26 54.67 32.40 1.67
NS 6.35 11.71 22.62 2.33
IBS 41.39 33.62 44.98 2.00
Hardness
LP 96.51 67.65 71.00 1.00
NS 0.42 9.47 7.22 3.00
IBS 2.98 22.88 21.78 2.00

minimal impact on hardness compared to LP and IBS.
Unlike other outputs, hardness exhibits exceptional stabil-
ity, with contributions remaining nearly identical across all
scales, reinforcing the reliability of the ranking.

Comparative analysis of sensitivity methods To ensure a
comprehensive assessment of input parameter influence,
three different sensitivity analysis methods were applied:
the Partial Derivative (PaD) method, the weights-based
method, and the Profile Method. The comparative results

I Profile

Relative Sensitivity (%) - Hardness

LP NS IBS
Input Parameters

(b)

Based, and Profile Method. While all methods consistently rank LP as
the dominant factor for Hardness, discrepancies in rankings for Height
indicate the influence of broader interaction effects captured by the
Profile Method

for height of cube and hardness are summarized in Fig. 29;
Table 10.

Height of Cube Sensitivity The PaD and weights-based
methods both identify Laser Power (LP) as the dominant
factor, contributing 52.26% and 54.67%, respectively. The
Profile Method, however, assigns a much lower contribution
to LP (32.40%) and instead ranks Inter-Bead Spacing (IBS)
as the most influential factor (44.98%), with Nozzle Speed
(NS) following at 22.62%.

This discrepancy in rankings suggests fundamental differ-
ences in how each method captures sensitivity:

e This indicates that IBS has a more significant influence
when considering global variations, affecting layer ac-
cumulation and final part geometry, whereas LP has a
stronger instantaneous effect on deposition. This high-
lights that while LP governs immediate deposition, IBS
plays a crucial role in long-term height consistency. The
weights-based and PaD methods, which rely on local
gradient-based assessments, may not fully capture this
broader interaction.

e The nonlinear effects of Nozzle Speed (NS) are more
pronounced in the Profile Method, indicating that at cer-
tain scales, NS significantly influences height formation
by modifying the deposition consistency.
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e Methodological Differences: The PaD method captures
local sensitivity by evaluating derivative-based contri-
butions, while the weights-based and profile methods
account for broader parameter interactions across the
entire input space. This is particularly evident in Height
of Cube, where interactions between LP, NS, and IBS
contribute to nonlinear effects, leading to variations in
ranking.

These insights reinforce the necessity of considering mul-
tiple sensitivity analysis techniques to gain a comprehensive
understanding of parameter influence.

Hardness Sensitivity PaD assigns an overwhelming 96.51%
contribution to LP, while the weights-based and profile
methods report lower but comparable values (67.65% and
71.00%). This suggests that the PaD method may over-
estimate local effects due to its derivative-based nature,
whereas the Profile Method captures accumulated effects
over multiple layers, leading to a more distributed contribu-
tion. NS and IBS play minor roles, with NS contributing
0.42% (PaD), 9.47% (weights), and 7.22% (Profile), while
IBS remains relatively stable across all methods.

Unlike the case of height, the ranking consistency for hard-
ness across methods reinforces that LP is the primary con-
trolling factor for material hardness, likely due to its direct
impact on energy input, thermal diffusion, and solidification
kinetics.

Summary of Sensitivity Rankings Despite differences in
numerical sensitivity values, the rankings for hardness
remain highly consistent across all methods, while Height
of Cube exhibits discrepancies in rankings, as shown in
Table 10. This variation underscores the importance of

Table 11 Rank-Correlation summary for cube sensitivity analysis

Objective ~ Methods Spear- Kend- Rank Ordering
Compared manp allt
Height of ~ PaD vs. Weights 1.000 1.000 LP>IBS>NS
Cube
PaD vs. Profile 0.500 0.333 PaD:
LP>IBS>NS; Pro-
file: IBS>LP>NS
Weights vs. 0.500 0.333 Weights: LP > IBS
Profile > NS; Profile: IBS
>LP>NS
Hardness  PaD vs. Weights 1.000 1.000 LP>IBS>NS
PaD vs. Profile 1.000 1.000 LP>IBS>NS
Weights vs. 1.000 1.000 LP>IBS>NS
Profile

@ Springer

considering multiple sensitivity assessment approaches to
capture both localized and overall parameter influence.

Rank-Correlation Analysis Across Sensitivity Methods To
further assess the robustness of the sensitivity analysis for
cube fabrication, Spearman’s rank correlation coefficient
(p) and Kendall’s coefficient (t) were computed to quantify
agreement among the three methods (PaD, weights-based,
and profile). As with the single-bead study, these non-para-
metric metrics provide a rigorous measure of whether the
parameter hierarchy is preserved across fundamentally dif-
ferent sensitivity definitions.

