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Abstract

Laser-directed energy deposition with wire (L-DED/W) offers high deposition and material utilization rates but often suf-
fers from geometric inaccuracies and anisotropic mechanical properties due to unstable deposition dynamics and complex
thermomechanical phenomena. To enable in situ monitoring and closed-loop control of final qualities such as geometry
and hardness—which cannot be directly measured during deposition—this study employs the parameter—signature—quality
(PSQ) framework. This work presents the first in situ multi-input multi-output (MIMO) closed-loop control of both deposi-
tion geometry and hardness in a directed energy deposition process. Building on the experimental foundation established
in Part 1 of this study, a real-time MIMO control strategy is developed for the L-DED/W process. A long-short-term-
memory (LSTM) network is used to model the nonlinear and dynamic relationships between process parameters (power
and speed) and melt pool signatures, while hardness is classified using a combined set of process parameters and melt
pool signatures within the PSQ framework. These models are integrated with a fuzzy logic controller to achieve closed-
loop MIMO control, demonstrating effective regulation of melt pool geometry while maximizing the likelihood of achiev-
ing high hardness under process uncertainties. The results demonstrate the feasibility of in situ regulation of otherwise
unmeasurable final qualities and highlight fuzzy logic control as a flexible and computationally efficient approach for
multi-objective control in metal additive manufacturing.

Keywords Laser directed energy deposition with wire - In situ monitoring - Long-Short-Term-Memory - Closed-loop
control - Multi-objective control - Fuzzy logic control

1 Introduction

In situ monitoring and closed-loop control of final compo-
nent qualities have attracted attention as effective strate-
gies for improving the reliability and consistency of parts
produced by additive manufacturing (AM). This grow-
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advancements in sensing technologies and control systems
have facilitated the implementation of in situ monitoring
and control approaches, which effectively mitigate model-
ing inaccuracies and compensate for real-time uncertainties
and parameter variations during the AM process [5, 6].

However, a significant challenge arises when certain final
qualities of AM components cannot be directly measured
in situ, making them difficult to monitor and control during
fabrication. To address this challenge, the parameter—signa-
ture—quality (PSQ) framework has been proposed. In this
framework, measurable process signatures with strong cor-
relations to the final qualities act as connecting intermedi-
aries between process parameters and component qualities
(Fig. 1(a)). The relationship linking process parameters to
signatures is denoted as F,, while the relationship between
process signatures and final qualities is denoted as F,. The
general structure of the closed-loop control block diagram
within the PSQ framework is illustrated in Fig. 1(b). The
parameter—signature model (F,) is developed through sys-
tem identification methods, serving either as a process simu-
lator for the controller design or as a foundation for direct
control on the actual AM process. Meanwhile, the signa-
ture—quality model (F,) translates sensor signals (process
signatures) into final component qualities, which in turn
inform the control variables of the closed-loop control sys-
tem. This approach enables indirect measurement and con-
trol of otherwise unmeasurable qualities. For instance, the
PSQ framework has been successfully utilized to control
bead width (quality) by manipulating LP (parameter) and
monitoring melt pool width (MPW) as a process signature in
the laser directed energy deposition with wire (L-DED/W)
process [7].

This manuscript is the second in a two-part series aimed
at developing multi-input multi-output (MIMO) in situ
monitoring and control strategies for final qualities such as
hardness, geometry, and microstructure in directed energy
deposition (DED) processes for duplex stainless steel (DSS)

Fig. 1 PSQ framework: (a) a.
Process signatures serving as

components. In Part 1, systematic experiments were con-
ducted to establish a robust dataset for modeling and con-
trol, identify key correlations within the PSQ framework,
and introduce image-processing techniques for extracting
melt pool and microstructural features [8]. Building on these
results, the present study aims to demonstrate the applica-
tion of the PSQ framework for multi-objective, closed-loop
MIMO control of final qualities that are otherwise unmea-
surable in situ.

Achieving this objective is realized through three key
stages: (i) MIMO system identification to model the param-
eter—signature relationship (F1), (i) modeling the signature—
quality relationship (F2) to enable indirect control of final
properties, and (iii) integration of F:1 and F: into a closed-
loop control architecture. Each stage addresses specific
limitations in existing approaches and is discussed in the
following.

The first stage involves constructing the Fi model
describing the relationship between process parameters and
process signatures. Previous system identification efforts
in DED have largely focused on single-input single-output
(SISO) formulations, most commonly modeling MPW as a
function of laser power using linear transfer functions [9].
Similar linear SISO approaches have been applied in elec-
tron beam DED, where the electron beam current is used
as the control variable [10]. While these methods provide
valuable insights for simplified scenarios, they rely on linear
dynamics and neglect the inherently multivariable nature
of DED processes, where melt pool behavior is simultane-
ously influenced by travel speed, deposition rate, material
properties, and evolving thermal conditions [11]. To address
multivariable interactions, Rahmani Dehaghani et al. [12]
introduced a transfer-learning-based MIMO framework that
adapts linear source-domain models to target domains under
severe data scarcity. However, despite these advances, most
MIMO system identification studies in AM continue to rely
on linear models, and nonlinear MIMO modeling remains
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relatively unexplored. In this study, a nonlinear MIMO sys-
tem identification model is developed using a long short-
term memory (LSTM) network to capture the dynamic
relationships between laser power, travel speed, and multi-
ple melt pool signatures, including MPW, melt pool length,
and melt pool size. Bead number and layer number are
incorporated to account for accumulated thermal effects and
surrounding geometry, and calibrated input uncertainties are
included to better reflect real-world process variability. This
model constitutes the Fi1 component of the PSQ framework.

The second step focuses on developing the F: link of the
PSQ framework. Hardness and final bead geometry are set
as the primary control objectives. Traditionally, hardness
modeling in DED processes has been performed as a func-
tion of process parameters [13, 14] which limits its appli-
cability within the PSQ framework. In this study, MPW is
used to approximate bead geometry, and hardness modeling
is approached as a classification task based on the process
parameters and signatures. To further improve predictive
accuracy and capture the effect of accumulated thermal
history, bead and layer numbers are also incorporated into
the model, as they significantly influence microstructural
evolution and hardness through repeated heating and cool-
ing. Hardness is categorized into three classes—“High,”
“Medium,” and “Low”—and the 288 data points collected
in the first part [8],, are used to develop various classifi-
cation models, including K-nearest neighborhood (KNN),
support vector machine (SVM), artificial neural network
(ANN), and ensemble methods.

The final stage integrates the Fi and F. models into a
closed-loop control architecture. Closed-loop control of
final part qualities, such as microstructure and mechanical
properties, has been explored in a limited number of studies.
Nassar et al. [15] developed an intralayer control strategy
that dynamically modified the build plan to maintain tem-
perature thresholds, resulting in improved microstructural
and hardness uniformity. Farshidianfar et al. [16] proposed a
closed-loop PID-based approach for laser DEDs with pow-
der, regulating cooling rate through travel speed control to
refine microstructure, and later extended this methodology
to multilayer walls, achieving improved uniformity despite
residual variations [17]. While these studies demonstrate
the potential of closed-loop control, they do not explicitly
establish a signature—quality relationship, and therefore
lack the F2 link required within the PSQ framework. Fuzzy
logic controllers (FLCs) have been shown to be effective in
handling nonlinearities and uncertainties in AM processes
[18-24], yet their application has largely been limited to
controlling geometric features or thermal proxies. In this
study, an FLC is integrated with the PSQ framework to
enable simultaneous MIMO control of geometry and hard-
ness. The controller leverages the constructed F: and Fa

models to regulate melt pool behavior, indirectly maximize
hardness, and maintain geometric stability under calibrated
input uncertainties.

This study makes several original contributions to the
field of in situ monitoring, modeling, and control of DED
processes. First, it presents the first demonstration of in situ
closed-loop control of hardness in a DED process, achieved
indirectly through the PSQ framework. Second, a true
MIMO control strategy is developed to simultaneously reg-
ulate deposition geometry and mechanical properties, mov-
ing beyond the single-objective or single-input approaches
commonly reported in the literature. Third, the integration
of LSTM networks for nonlinear MIMO system identifi-
cation and an FLC within the PSQ framework establishes
a practical and computationally efficient pathway toward
real-time, multi-objective control of additive manufacturing
processes.

The remainder of this paper is structured as follows: Sec-
tion 2 details the methodology for constructing F: and Fa,
integrating them into the control block diagram, and imple-
menting closed-loop control. Section 3 presents the mod-
eling and control results along with key findings. Finally,
conclusions are drawn in Section 4.

2 Methods and materials

The objective of this study is to develop a closed-loop con-
trol system for the MIMO L-DED/W process with the dual
goals of maintaining MPW, leading to reduced surface wav-
iness and improved geometric accuracy, while maximizing
hardness. The dataset used in this study is obtained from
the experimental work reported in the first part of this study
[8], where an eight-layer, six-bead DSS 2209 ring (230 mm)
is fabricated using the L-DED/W process by systematically
varying laser power (35504150 W) and travel speed (7-13
mm/s). The ring is deposited using 1.2 mm wire at a feed
speed of 2 m/min. During deposition, melt pool images are
coaxially captured and processed to extract MPW, MPL,
and MPS, defined as the melt pool surface observed from
a top coaxial view. Post-process hardness measurements
are then performed. In this paper, the collected data are first
preprocessed and structured for analysis. Subsequently, the
F: and F2 models are developed and incorporated into the
control scheme to regulate MPW and hardness during ring
deposition in the L-DED/W process.

2.1 Data preprocessing for F, and F, construction
For F, development, the extracted melt pool features, MPW,

MPL, and MPS are synchronized with travel speed (TS),
laser power (LP), bead number (BN), and layer number
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(LN) during deposition. Instances where sensors are defec-
tive are removed, along with data from no-printing periods
and their immediate surroundings, to ensure a continuous
dataset at 30 Hz. The output data is then smoothed using a
second-order low-pass Butterworth filter with a normalized
cut-off frequency of 0.2 times the Nyquist frequency (2/fps).
Additionally, a sliding moving average filter with a window
size of 10 is applied, averaging each data point with its 10
surrounding values. Finally, both input and output variables
are normalized between zero and one to scale the dataset
appropriately for Fi construction.

For F2, the hardness values from 288 measurement loca-
tions are synchronized with the seven process and melt pool
features (BN, LN, LP, TS, MPW, MPL, and MPS), forming
a dataset suitable for hardness classification.

2.2 MIMO process signature prediction (F,
construction)

This section aims to establish the parameter-signature rela-
tionship between TS, LP, LN, and BN with MPW, MPL,
and MPS. To achieve this, various linear and nonlinear
time-series models are explored, including linear transfer
functions, nonlinear autoregressive models with exogenous
input (ARX), nonlinear Hammerstein-Wiener models, and
LSTM networks.

Linear transfer functions predict a system’s output
response by defining relationships between input and out-
put through poles and zeros in the Laplace or Z-domain,
making them useful for modeling linear dynamic systems.
Nonlinear ARX models incorporate regressors from pres-
ent and past input values, as well as past outputs, to esti-
mate the current output using techniques such as ANN or
polynomial functions. Hammerstein-Wiener models further
enhance system modeling by introducing nonlinear input
and output blocks around a central linear dynamic system,
allowing for the representation of complex nonlinear behav-
iors while maintaining a structured framework for system
identification and control. These models are trained on 80%
of the dataset, with the remaining 20% reserved for testing,
and their accuracy is evaluated using the R-squared value to
assess their effectiveness in MIMO system identification for
the L-DED/W process.

RNN-LSTM models are advanced neural networks
designed to capture temporal dependencies in sequential
data. RNN models process inputs sequentially, maintaining
an internal state that allows them to model time-dependent
relationships. However, standard RNNs suffer from vanish-
ing gradient issues, limiting their ability to learn long-term
dependencies. LSTM networks address this limitation by
incorporating memory cells with gating mechanisms that
regulate information flow, enabling the capture of both

@ Springer

short- and long-term dependencies. These properties make
LSTM models highly effective for system identification and
predictive modeling in dynamic processes like DED. The
LSTM model is trained using a 70/15/15 split for training,
validation, and testing, respectively. The validation set is
used for early stopping— with a tolerance of le-5 and a
patience value selected during fine-tuning—to prevent over-
fitting and to optimize the model architecture and hyperpa-
rameters. Each LSTM layer is complemented by a dropout
layer with a ratio of 0.4, enhancing generalization and pre-
venting overfitting. Training is conducted over 100 epochs,
and the R-squared serves as the evaluation metric. Among
all the models developed, the one demonstrating the highest
accuracy is chosen as the F1, modeling the link between pro-
cess parameters and melt pool signatures. Its final accuracy
is evaluated on the test dataset.