For the Height of Cube objective, the three sensitivity
methods do not yield identical rankings. Both the PaD
and weights-based analyses rank the parameters as LP —
IBS — NS, whereas the Profile Method—reflecting global
variations across the entire processing window—ranks them
as IBS — LP — NS. This mismatch results in moderate
rank correlations, with Spearman’s p=0.500 and Kendall’s
1=0.333 when comparing either PaD or weights with the
Profile Method, while PaD vs. weights show perfect agree-
ment (p=1.000, T=1.000). The divergence between LP and
IBS is physically meaningful: gradient-based approaches
emphasize the influence of LP on instantaneous bead height
formation, whereas the Profile Method captures cumula-
tive, multi-layer effects for which IBS becomes the domi-
nant geometrical regulator of overall build height. Thus, the
moderate correlation reflects a genuine shift between local
melt-pool dynamics and global layer-stacking behavior
rather than methodological inconsistency.

For Hardness, all three methods produce identical rank-
ings (LP — IBS — NS), yielding perfect agreement across
all correlations (p=1.000; t=1.000). This strong consis-
tency reflects the fact that hardness is primarily governed by
laser power through its effect on melt-pool thermal history,
cooling rate, and solidification kinetics, whereas IBS and
NS contribute only secondary thermal modulation.

The complete rank-correlation matrix for cube fabrica-
tion is shown in Table 11.

Interpretation and Physical Justification The differences
observed in the height-of-cube rankings arise naturally
from the fact that height formation is governed by multi-
scale mechanisms acting across the entire layer-stacking
process rather than by instantaneous melt-pool behavior.
Gradient-based approaches such as PaD and the weights-
based method emphasize local deposition effects and there-
fore identify Laser Power (LP) as the most influential factor,
because LP directly determines the height of each newly
deposited bead. In contrast, the Profile Method explores
broader, global variations across the full input space and
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captures cumulative interactions between layers. Under
these global conditions, Inter-Bead Spacing (IBS) becomes
more dominant because it regulates geometric accumulation
over many layers, influencing layer overlap, stair-stepping
behavior, thermal smoothing, and the extent to which suc-
cessive tracks reinforce or diminish overall build height.
The moderate rank correlations (p=0.5, t=0.33) therefore
do not indicate inconsistency, but rather reflect the expected
shift in dominant mechanisms when transitioning from local
melt-pool dynamics to global geometric growth.

For hardness, all three sensitivity methods yield identical
rankings, which is fully consistent with its physical origin.
Hardness depends primarily on the thermal history of the
melt pool—particularly energy input and cooling rate—
both of which are overwhelmingly controlled by LP. IBS
and NS influence hardness only indirectly by modulating
secondary thermal effects, and their impact remains com-
paratively small. Because hardness varies within a narrower
range and is governed by a single dominant mechanism, all
methods converge to the same parameter hierarchy, produc-
ing perfect rank agreement (p=1.0, t=1.0).

This cross-method analysis demonstrates that the
ANN-based framework produces highly stable sensitiv-
ity rankings for hardness, and physically interpretable
yet scale-dependent rankings for cube height. The perfect
agreement for hardness confirms that LP is unequivocally
the dominant factor governing melt-pool thermodynamics
and microstructural consolidation. For height, the differ-
ing rankings arise because local-gradient methods empha-
size instantaneous deposition dynamics, while the Profile
Method captures long-range geometric accumulation effects
and therefore prioritizes IBS. The combination of strong
agreement where expected (hardness) and physically justi-
fied divergence where multi-scale effects dominate (height)
reinforces the validity of using multiple complementary sen-
sitivity techniques to obtain a complete and robust under-
standing of parameter influence in DED cube fabrication.

4.2.4 Multi-objective optimization

The NSGA-II optimization produced a Pareto front that
describes the trade-off between cube height and hardness.
A complete view of the optimization behaviour is shown
through the convergence history (Fig. 30a), the multi-run
stability analysis (Fig. 30b), and the final Pareto front with
the selected solution (Fig. 30c). In contrast to the single-
bead case, both objectives exhibit a positively correlated
trend, where increasing the height of the cube generally
leads to a slight increase in hardness. This reflects the influ-
ence of thermal history and layer stacking on microstruc-
tural consolidation.

For the cube optimization, explicit normalization was
likewise not applied. Although the objectives differ in phys-
ical units (mm for height and HV for hardness), their numer-
ical ranges are comparable and tightly bounded within the
experimental domain. As a result, Pareto dominance is not
influenced by unit scaling, and the NSGA-II solver evalu-
ates trade-offs consistently without normalization. The
robustness of this formulation is further supported by the
strong overlap of Pareto fronts obtained from multiple inde-
pendent optimization runs.