2.2.1 Process parameter uncertainty calibration

As the selected time-series model serves as a simulator for
the L-DED/W process, it is essential to incorporate process
uncertainties, given that DED inherently involves variations
in input parameters. To achieve a more realistic simulation,
Gaussian white noise is introduced into TS and LP, mim-
icking process fluctuations. The uncertainty calibration pro-
cess involves defining the Uncertainty Calibration Variables
(UCVs) as:

UCVS = (U TS, ULP) (1)

where, o rg and o pp represent the standard deviations of
the Gaussian noise added to TS and LP, respectively. Upon
application of the UCVs to the model, the output is derived
using Monte Carlo Simulation (MCS). This involves aver-
aging 100 predictions for any given input. Additionally, the
uncertainty in the model’s output is quantified by calculat-
ing the standard deviation of these 100 output responses.
The UCVs are calibrated using the validation dataset by
solving an optimization problem designed to minimize the
Mean Squared Error (MSE) between the experimental data
and the calibrated model outputs determined by MCS:

n 2 _ .2
UCVs* = min Z z:l(ye:vp yMCS) (2)
UCVs n
subject to:

0< o.p<180W,0< 0pg< 1.8";—’”

where, ye.p and yarcs represent the experimental and cali-
brated model outputs determined by MCS, respectively, and
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n is the number of validation data points. The upper bounds
for the UCVs are set to 30% of the range of each parameter,
but will be adjusted if they are found to be active after. The
optimized uncertainty values, UC'V s*, define the noise lev-
els that best replicate real process variations.

This optimization problem is solved using Bayesian
optimization, with 10 randomly initialized points and a
maximum of 100 function calls. Once calibrated, the uncer-
tainty-calibrated model serves as the simulator of cylindri-
cal feature deposition in the L-DED/W process, forming the
foundation for controller design in subsequent sections.

2.3 Hardness classifier development (F,
construction)

The next step is to establish the signature-quality link in the
PSQ framework. Hardness values are classified into three
categories: “Low,” “Medium,” and “High,” each covering
one-third of the measured hardness range. The correspond-
ing ranges are 244-268 HB for “Low” hardness, 269-292
HB for “Medium” hardness, and 292-316 HB for “High”
hardness. The dataset consists of 288 data points, with 10%
(28 points) reserved for testing and the remaining 90% used
for training with 5-fold cross-validation. Seven features—
BN, LN, TS, LP, MPW, MPL, and MPS—are available for
classification. However, some features may not contribute
significantly to model accuracy. Therefore, feature selection
is performed to identify the subset yielding the highest clas-
sification performance.

Four modeling approaches—SVM, ANN classifiers,
KNN, and ensemble models with decision tree learners—are
explored to classify hardness based on process parameters
and melt pool signatures. Table 1 summarizes the hyper-
parameters for each model, distinguishing between fixed
and optimizable parameters. The latter are fine-tuned using
hyperparameter optimization (HPO), with defined search

ranges and possible values listed in Table 1. HPO aims to
identify the optimal set of hyperparameters that maximize
classification accuracy on the 5-fold cross-validation data.
Bayesian optimization is employed for this purpose, select-
ing hyperparameters in each iteration based on a probabi-
listic model that balances exploration (searching uncertain
regions) and exploitation (focusing on high-performing
areas). After selecting a set of parameters, the optimizer
trains the model and evaluates its classification accuracy,
and proceeds to the next iteration. To determine the appro-
priate number of iterations, values ranging from 20 to 300
are tested. The results indicate that 100 iterations provide
convergence across all models, ensuring an optimal trade-
off between computational efficiency and performance.

SVM models classify data by finding the optimal hyper-
plane for separating classes. Kernel functions—including
Gaussian, linear, quadratic, and cubic—handle nonlinearity,
while the box constraint (C) controls the trade-off between
maximizing margin and minimizing classification errors.
Multiclass classification is managed through either a one-
vs-one or one-vs-all approach. ANN classifiers process data
through interconnected layers of neurons, with architectures
limited to three hidden layers to balance computational
efficiency and model complexity. KNN classification is
based on the majority class of the k nearest neighbors, with
k optimized during training. The Euclidean distance met-
ric is fixed for proximity measurements. Ensemble models
with decision tree learners combine multiple decision trees
to improve classification performance. AdaBoost is used
as the ensemble method, adjusting tree weights iteratively
for higher accuracy. The maximum number of splits defines
tree depth, while the number of learners determines the
ensemble size.

The final model is selected based on the highest classifi-
cation accuracy from various model-feature combinations.
Its performance is then evaluated on the test data. Once

Table 1 Hyperparameters of the classification models, including fixed values and optimizable parameters with their respective search ranges

Model Hyperparameter Optimizable Parameter value or range
Support vector machine Kernel function Yes Gaussian, linear, quadratic, cubic
Box constraint (C) Yes [0.001, 100]
Multiclass coding Yes One-vs-one, one-vs-all
ANN Classifier Number of layers Yes 1,2,0r3
Layer sizes (first, second, third) Yes Integers in range [1, 300]
Activation function Yes ReLU, Tanh, Sigmoid, Identity
Regularization (Lambda) No 0
K-nearest neighborhood Number of neighbors (k) Yes Integer in range [1, 20]
Distance metric No Euclidean
Distance weight Yes Equal, inverse, or squared inverse
Ensemble decision tree Ensemble method No AdaBoost
Learner type No Decision tree
Maximum number of splits Yes Integer in range [1, 130]
Number of learners Yes Integer in range [10, 500]
Boosting learning rate Yes [0.001, 1]
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the best model is selected, partial dependence plots, which
represent the marginal effect of individual input features on
the predicted classification scores while keeping other vari-
ables constant, are generated to visualize how classification
scores vary with different process parameters and melt pool
signatures. These insights serve two purposes: validating
whether the final model aligns with experimental findings
and uncovering additional relationships crucial for the con-
troller design.

2.4 Closed-loop control of L-DED/W process using
PSQ framework

The control algorithm utilized in this section is primarily
an FLC, which is a type of fuzzy inference system (FIS)
illustrated in Fig. 2. A FIS operates by first converting crisp
inputs into fuzzy sets through fuzzification, using predefined
membership functions (MFs) to represent input variables
(e.g., “low,” “medium,” or “high”) and handle uncertainty.
These fuzzy inputs are then evaluated using a set of “if-then”
fuzzy logic rules, which define the interactions between
inputs to generate fuzzy outputs (e.g., if the temperature
is high and the speed is medium, then the power is low).
Finally, the fuzzy outputs are transformed back into crisp
values through defuzzification, yielding actionable outputs
for practical applications. This approach facilitates intuitive
decision-making in systems where precise mathematical
models are either impractical or subject to uncertainty.

What distinguishes an FLC from other FIS implementa-
tions is its specific design for controlling system outputs,
whether a final quality such as hardness, the output error rel-
ative to a setpoint (E), or the change in error (AE). The FLC
output serves as the input to the plant; however, to enhance
control stability, it is often more effective for the FLC to
output the change in the input value rather than the absolute
input itself. In this case, an integrator with a tunable gain is
added after the controller to optimize performance.

The objective of this section is to implement MIMO
closed-loop control of MPW and hardness in the L-DED/W
process. As an initial step, the FLC is first designed and
tested in a simplified SISO control scenario, where LP is
the manipulated variable and MPW is the controlled output.

Once validated, the control strategy is expanded to a full
MIMO framework, where both TS and LP serve as manipu-
lated variables, while MPW and hardness are the controlled
outputs. The integration of F: and F2, controller design, and
simulations to test various scenarios are all performed in
MATLAB and Simulink. Each stage of this development is
detailed in the following subsections.

2.4.1 SISO closed-loop control of MPW using FLC

This initial step aims to understand the design and function-
ality of the FLC in regulating the desired system output,
MPW. Maintaining a consistent MPW ensures a uniform
final geometry in the printed part, making geometry control
the primary objective of this section within a SISO system.
The inputs to the FLC are the MPW error relative to the
setpoint, defined as Ey;pyy = MPW - MPW, and the change
in error, AEypw = Eypw, ¢ - Empw, 1 Each input can take dif-
ferent values, so three MFs are defined: negative (N), zero
(Z), and positive (P).

In the L-DED/W process, MPW closely approximates
the laser spot diameter. Given that a 5 mm laser spot diam-
eter was used in the experiments, MPW in the simulation
is around 5 mm, with variations of up to £1 mm. Conse-
quently, the range for Eypy and AEypy is set to [—1, 1].
The selected MF type for the input variables is triangular.
The controller output is the change in LP, ALP. To achieve
better process control, five MFs are defined for ALP: nega-
tive big (NB), negative medium (NM), zero (Z), positive
medium (PM), and positive big (PB). The range for ALP is
set to [-600, 600] W to allow the controller to increase or
decrease the LP across the full range set for the simulator
which is 600 W. The output MF's are also triangular.

With two inputs, each having three MFs, the system
comprises nine possible configurations (3 x3=9), leading
to nine fuzzy rules defining the controller’s response. Since
MPW and LP share a monotonic relationship, FLC can
effectively regulate MPW with a simple rule set in a closed-
loop control scheme. The rules are presented in Table 2,
where Table 2(a) represents them in a tabular format, while
Table 2(b) presents the matrix format, which is preferred
when dealing with more than two inputs, as in the next

Fig. 2 Fuzzy inference system
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Table 2 The rule set applied to the FLC. (a) table representation. (b) matrix representation

a. AEnvpw b. Rule No. E AE A LP
N V4 P Rule 1 1 1 1
Evow N NB NM Z Rule 2 2 1 2
Z NM Z PM Rule 3 3 1 3
P V4 PM PB Rule 4 1 2 2
Rule 5 2 2 3
Rule 6 3 2 4
Rule 7 1 3 3
Rule 8 2 3 4
Rule 9 3 3 5

section. In the matrix format, each MF level is numerically
indexed (e.g., | corresponds to the first MF, 2 to the second).

The rules are constructed to maintain both Eypy and
AE\pw at zero. Big output MFs are triggered when both
inputs indicate the same control direction. For instance, if
both Eypw and AE,;py are negative (N), the controller out-
put (ALP) should significantly decrease, thus the negative
big (NB) MF is selected. Conversely, the zero (Z) output
MF is used when both inputs are zero or when their sug-
gested actions conflict (e.g., one calls for an increase, the
other for a decrease in ALP). When one input is zero, the
controller responds based on the non-zero input. It is also
important to note that all rules are assigned equal weight.

The FLC utilizes a Mamdani-type fuzzy inference sys-
tem with centroid defuzzification. Figure 3(a) summarizes
the FLC designed for SISO closed-loop control of MPW.

The performance of the FLC is evaluated against a pro-
portional-integral (PI) controller, which is designed under
the same conditions. The proportional and integral gains of
the PI controller are tuned using a grid search, each ranging
from 1 to 100,000. Figure 3(b) illustrates the closed-loop
control block diagram used for this comparison. The simu-
lation sampling time is set to 1/30 seconds, matching the
data acquisition frequency in the experiments. Additionally,
K, p in the integrator serves as a gain to scale the control-
ler output, with its optimal value determined through a grid
search within the range of 0.5 to 1000.

——First MF

The comparison is conducted by simulating the depo-
sition of a two-layer single-bead ring with a diameter of
100 mm, maintaining a constant travel speed of 10 mm/s.
The evaluation focuses on overshoot percentage, steady-
state error, and rise time, providing a direct performance
comparison between the PI controller and the FLC. The
comparison results are presented in Section 3.

2.4.2 MIMO closed-loop control of MPW and hardness
using PSQ and FLC

The FLC developed in the previous section is expanded to a
MIMO L-DED/W system to simultaneously control MPW
and maximize hardness. The manipulated variables are LP
and TS. The inputs to the FLC include Ey;py and AEypy, as
previously defined, along with an additional input param-
eter: high-class residual confidence (Ryc), defined as:

Ruc = Thigh — maxX(Tmed; Tiow) 3)

where 1y, Tpeq> and ryyigy Tepresent the classification scores
for the corresponding three hardness categories. Ry quanti-
fies how much the confidence in the “High” hardness clas-
sification exceeds that of the next most probable category.
A positive Ry indicates that the model predicts “High”
hardness, which is the desired outcome. A negative Ry
suggests that the model predicts a hardness category other

a. = =Second MF b
7 Third MF 1
A —--Fourth MF | MPWset | ¥° ¢ PI LP DED-LB/W | |
/ \ \ —+—Fifth MF controller || simulator (F1) MPW
3
E (3 MFs) Mamdani || Disturbances-BN, LN, TS——
FIS
/\ / = + Evpw Fuzzy logic |LP % DED-LB/W | MPW
< ALP (5 MFs) / controller |~ Integrator ™ simulator (F1) ]
U FLC (9 rules) 2L
z | AEwpw
AE (3 MFs)

Fig. 3 Comparing two controllers for MPW: (a) FLC structure for SISO L-DED/W system control. (b) Closed-loop PI control block diagram
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Fig.4 FLC structure for the MIMO L-DED/W system control

than “High.” The primary objective is to maintain a positive
Ry and maximize it to increase the likelihood of achieving
higher hardness.