Since the cube geometry was constrained to remain close
to 5 mm, as defined in Eq. (16), the final selection was made
along the upper region of the Pareto front to balance dimen-
sional accuracy with mechanical performance, ensuring
adequate hardness without excessive overbuilding.

To ensure reliable convergence and thorough explora-
tion of the design space, MATLAB’s gamultiobj solver was
configured using the parameters listed in Table 12. These
settings follow standard NSGA-II recommendations for
low-dimensional nonlinear multi-objective systems.

NSGA-II convergence was assessed using the Pareto
spread metric, which evaluates the distribution of non-dom-
inated solutions. As shown in Fig. 30a, the spread decreases
rapidly during the early generations and then stabilizes,
indicating consistent convergence toward a narrow objec-
tive region. Because both cube objectives vary within a
very tight range, only minimal spread remains at conver-
gence—consistent with the expected physical response
characteristics.

To verify robustness and rule out sensitivity to random
initialization, the optimization was repeated five times
with different random seeds. The resulting Pareto fronts in
Fig. 30b overlap almost entirely, confirming high run-to-run
repeatability. The small deviation of one point is expected
given the extremely narrow objective window (height varia-
tion<0.3 mm and hardness variation<0.3 HV), and does
not affect the identification of the optimal solution.

The final optimized parameters and corresponding model
predictions are summarized in Table 13, alongside experi-
mental validation results.

This optimization confirms that the ANN-NSGA-II
framework effectively balances geometric accuracy and
mechanical performance for cube fabrication. The very
low prediction errors—0.271% for height and 0.810% for
hardness—demonstrate strong predictive reliability and
reinforce the suitability of the approach for broader additive
manufacturing design and process optimization.
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Fig. 30 (a) NSGA-II convergence curve for cube optimization. (b)
Stability of NSGA-II Pareto fronts across five independent runs. The
fronts overlap closely, with only minor variation attributable to sto-

5 Conclusion

This study developed and validated a modular, machine
learning-driven optimization framework for laser-based
Directed Energy Deposition (DED), combining artificial
neural network (ANN) surrogate modeling, NSGA-II multi-
objective optimization, and sensitivity analysis to evaluate
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chastic sampling within a narrow objective range. (¢) Final Pareto
front and selected solution for cube fabrication

parameter influence. The framework was experimentally
demonstrated on two case studies: single-bead and cube
fabrication.

In the single-bead study, the framework effectively bal-
anced bead width and dilution depth. Laser power and feed
rate emerged as dominant factors, and the ANN model
achieved high accuracy, with prediction errors of 1.28%
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Table 12 NSGA-II configuration used in cube optimization

Parameter Value
Population size 50
Pareto fraction 0.10
Crossover fraction 0.80

Crossover function Intermediate (ratio=1.0)

Mutation Adaptive (default)
Migration Forward, 0.20 fraction
Maximum generations 200

Stall generations 100

Function tolerance 1x10*

Constraint tolerance 1x107

Stopping criterion Average change in
Pareto spread below
tolerance

Number of independent runs 5 (for stability analysis)

Table 13 Overall optimization summary for cube fabrication
Parameter/Objective Value

Laser Power (W) 485.314 (485)
Feed Rate or Nozzle Speed (mm/min) 656.783 (657)
Inter-Bead Spacing (mm) 0.771 (0.8)
Predicted Height of Cube (mm) 5.665
Experimental Height of Cube (mm) 5.68

Height of Cube prediction error (%) 0.271
Predicted Hardness (HV) 237.331
Experimental Hardness (HV) 239.27

Hardness prediction error (%) 0.810

for dilution and 4.11% for width. NSGA-II optimization
yielded a clear Pareto front, offering multiple parameter sets
tailored to competing objectives.

In the cube fabrication case, the framework optimized
build height and surface hardness with prediction errors
of 0.271% and 0.810%, respectively. Sensitivity analysis
confirmed that inter-bead spacing and laser power were the
most influential parameters, supporting model reliability in
complex scenarios.

By integrating data-driven prediction, multi-objective
optimization, and sensitivity-guided insight, the proposed
framework supports efficient, flexible process planning.
Its generalizable structure allows extension beyond DED
to other additive and subtractive manufacturing methods
requiring simultaneous control over multiple quality met-
rics. While both case studies use Inconel 718 deposited on
stainless steel, the framework is adaptable to other material
systems through retraining and tailored data collection.

Overall, this work demonstrates that combining surro-
gate modeling with evolutionary optimization and param-
eter influence analysis can significantly reduce experimental
effort, improve manufacturing efficiency, and offer practical
benefits for industrial implementation.
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