To implement this, two MFs are defined for Ry: nega-
tive (N) and positive (P). Since maintaining an Ry close
to zero is not a desired outcome, a zero-MF is not included.
The MFs for Ry are linear ramps with saturation, with a
defined range of [—1,1]. The MFs for Eypyw and AEypy
retain the same shape as before but with variable ranges,
[-1g, 1] and [-rag, Tog], respectively. These range limits are
not fixed because the robustness and performance of the
controller are highly dependent on the appropriate scaling
of input MFs. The parameters r; and r,p are included as
optimization variables to enhance controller performance.

For the FLC outputs, five MFs are defined for TS, similar
to LP. The MFs for TS are triangular, with a range of [—6,

6] mm/s, corresponding to the experimental TS range. The
total number of rules in the expanded FLC is 18, given by
the combination of three MFs for Eypyy, three for AEpys
and two for Ryc (3x3x2=18). The specific rule set is
determined after the F, function is developed, allowing for
a better understanding of input-output relationships. The
structure of the FLC for the MIMO L-DED/W system con-
trol is illustrated in Fig. 4.

The next step is to integrate the FLC with the F, and F,
models to regulate MPW and maximize hardness. This inte-
gration is depicted in the closed-loop control block diagram
in Fig. 5. In this framework, two disturbances, BN and LN,
represent variations in the printing location.

The FLC receives three inputs: Eypw, AEypyw, and
Ryc, and generates two outputs: the changes in TS and
LP. These outputs are then processed through integrators
to compute the updated LP and TS values. The integrators
include adjustable gains, K;p and Kpg, which are optimi-
zation parameters that influence controller performance. To
ensure stability and feasibility, upper and lower saturation
limits are imposed on the integrators, corresponding to the
allowable LP and TS ranges. The L-DED/W simulator, rep-
resented by the F; model, predicts melt pool characteristics
based on the updated process parameters. Meanwhile, the
classification model estimates hardness scores for each cat-
egory, from which Ry is computed and fed back to the con-
troller alongside Eypy and AEpy;, closing the control loop.

The FLC is fine-tuned using a self-developed code and
a genetic algorithm (GA) to minimize the sum of absolute
Eypw over a 10-second simulation period, while fixing
BN and LN values at one for simplicity. MPW, follows
a square waveform with a bias of 5.05 mm, an amplitude
of 0.15 mm, and a frequency of 2n/5 rad/sec to introduce
controlled variations. The objective is to optimize ry, I'ng,
Krg, and K| p, along with specific rule adjustments (detailed
in the results section), to achieve the lowest possible sum
of absolute E,;py. Finally, the input uncertainties identified
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Fig.5 Closed-loop control block diagram of MIMO L-DED/W for hardness and MPW control using the PSQ scheme
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during system identification (o} p, G1g) are incorporated into
the simulation to better approximate real-world conditions.

3 Results and discussion

3.1 MIMO process signature prediction (F,
construction)

Printing the DSS 2209 ring with eight layers and six beads,
while systematically varying process parameters and cap-
turing coaxial melt pool images as detailed in [8], yields
105,080 images at a 30 fps frequency. From these, MPW,
MPL, and MPS data are extracted. Preprocessing and data
cleaning reduce the data points to 93,612. MPW, MPL, and
MPS data are normalized and synchronized with BN, LN,
TS, and LP, ready for modeling.

Various configurations of linear transfer functions (with
up to three poles), ARX, and Hammerstein-Wiener mod-
els are constructed on the training data. However, their
R-squared values do not exceed 0.432 for any of the out-
puts, highlighting the complexity and nonlinearity inher-
ent in the dataset and associated with the intricacies of the
L-DED/W process. Although some studies indicate that
the relationship between MPW and LP can be effectively
modeled by linear approaches [7, 9], these models fall short
with the new dataset. This dataset, reflecting more complex
behaviors due to increased material deposition and rapid
modifications in process parameters—including factors
like heat accumulation—affects melt pool morphology and
dynamics. In conclusion, these employed models are not
sufficiently flexible to capture the full range of complexities
involved in high-volume builds, thus rendering them inef-
fective for predicting melt pool morphology.

The LSTM model is then employed to model the dynamic
relationship between process parameters and their corre-
sponding signatures. Before modeling begins, sequences

of input data are prepared. The LSTM utilizes past input
parameters to forecast future system outputs, with the ‘time
steps’ indicating the number of past data points considered
for predictions. This hyperparameter, critical to model per-
formance, dictates how far back the network looks to learn
and predict future outcomes. Time steps require careful tun-
ing to optimize model accuracy. Table 3 presents a summary
of the LSTM architecture, hyperparameter fine-tuning, and
the R-squared values obtained on validation data for vari-
ous outputs. In addition, more than 40 other combinations
of hyperparameters—including different selections of time
steps ranging from 10 to 200—were tested but are not
included in the table, as they would make the table exces-
sively long.

According to Table 3, the model with training number
11 outperforms others, demonstrating superior R-squared
values 0f 0.800, 0.909, and 0.821 for MPW, MPL, and MPS
respectively on validation data. This commendable accu-
racy establishes the model as the F; link within the PSQ
framework, and it is subsequently used in further sections.
Figure 6 illustrates the training and validation loss of this
model, highlighting that training is halted at epoch 25 as
continued training does not yield substantial improvements
in validation accuracy.

The model is employed for uncertainty calibration of
the process parameters to identify UCV s* using Eq. 2. A
pertinent question arises: does including uncertainty dete-
riorate model accuracy? This query is addressed by examin-
ing Fig. 7, where the horizontal red dashed line indicates
the R-squared value of the model without any uncertainty
calibration, and the blue solid line represents the R-squared
values on the validation MPS data when different standard
deviations are applied for MCS. The x-axis of the figure
denotes the standard deviation applied to the normalized
data, with 0.1 indicating that the applied UCVs are (0.1,
0.1). It becomes apparent that applying uncertainty cali-
bration not only makes the model more reflective of actual

Table 3 LSTM model architecture and hyperparameter fine-tuning evaluated on the validation data

No. Early stopping, Neurons LSTM Time R-squared

patience layers steps MPW MPL MPS
1 Yes, 10 50 4 80 0.660 0.738 0.813
2 No 50 4 80 0.532 0.512 0.728
3 Yes, 20 50 2 80 0.545 0.501 0.781
4 Yes, 20 50 1 80 0.532 0.667 0.741
5 Yes, 20 50 1 80 0.654 0.672 0.793
6 Yes, 30 100 1 80 0.632 0.663 0.743
7 No 150 1 80 0.305 0.620 0.772
8 Yes, 25 100 1 40 0.716 0.735 0.796
9 Yes, 35 75 1 60 0.758 0.801 0.812
10 Yes, 35 100 1 80 0.676 0.869 0.772
11 Yes, 35 75 1 80 0.800 0.909 0.821
12 Yes, 35 75 1 120 0.698 0.812 0.749
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temporal dependencies within the L-DED/W process. The
model achieves R-squared values of 0.727, 0.826, and 0.821
for MPW, MPL, and MPS, respectively, on the test data with-
out uncertainty calibration—showcasing strong predictive
performance. This is further supported by the close align-
ment between the test data and the LSTM model’s “Pre-
diction without Uncertainty,” which follow similar trends.
The second key takeaway from Fig. 8 is the successful
implementation of uncertainty calibration. Not only did the
R-squared values remain stable, but they slightly improved,
reaching 0.732, 0.831, and 0.834 for MPW, MPL, and MPS,
respectively. This enhancement suggests that incorporat-
ing uncertainty into the model improves robustness without
compromising accuracy. Such robustness is crucial when
designing a controller for the L-DED/W process, ensuring
that the model remains reliable under real-world process
variations.

3.2 Hardness classification model development (F,
construction)

The construction of hardness classification models follows the
procedure outlined in Table 1. Table 4 provides a summary
of the selected features, hyperparameter values, and accura-
cies of notable models evaluated using 5-fold cross-validation.
Hyperparameters are optimized through HPO, while features
are manually selected to evaluate different configurations.
Particularly for the ANN classifier models, it becomes
clear that the model incorporating the five features—LN,
BN, TS, MPL, and MPS—achieves the highest accuracy
(Accuracy = 74.6%). This finding is consistent across differ-
ent model types; for instance, the ensemble model utilizing
these five features outperforms other ensemble models. This
outcome confirms that LN, BN, TS, MPL, and MPS are the
optimal features for classifying hardness with the highest

Table 4 Accuracies of developed hardness classifier models using 5-fold cross-validation

Model Features Hyperparameters Accuracy
(%)
ANN LN, BN, TS, LP, MPW, MPL, Layers and neurons: [3]* 51.5
Classifier MPS Activation: ReLU
LN, BN, TS, MPL, MPS Layers and neurons: [18] 74.6
Activation: Sigmoid
LN, TS, MPL Layers and neurons: [5, 19] 61.9
Activation: Sigmoid
LN, MPL, MPS Layers and neurons: [6, 21, 5] 49.2
Activation: ReLU
SVM LN, BN, TS, MPL, MPS Kernel: Cubic, C=0.76 68.9
Multiclass: One-vs-one
LN, BN, TS, MPL Kernel: Gaussian, 58.8
scale=1.86, C=35.37
Multiclass: One-vs-all
Ensemble LN, BN, TS, MPL, MPS Ensemble method: Bag 68.3
trees Max. number of splits: 16
Number of learners: 18
LN, BN, TS, MPL, MPW Ensemble method: Bag 60.8
Max. number of splits: 24
Number of learners: 15
LN, BN, TS, LP, MPL Ensemble method: Bag 57.7
Max. number of splits: 14
Number of learners: 10
LN, BN, TS, MPL Ensemble method: Bag 52.3
Max. number of splits: 174
Number of learners: 10
KNN LN, BN, TS, LP, MPL Number of neighbors: 56 59.6
Distance weight: Inverse
LN, BN, TS, MPL, MPS Number of neighbors: 47 63.5
Distance weight: Inverse
LN, BN, TS, LP, MPW, MPL, Number of neighbors: 20 60.4
MPS Distance weight: Inverse
LN, BN, TS, MPL Number of neighbors: 130 56.2

Distance weight: Inverse

* [18] = one layer with 18 neurons; [15, 19] = two layers with 15 and 19 neurons, respectively
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Fig. 9 Confusion matrix of the hardness classification model on the
test data

accuracy, aligning with insights from the first part of this
study [8], where MPW and LP were found to lack correla-
tion with hardness or microstructure.

The most accurate model is identified as the second ANN
classifier, which includes one layer and 18 neurons, also
known as the extreme learning machine (ELM) due to its
single-layer architecture.

Figure 9 displays the confusion matrix for the selected
model evaluated on the test data. The dominance along
the diagonal of the confusion matrix indicates the model’s
robust performance. Additionally, the model’s test accuracy,
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calculated as SFL243 x 100 = 75%, closely aligns with
the cross-validation accuracy of 74.6%, suggesting that the
model is not overfitted. While no prior study was found
specifically targeting hardness classification from process
parameters and signatures in additive manufacturing, the
achieved accuracy is promising given the complexity of the
DED process, the inherent uncertainties in thermal history,
and the limited size and balance of the dataset. In particular,
the dataset contains fewer samples in the “High” and “Low”
hardness categories, making classification more difficult
for these minority classes. The current model offers a fast
and lightweight alternative to more expensive multiphysics-
based simulations, which themselves often require exten-
sive calibration and still face challenges in achieving highly
accurate hardness predictions. In this context, a~75% clas-
sification accuracy offers meaningful predictive capability
for guiding PSQ understanding in DED processes.

To further evaluate the influence of selected features,
particularly process parameters and signatures on hard-
ness, and to verify the model’s performance, partial depen-
dence plots of the selected model are illustrated for TS and
MPL in Fig. 10 for both High and Low hardness classes. It
is observed that the likelihood of achieving high hardness
increases with an increase in TS, as evidenced by the rising
classification scores for the high hardness class. This result
is expected and plays a crucial role in controlling hardness.
Similarly, a decrease in MPL correlates with an increase in
the high-class hardness score, consistent with the findings
of the first part of the study [8], where it was shown that
increasing TS, which leads to a decrease in MPL, ultimately
results in higher hardness. These observations highlight the
critical role of MPL as a signature in both modeling and
control. Its inclusion not only improves prediction accuracy
but also enables meaningful interpretation and real-time
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intervention in the process—thereby reinforcing the effec-
tiveness of using process signatures in closed-loop quality
control.

The insights gained from this section are instrumental in
applying MIMO closed-loop control. It becomes clear that
LP and MPW do not play a direct role in the hardness classi-
fication model, as they are excluded from the model, allow-
ing LP to be specifically utilized to control MPW without
impacting hardness. Furthermore, to increase the likelihood
of achieving high hardness, it is advisable to increase TS as
much as possible, provided that this increase does not con-
flict with other process objectives.

3.3 Closed-loop control of L-DED/W process

The RNN-LSTM model is utilized as the F; link and the
ELM classifier as the F, within the PSQ framework, both
integrated into the closed-loop control simulation of the
process performed in MATLAB. A zero-order hold with a
sampling frequency of 30 Hz is also applied to mimic the
data acquisition of a real machine. Both SISO and MIMO
control schemes are simulated, with the results presented in
the following subsections.

3.3.1 SISO closed-loop control of MPW using FLC

Following the integration of the FLC and PI controllers with
the L-DED/W process simulator, as outlined in the closed-
loop control block diagram shown in Fig. 3(b), the integra-
tor gains for the FLC (K; p) and the proportional and integral
gains for the PI controller (K, and K;) are tuned. Optimal
gain values are determined through a grid search aimed at

minimizing the rise time for both controllers, yielding the
following settings:

(Krp, Kp, K1) = (75, 2000, 50000)

Both controllers are then applied to a two-layer, 100 mm-
diameter ring printing simulation to regulate the MPW of
the SISO L-DED/W process. Fig. 11 illustrates a compari-
son between the FLC and PI controllers. The initial MPW
setting is 5.2 mm, adjusted to 5.4 mm mid-way through the
first layer (at 15.7 s) and reverted to 5.2 mm in the middle
of the second layer (at 47.1 s). A disturbance noted at 31.4 s
corresponds to the transition from the first to the second
layer. The controllers’ performance across these scenarios
is compared in three inset plots in Fig. 11, showing both
controllers achieve zero steady-state error and similar rise
times, albeit with some overshoot. Notably, the FLC exhib-
its marginally lower overshoot during the first set point
change (20% vs. 23%) and significantly lower in the second
setpoint change, as shown in the lower right inset plot (10%
vs. 22%). In terms of disturbance rejection (depicted in the
upper right inset plot), the FLC demonstrates quicker set-
tling times, albeit with a slightly higher overshoot.

Overall, the FLC outperforms the PI controller due to its
lower overshoot and shorter settling times. This comparison
underscores the effectiveness of the FLC in controlling the
L-DED/W process, leveraging only a basic understanding of
the process’s positive relationship between LP and MPW. The
distinct behaviors of the controllers during the setpoint changes
highlight the system’s nonlinearity, which poses greater chal-
lenges for the PI controller, especially given the extensive tuning
required when a linearized model of the plant is not accessible.
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3.3.2 MIMO closed-loop control of MPW and hardness
using PSQ and FLC

Following the definition of the FLC structure and the closed-
loop control block diagram for the MIMO L-DED/W pro-
cess developed with the PSQ framework, which is explained
in the methodology section, the rule set of the FLC should
be defined and hence applied to control MPW and hardness.

To establish the rule set, we must first understand the
input-output relationships observed within the system. Con-
sidering the selected features for the F, model and observa-
tions of the first part of this study [8], the following general
rules emerge:

LP and MPW share a positive relationship.
TS and MPW share a negative relationship.
TS and Ry share a positive relationship.

LP and MPW have no direct effect on Ry.

Based on these principles, the rule set for MPW and hard-
ness control is detailed in Table 5, formatted as a matrix.
This matrix outlines 18 configurations of input parameters.
Given that LP and Ry show no direct correlation and LP is
excluded in the F, model, ALP should remain unaffected by
the Ry values. Instead, Eypy and AEypyw primarily influ-
ence ALP, aligning this with the SISO problem framework.
Consequently, the ALP values for the first and second sets of
nine rules mirror those defined for the SISO system. Deter-
mining ATS introduces additional complexity, as it impacts
both Ry and MPW. The adjustment of ATS is primarily
influenced by Ry emphasizing the prioritization of hard-
ness maximization over control efficiency. For instance:

Table 5 The rule set applied to the MIMO FLC

e If Ry is one, indicating a low probability of high-class
hardness, then TS should increase irrespective of its
effect on MPW, setting ATS to five for the initial nine
rules.

o If Ry is two, suggesting high hardness is likely, main-
taining maximum TS could negatively impact MPW
control, especially when E,pyy is positive (seen in Rules
12, 15, and 18). In these cases, reducing TS enhances the
ability to manage MPW effectively without sacrificing
hardness maximization. Since ATS values are unknown
for Rules 12, 15, and 18, their values are respectively set
as variables (r}, 1,, ;) to be optimized.

It is noteworthy that for the remaining rules in the second
set, ATS values are configured to maximize TS while ensur-
ing MPW is effectively controlled.

The FLC structure is now prepared for use in simulations,
pending the identification of defined optimization param-
eters, including rj, r,, and 15, (7; € [1 5],i=1... 3) in
addition to previously defined parameters (rg, Tog Krs, Ky p).
Thus, a total of seven parameters require optimization. The
rule parameters are integers from one to four, and the ranges
for the remaining four parameters are as follows:

0.05 < TE, TAE S 05, ].S KTSv KLP S 100

These ranges are established through trial and error in pre-
liminary simulations. During optimization, GA generates a
set of parameters for each function call, conducts a 10-sec-
ond simulation, during which the sum of absolute Eypy
values is calculated and minimized. The optimal solution
found is:

Rule number FLC Inputs FLC outputs Rule Weight
Eypw AEypy Ryc ALP ATS
Rule 1 1 1 1 1 5 1
Rule 2 2 1 1 2 5 1
Rule 3 3 1 1 3 5 1
Rule 4 1 2 1 2 5 1
Rule 5 2 2 1 3 5 1
Rule 6 3 2 1 4 5 1
Rule 7 1 3 1 3 5 1
Rule 8 2 3 1 4 5 1
Rule 9 3 3 1 5 5 1
Rule 10 1 1 2 1 5 1
Rule 11 2 1 2 2 4 1
Rule 12 3 1 2 3 Iy 1
Rule 13 1 2 2 2 4 1
Rule 14 2 2 2 3 4 1
Rule 15 3 2 2 4 r, 1
Rule 16 1 3 2 3 4 1
Rule 17 2 3 2 4 4 1
Rule 18 3 3 2 5 I3 1
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(e, vh g Kk, Kip, 75, 75, r5) = (0.231, 0.198, 51.2, 74.3, 2, 2, 2)

)

Applying Eq. 5 to the FLC and conducting a 10-second
simulation, the outcomes are depicted in Fig. 12. The ini-
tial plot illustrates a comparison of the controller’s perfor-
mance before and after optimization. Manually selecting
optimization parameters through trial and error would yield
parameters of (0.6, 0.6, 20, 75, 4, 4, 4), which leads to non-
optimized control of the MPW. Conversely, the optimized
results demonstrate substantial improvement, as shown in
the inset plots; the optimized MPW (represented by the
solid red line) quickly reaches the setpoint without any over-
shoot. The sums of absolute errors for the optimized and
non-optimized controllers are 0.07873 mm and 0.1073 mm,
respectively, highlighting the enhanced effectiveness of the
optimized FLC.

Additionally, the manipulated variables during the simu-
lation are analyzed in the second plot. At 2.5 s, the control-
ler’s set point increases, causing a sudden rise in LP to boost
MPW, though LP quickly saturates at its maximum. Despite
this, since Eypy, remains positive, TS decreases (from 13 to
10.5 mm/s) to further assist in increasing MPW. This dem-
onstrates the effectiveness of optimizing rule parameters (r;,
I,, I3). Setting all parameters to value 4 results in a SISO-like

system between LP and MPW with TS consistently at its
maximum, which does not leverage the MIMO system’s
capabilities. Conversely, setting them to 2, as in the opti-
mized results, significantly enhances the MPW control dur-
ing critical moments such as at 2.5 and 7.5 s. It’s important
to note that control over Ry is maintained throughout, even
when TS is reduced at 2.5 s to boost MPW, Ry does not
drop below zero, ensuring the likelihood of achieving high
hardness remains high throughout the simulation.

Another noteworthy observation is that LP does not
stay constant to maintain a constant MPW during deposi-
tion. A comparison of the average LP values between the
2.5-5 s interval and the 7.5-10 s interval, under identi-
cal conditions, shows a decrease of LP from 4106 W to
4084 W. This reduction is attributed to heat accumulation
in the part, which reduces the amount of energy needed to
maintain a fixed MPW over time. This phenomenon is also
evident from the slight decreasing trend in LP observed
between 2.5 and 5 s, despite all conditions and parameters
remaining unchanged. These observations demonstrate that
the L-DED/W simulator accurately captures the physical
behavior of the process, i.e., as time progresses and heat
builds up in the part, less energy is needed to maintain a
stable melt pool.
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Fig. 12 MIMO control of MPW and hardness in the L-DED/W process. Comparison of optimized and non-optimized FLC controllers (top). LP,
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3.3.3 MIMO Control Performance Under Input
Perturbations

After fine-tuning the FLC, white Gaussian noises are added
to the inputs (o rs = 0.3726™7, o Lp = 114.96 W) to
more closely mimic real-world variability. The effectiveness
of our approach is demonstrated in Fig. 13, which displays
the controlled MPW and its pre-set value, MPW,, dur-
ing a 10-second simulation with the uncertainty applied to
the simulator model. The figure also shows the perturbed
inputs (TS and LP), while the third-row plot illustrates that
Ryjc remains above zero throughout the simulation. Despite
some fluctuations, the controller effectively maintains con-
trol over MPW, showcasing the controller’s adaptability and
robust performance even with input perturbations.

Overall, the application of MIMO and SISO closed-loop
control strategies using the PSQ framework and FLC within
the L-DED/W process leads to the following novel achieve-
ments and key findings:

° First demonstration of in situ hardness-oriented
closed-loop control in L-DED/W: This study demon-
strates, for the first time, the successful closed-loop control

of hardness in a laser-directed energy deposition process.
By leveraging the PSQ framework, hardness—an other-
wise unmeasurable final quality during deposition—can
be indirectly monitored and regulated in real time through
melt pool signatures and process parameters.

Validation of FLC for MIMO regulation of geo-
metric and mechanical properties: FLC is shown to be
an effective and robust control strategy for both MIMO
and SISO systems in the L-DED/W process, enabling
simultaneous regulation of deposition width and hard-
ness-related outcomes. Unlike traditional model-based
controllers such as PID or MPC, FLC does not require
an explicit process model and effectively handles the
nonlinearities and uncertainties inherent in additive
manufacturing processes.

Demonstration of the essential role of the complete
PSQ framework for quality control:

The results confirm that the integration of the full PSQ
framework, particularly the F2 link between process
signatures and final quality, is critical for successful
quality-oriented control. Without this link, control per-
formance degrades significantly, leading to steady-state
errors and reduced accuracy, as also evidenced by prior
comparative studies [7].

Travel speed (mm/s)

0.1 i

5

Time (sec)

Fig. 13 Performance of the FLC for MPW and hardness control under uncertainty conditions
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4 Conclusions

This study, as Part 2 of the series, advances in situ monitoring
and closed-loop control for L-DED/W processes by demon-
strating the application of the PSQ framework for MIMO
control of otherwise in situ unmeasurable final qualities.
Multi-objective control of hardness and geometric accuracy
is achieved through three key stages. First, a MIMO LSTM
model is developed for system identification, capturing the
nonlinear relationships between process parameters (power
and speed) and melt pool signatures, outperforming con-
ventional models in predictive accuracy. Second, hardness
is accurately classified using process parameters and melt
pool signatures, enabling real-time indirect monitoring and
control of final mechanical properties. Third, an FLC is inte-
grated with the PSQ models to achieve simultaneous control
of geometry and hardness, surpassing conventional PI con-
trollers and representing the first successful application of
FLC within the PSQ methodology for closed-loop MIMO
control in DED processes.

Collectively, this work contributes by: (1) demonstrat-
ing high-fidelity MIMO system identification using LSTM
networks; (2) showcasing the PSQ framework for in situ
control of unmeasurable qualities such as hardness; and
(3) establishing fuzzy logic control as an effective, com-
putationally efficient strategy for multi-objective control
in additive manufacturing. Future work will implement the
models in real-world systems and generalize the framework
using continuous, geometry-aware features—such as char-
acteristic distances—to better capture heat accumulation,
surrounding material effects, and scan strategy influences,
enabling more robust, adaptive control across diverse depo-
sition scenarios and geometries.
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